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Tailoring interventions to the individual has been hypothesized to improve
treatment efficacy. Personalization of target-specific underlying mechanisms
mightimprove treatment effects as well as adherence. Data-driven personalization
of treatment, however, is still in its infancy, especially concerning the integration
of multiple sources of data-driven advice with shared decision-making. This
study describes an innovative type of data-driven personalization in the
context of StayFine, a guided app-based relapse prevention intervention
for 13- to 2l-year-olds in remission of anxiety or depressive disorders
(n = 74). Participants receive six modules, of which three are chosen
from five optional modules. Optional modules are Enhancing Positive Affect,
Behavioral Activation, Exposure, Sleep, and Wellness. All participants receive
Psycho-Education, Cognitive Restructuring, and a Relapse Prevention Plan.
The personalization approach is based on four sources: (1) prior diagnoses
(diagnostic interview), (2) transdiagnostic psychological factors (online self-
report questionnaires), (3) individual symptom networks (ecological momentary
assessment, based on a two-week diary with six time points per day),
and subsequently, (4) patient preference based on shared decision-making
with a trained expert by experience. This study details and evaluates this
innovative type of personalization approach, comparing the congruency of
advised modules between the data-driven sources (1-3) with one another
and with the chosen modules during the shared decision-making process
(4). The results show that sources of data-driven personalization provide
complementary advice rather than a confirmatory one. The indications of the
modules Exposure and Behavioral Activation were mostly based on the diagnostic
interview, Sleep on the questionnaires, and Enhancing Positive Affect on the
network model. Shared decision-making showed a preference for modules
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improving positive concepts rather than combating negative ones, as an addition
to the data-driven advice. Future studies need to test whether treatment outcomes
and dropout rates are improved through personalization.

KEYWORDS

personalization, relapse prevention, network analysis, expert by experience, depression
and mood disorders, anxiety disorders, child and adolescent psychiatry, shared decision-

making

1. Introduction

Adolescents and young adults with anxiety and depressive
disorders have not only impairments in functioning with a high
burden of disease, but those in remission are also prone to relapse
(39-72% over 12-15 years) (1, 2). How to optimally prevent
relapse in youth remains a question; however, since there is
mild to no depression or anxiety, randomized controlled trials
have been conducted to study relapse prevention in youth (3).
For psychological treatments in general, standardized evidence-
based treatments (EBTs) outperform usual care (ES = 0.25)
(4) and are positively regarded and fairly well-used (5). Yet,
they possess several limitations regarding efficacy (achieving
desired results), efficiency (reusability and modification potential),
and effectiveness (generalizability and feasibility) (6). Regarding
efficacy, using cognitive behavioral therapy (CBT) as an example,
there seem to be ceilings in reaching remission rates for
anxiety (46.8-49.4%) (7) and depression (38-82%) (8) in youth.
Possibly because standardized EBTs, as opposed to person-
specific approaches, assume interventions can target homogenous
clinical symptom profiles between individuals (9). Concerning
effectiveness and efficiency, practitioners have mentioned that
standardized EBTs have difficulty handling more complex cases,
leave little room to individualize in their strict and uniform
structure, and hamper spontaneity and flexibility during treatment
(10). This can lead to dropout in youth with more severe
and enduring mental health problems through demotivation
or iatrogenic harm, which may create pessimism for and
in future treatment (11). Thus, an optimal balance between
efficacious EBT ingredients and effective and efficient tailoring
of treatment to the individual profile of a patient seems
warranted (12).

Personalized interventions concern treatments tailored
to the individual through assessment of pivotal individual
characteristics, adjusting the treatment to the individual based
on these characteristics (12, 13). Examples of personalization
methods are subgroup adaptation, measurement feedback systems,
individualized metrics, predictive analytics, and modularity
(13, 14). Generally, characteristics upon which to personalize are
determined through the findings of prior studies, meta-analyses,
and meta-reviews identifying treatment moderators. These are
baseline or pre-randomization characteristics that interact with the
treatment condition to affect treatment efficacy, thereby informing
which treatment works for whom and under what circumstances
(15). Similar is the creation of a matching factor for treatment
allocation based on patient profile (16), such as the Probability of
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Treatment Benefit and the Personalized Advantage Index (17, 18).
An example of an adjustment factor during treatment is the Trier
Treatment Navigator, in which recommendations for the lowest
dropout risk and optimal treatment are adjusted during treatment
based on warning signal predictors (19). The aforementioned
factors contain characteristics such as baseline symptom severity,
comorbid personality disorder, and prior medication (trials),
as well as gender, employment status, marital status, somatic
complaints, cognitive problems, paranoid symptoms, interpersonal
self-sacrificing, attributional style, and (number of) life events
(17, 20, 21). So far, however, identification of treatment moderators
has borne less robust results (14, 22-24). Furthermore, these
factors and moderators are created retrospectively through
post-hoc simulation techniques for allocation in future studies.
This assumes that participant characteristics and study treatment
protocols are similar between studies, which is not necessarily so
(19, 25). In this study, a prospective personalization method is used
for personalization within the same study, using modularity.

Modular therapy concerns a treatment divided into smaller
blocks (modules) that have partial decomposability (being
meaningful and functional), proper functioning (producing the
intended result), a standardized interface (structured inter-
communication and connection), and the ability to handle
information hiding (encapsulation) (6). As such, compared
to standardized EBTs, a modular approach aims to increase
efficiency and effectiveness through reusability, reorganization,
and adaptability. With these qualities, modularity also strikes
an optimal balance between flexible tailoring through linking
modules and being able to apply known efficacious treatment
ingredients within modules. While sparse, some personalized
modular therapies for anxiety or depression in youth exist,
overall outperforming care as usual and performing similar to
standardized EBTs. One example is the Modular Approach to
Therapy for Children with Anxiety, Depression, Trauma or
Conduct problems (MATCH-ADTC), in which different symptoms
are monitored throughout treatment, and modules aiming at
anxiety, depression, posttraumatic stress disorder, or conduct
problems can be chosen by the therapist, using monitored data as
input for module selection (26-30).

The only studied modular personalized relapse intervention
in youth is the Relapse Prevention Cognitive Behavioral Therapy
(RP-CBT) against depression [Kennard et al. (31); see recent meta-
analysis by Robberegt et al. (3)]. This 8-11-session sequential
intervention includes—after psycho-education—modules targeting
core skills tailored to the residual symptoms—including behavioral
coping, negative automatic thoughts, cognitive restructuring,
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and problem-solving—with optionally additional skill modules—
including emotional regulation, social skills, assertiveness training,
and relaxation training. The tail end consists of a wellness
component, the creation of a relapse prevention and wellness plan,
and three optional booster sessions. All patients start with core
skills, based on which residual depressive symptoms and clinical
issues are prominent. In the case illustration, this was initially
determined by the semi-structured diagnostic interview, the K-
SADS-PL (32), and clinical issues as measured by the Children’s
Hassles Scale (CHS) (33). During the intervention, adjustments
and additional sessions, including additional skills and the content
of the booster sessions, were based on clinical decision-making
with input of the patient using a created timeline. After acute
phase pharmacotherapy, RP-CBT combined with antidepressant
medication management had a lesser risk of relapse and non-
significant dropout rate differences compared to medication
management alone (31, 34).

While the first steps toward personalized relapse prevention
interventions show promising results, there is room for
improvement in other personalized treatment approaches
(14, 22, 35). This is not surprising considering the novelty of
personalization research, even though the concept has roots in
the 1960s (13, 18, 36). Often, theoretical underpinnings that can
improve personalization treatment efficacy remain understudied.
One of these is the module selection procedure for individual
treatment packages based on personalized treatment ingredients
(35). Few protocols offer guidance on how to use, combine, or
overrule collected data in decision-making during the selection
process (37). Studying 20 modular therapy protocols, mostly
anxiety and depression in youth, Venturo-Conerly and colleagues
(37) found that—as with RP-CBT—module selection was mostly
based on baseline assessments (95%), while decision-making
was primarily put upon the primary clinician (100%), less often
accompanied by patient input (40%). The absence of data or
guidance could be disadvantageous as clinical judgment is
not without its fallacies, such as personal preference and bias.
Statistical prediction outperforms clinical prediction with a small
but consistent and reliable effect (38), as it did for treatment
allocation to CBT vs. counseling in depressive adults based on
baseline sociodemographic and clinical predictors (39). Therefore,
how to personalize treatment packages in modular treatment,
especially regarding the integration of data-driven advice in clinical
decision-making, is a question deserving of further examination
(37, 40).

This study describes and critically evaluates the congruency
of a novel multimodal data-driven personalization approach in
the context of StayFine, a modular guided app-based relapse
prevention intervention for 13- to 21-year-old participants in
remission of anxiety and/or depressive disorders (41). During
StayFine, participants complete six modules. Three are a
personalized selection of five modules, with options including
Enhancing Positive Affect, Behavioral Activation, Exposure, Sleep,
and Wellness. The other three are fixed, starting with Psycho-
education and subsequently Cognitive restructuring, and ending
with creating a personal relapse prevention plan based on all
modules. The four-step personalization approach, with each step
indicating separate modules, consists of three data-driven sources

Frontiersin Psychiatry

10.3389/fpsyt.2023.1229713

with feedback rules followed by shared decision-making. The
three sources are as follows: (1) prior diagnoses using a diagnostic
interview, (2) transdiagnostic psychological factors using online
self-report questionnaires, and (3) individual symptom networks
using ecological momentary assessment (EMA). Subsequently,
(4) patient preference is included through shared decision-
making with a trained expert by experience. By implementing
multiple modes of measuring a personalization characteristic, one
potentially increases the robustness of the module selection and,
therefore, the efficacy and efficiency of the personalized treatment
package as a whole as each assessment type has its own benefits
and disadvantages.

The first personalization step was examining the prior
diagnostic classification to consider which module could address
underlying negative residual mechanisms. This is similar to the
case illustration of RP-CBT (31), using both a diagnostic interview
and questionnaires. A diagnostic interview is often used as part
of an anamnesis to determine which form of acute treatment one
requires. It includes the clinically trained view of the assessor, who
can evaluate answers through appended questions, repetition, or
paraphrasing while the interview takes place.

Second, questionnaires were conducted to measure
transdiagnostic underlying mechanisms to be targeted in
specific intervention modules. Questionnaires are time-efficient
and less energy-consuming for the participant compared to
qualitative data gathering, at the cost of potential inter-individual
differences in response distortions such as acquiescence, extremity
vs. moderacy in response styles, negative affectivity bias, and social
desirability (42).

Third, we used EMA with reports of behavior and affect
multiple times per day for multiple days. These individual data
points were then summarized in a contemporaneous network
representing the associations between certain variables within the
individual. Network models are based on correlation between items
and, therefore, variance. Due to inspecting variance, the model
necessitates fluctuation of item scores or presence of a “flow,
focusing on potential causal relationships (43, 44). This concept
is novel and therefore scarce and varies in its operationalization.
In this study, the model focused on associations between the
nodes of anxiety or depression with nodes representing concepts
to target in the corresponding modules. To the best of the authors’
knowledge, this has not been done before in the context of assigning
treatment modules.

Finally, although therapists seem to have a preference to include
patient choice in treatment (45), their input is not often explicitly
involved in the module selection process, or, when it is, with
less guidance on how to do so (37). Perhaps this is because
studies examining the association between patient preference and
treatment response find positive, mixed, and negative results
(18). Shared decision-making, however, decreases dropout through
factors, such as transparency and communication, and both
therapist and patient confidence in treatment (11). Therefore,
shared decision-making based on data-driven advice with clear
instructions instead of merely patient preference might improve the
module selection process.

In this study, we describe a multimodal data-driven
personalization method and discuss the merits and barriers
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(n=2)
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Baseline online questionnaires +
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of this approach. We examine to what extent the three steps of
data-driven personalization give congruent recommendations
for intervention modules compared to one another and the
shared decision of the participant with the expert by experience.
First, we hypothesize that the different sources of data-driven
personalization advice complement one another rather than
replicate. Second, we hypothesize that all data-driven sources of
personalization show more congruence than incongruence with
the modules that were chosen via shared decision-making.

2. Materials and methods

StayFine is a study examining the potential of a personalized
app-based relapse prevention intervention for anxiety and
depressive disorders in remitted adolescents and young adults.
Relapse herein is operationalized as the return of an anxiety or
depressive disorder as defined by the DSM-5 (46). Inclusion started
in December 2019. More detailed information regarding its aim,
screening criteria, and procedure can be found in the protocol
article (41). For the current study, all steps and materials relevant
to the personalization procedure are described below.

2.1. Participants

A total of 74 participants of the StayFine study who were
randomized to the intervention were used in the data analysis
of this study as of April 2023. These comprised mostly female
individuals (89.19%) with ages ranging from 14 to 21 years (M
= 19.11; SD = 1.78) during the time of the first screening (see
Figure 1). All participants had at least one remitted anxiety or
depressive disorder, with no current anxiety or depressive disorder
for at least 60 days (M = 14.90 months, SD = 13.87 months),
as measured with the Kiddie Schedule for Affective Disorders
and Schizophrenia-lifetime version (K-SADS-PL-DSM-5) (47, 48).
The level of residual anxiety symptoms (M = 21.64, SD =
9.71) was measured by summing the anxiety subscales (separation
anxiety disorder, social phobia, generalized anxiety disorder, panic
disorder; total of 31 items) of the RCADS [(49) Dutch translation:
(50)]. In the age group 14-18 years, the mean score was 13.42 for
the summed 31 items in the large epidemiological Dutch study
TRAILS, indicating that the anxiety levels were relatively high in
our sample (51). The current level of depression (M = 5.8, SD =
5.01) was in the “none to minimal depression” range [<10 (52)],
resembling an average Dutch student population of 14-20-year-
olds [M = 5.39, SD = 4.81 (53)], as measured with the BDI [(54)
Dutch translation: (55)]. For a complete flow of this study (see
Figure 1).

The inclusion criteria were Dutch-speaking 13-21-year-olds
in remission of a depressive or anxiety disorder, with no current
anxiety or depressive disorders, no current alcohol or drug misuse,
and no current or prior bipolar disorder (hypo)mania or psychotic
episode(s) as measured with the K-SADS-PL-DSM-5 (47). Finally,
at entry into the study, participants were excluded if they received
psychological treatment more than twice a month, in line with
several other relapse prevention studies (56-60). Descriptive of the
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TABLE 1 Descriptive statistics of the StayFine participants.

Descriptive n (%)
Sex
Female 66 (89.19)
Male 8 (10.81)
Prior disorders?
Depressive disorders only 20 (27.03)
Major depressive disorder 20
Persistent depressive disorder 1
Anxiety disorders only 7 (9.45)
Agoraphobia 3
Generalized anxiety disorder 4
Panic disorder 6
Separation anxiety disorder 1
Social anxiety disorder 2
Specific phobia 0
Anxiety and depressive disorders 47 (63.51)
Major depressive disorder 45
Persistent depressive disorder 5
Agoraphobia 10
Generalized anxiety disorder 29
Panic disorder 20
Separation anxiety disorder 4
Social anxiety disorder 24
Specific phobia 18
Prior treatment
Had prior treatment 62 (83.78)

#As measured with the K-SADS-PL-DSM-5.

TABLE 2 Descriptive statistics of the personalization questionnaire totals.

Descriptive M SD
PANAS (affect)

Positive affect 33.32 5.19
Negative affect 18.54 6.00
MHC-SF? (flourishing) 47.96 10.61
Questions 1-3 11.49 2.20
Questions 4-14 36.47 8.98
SRSQ (sleep reduction) 15.76 3.34

*MHC-SF (flourishing) scores are based on values of question 1-3 and 4-14 separately.

participants included in this study and their mean values on the
questionnaires are depicted in Tables 1, 2.
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2.2. Measures

Several means of personalization were used in the StayFine
study, which in turn made use of several instruments, as
described below.

2.2.1. Clinical diagnostic interview to measure
past anxiety and depressive disorders

The K-SADS-PL DSM-5 (47) is a semi-structured diagnostic
interview conducted to map prior and current anxiety and
depressive disorders in youth according to the DSM-5 (46).
A Dutch translation of an online version was administered to
participants via video call during the baseline assessment of the
study by a trained researcher or research assistant with at least a
bachelor’s degree in psychology or similar. The online version of the
K-SADS-PL-DSM-5 has good convergent and instrument validity,
with eight assessors showing promising interrater reliability on the
screening items of two mock interviews [94 and 96% identical
scoring (61)]. For the personalization procedure, the K-SADS-PL-
DSM-5 was used to establish the presence of past anxiety and
depressive disorders.

2.2.2. Questionnaires to measure sleep quality,
affect, and wellness

Several questionnaires are used during the personalization
process, conducted through online self-report during the
baseline assessments.

To measure sleep, a Dutch version of the Sleep Reduction
Screening Questionnaire (SRSQ) (62), a shortened version of the
Chronic Sleep Reduction Questionnaire (63), was used. A higher
(total) reduction score indicates lower sleep quality, measured over
the past 2 weeks. The SRSQ is a 9-item list with several 3-point scale

» «

answers (such as “no,” “sometimes,” and “yes”). It has good internal
consistency (o = 0.79) and test-retest reliability in adolescents, with
a clinical cutoft value of >17.3 compared to healthy populations
(62). In the current study, the same cutoff value was used as an
indicator of suboptimal sleep quality.

The positive and negative affect schedule (PANAS) (64) was
used to measure affect in the past 2 weeks (65). It is comprised of
two 10 per-item alternating scales that measure positive (PA) and
negative affect (NA) on a 5-point scale (ranging from “very slightly
or not at all” to “extremely”). The Dutch version has good internal
consistency (aNA = 0.83, aPA = 0.79; 66). In the current study,
cutoff values to determine suboptimal affect were scores lower than
30 for the PA subscale and higher than 30 for the NA subscale,
based on averaging the minimum (10) and maximum (49) scores
per subscale.

The mental health continuum-short form (MHC-SF) is
a l4-item questionnaire that measures emotional (3 items),
psychological (6 items), and social (5 items) wellbeing over the past
month on a 6-point scale (ranging from “never” to “every day”)
(66). In StayFine, the Dutch version by Lamers et al. (67) was used,
which was shown to have good internal reliability for the subscales
(e =0.74-0.83) and total score (@« = 0.89), with moderate test-
retest reliability. For flourishing, MHC-SF items 1-3 should include
at least one score of 4 or 5, and on items 4-14 more than 6, to
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indicate healthy flourishing (66). As the cutoff value for advising
the module Wellness in this sample was incorrectly different from
the sub-flourishing threshold for a large subset of the sample, the
hypothetical correct advice is shown in the descriptive but excluded
from the analyses.

2.2.3. Ecological momentary assessment to
measure affect and behavior

The StayFine monitoring is an EMA using a 16-item
questionnaire regarding affect and behavior made available through
the StayFine app (68), depicted in Supplementary material A.
Notifications and optionally alarm clocks were used as reminders
to conduct the questionnaire six times a day for 2 weeks. In
all, 14 items (e.g., “I feel anxious”) were answered on a 0-100
slider scale. One item (“Were you just with someone else?”)
was answered with “yes” or “no.” The last screen has an open
text field for comments. Using the packages ggraph (v1.9.4) (69),
varhandle (v2.0.5) (70), reshape2 (v1.4.4) (71), and dplyr (v1.1.1)
(72) in R (v4.2.2) (73), this resulted in individual contemporaneous
partial correlation symptom networks with 11 nodes: anxious,
sad, angry, stressed, positive affect, fatigue, experiential avoidance,
behavioral avoidance, loneliness, activity investment, and social
company. These networks estimate partial correlations after
removing variables with standard deviations lower than 10 and
excluding partial correlations smaller than 0.3, similar to the 0.25 of
Dobson et al. (74) and others (75, 76). As there is no clear consensus
on a required EMA compliance rate in prior research (77, 78), a
requirement of ~50 out of 84 EMA measurements was adhered to
as the minimum for creating a network (79, 80). The network was
visually shared with the expert by experience, together with a small
script regarding what modules were recommended based on which
connections, to read to the participant (see Figure 2).

2.3. Intervention

The StayFine Guided App-Based Personalized Intervention
Modules are based on preventive cognitive therapy and CBT
ingredients adapted for relapse prevention and consist of psycho-
education, diaries, and assignments. Together, they create an
individual 10-13-week app-based intervention designed to reduce
symptoms and prevent relapse of anxiety and depressive disorders
in adolescents and young adults. Each module consists of psycho-
education, assignments with personalized automatized feedback,
and an optional diary. Guidance, monitoring, and feedback are
given via the app’s chat service by trained experts with experience.
Progression to subsequent parts of modules was only possible after
this feedback. Experts by experience are individuals who have
experienced depressive or anxiety disorders and completed at least
a post-secondary vocational education in which they were trained
to utilize their experience with mental health problems to help
others. A total of six experts by experience were involved in the
study, of whom some contributed to the design of the intervention
and research, including a review of the personalization method and
editing of the personalization script.
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FIGURE 2

Network model example of the StayFine study, reflecting the past 2 weeks.

positive

affect

Each intervention starts with the fixed modules: Psycho-
education, including information on relapse (81), introduction
of the expert by experience, and instructions regarding the
intervention. Cognitive restructuring follows, in which rigid
dysfunctional attitudes and schemas are identified and re-evaluated
through the identification of wishful beliefs that activate positive
affect using phantasy and imagination techniques (56, 57, 82,
83). Afterward, three out of five optional modules are followed
based on the personalization process. In Enhancing Positive Affect,
autobiographical memories of positive affect and memories are
enhanced using a positive diary and affect labeling, practicing
detailed descriptions and positive experiences (56, 57, 82). In
Behavioral Activation, psycho-education is given on activating
oneself to undertake simple pleasurable activities, challenging one
to do them, and evaluating the influence on mood afterward. In
Exposure, psycho-education on anxiety and avoidance is given,
and one is challenged to practice exposure and challenge anxious
beliefs in various circumstances. In Sleep, psycho-education on
sleep is given, together with behavioral, cognitive, and relaxation
exercises and tips to improve sleep quality. In Wellness, psycho-
education and exercises are given to improve upon its different
dimensions (84). The intervention ends with the last fixed StayFine
plan module, in which a relapse prevention plan based on prior
modules and previous experiences is created.

Frontiersin Psychiatry

More details of the intervention and modules are given in the
supplementary material of the protocol article (41).

2.4. Procedure

2.4.1. Pre-personalization procedure

Participant recruitment took place via (social) media, websites,
patient organizations, national mental health platforms, schools,
and colleges. Interested individuals were contacted by phone
for a short screening and verbal information regarding the
research. Upon eligibility, they received written information and
an informed consent for them to sign (including parents if <16
years) within or after a 2-week period. Upon signing, the diagnostic
interview (K-SADS-PL-DSM-5) was performed via video call.
Upon still meeting inclusion criteria, online questionnaires were
sent via e-mail to fill out using Castor Electronic Data Capture
(85). Simultaneously, a phone call was scheduled for instructions
regarding the 2-week EMA, performed six times a day. This
was conducted via the StayFine app, built into the online secure
platform MindDistrict (68). Participants were then randomized
to the StayFine intervention or the control condition. Only those
who were randomized to the StayFine intervention engaged in the
personalization procedure.
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2.4.2. Personalization procedure

For determining the 3 of 5 optional modules per participant,
a multi-modal personalization procedure was applied using four
methods: (1) a semi-structural interview, (2) questionnaires, (3) an
individual network model based on EMA, and (4) shared decision-
making between the participant and an expert by experience. The
first three created data-driven advice that the participant could
choose to deviate from or adhere to in step 4. Each step is
described below.

The semi-structural diagnostic interview (K-SADS-PL-DSM-
5) was used to examine the presence of remitted anxiety or
depressive disorders. The module Behavioral Activation was
advised for a remitted depressive disorder, and Exposure was
advised for a remitted anxiety disorder. If both disorder
types had occurred, both modules were included in the data-
driven advice.

As a second step, the online self-report questionnaires (SRSQ,
PANAS, and MHC-SF) determined whether to advise the modules
Sleep, Enhancing Positive Affect, and Wellness, respectively, using
the aforementioned cutoft values. The measures refer to the last 2
weeks or the past month.

Third, individual symptom networks were created based on
StayFine monitoring. Modules were advised based on the strength
and significance of the associations between the anxiety or sadness
node and different other nodes. These were the nodes: experiential
avoidance, behavioral avoidance, and social company for Exposure,
social company and activity investment for Behavioral Activation,
positive affect, anger, and loneliness for Enhancing Positive Affect,
stressed for Wellness, and fatigue for Sleep. An illustrative example
of a network model is depicted in Figure 2. In this particular
example, the following was communicated:

- At moments you feel anxious, you also experience fewer
positive feelings.
- At moments you feel sad, you also feel more tired.

This lead to advice of the modules Enhancing Positive Affect and
Sleep, because:

- In the module Enhancing Positive Affect, you train detailed
remembrance and recollection of positive events, which may
render you less anxious. -

- In the module Sleep you learn how sleep affects how you feel,
and how to ensure you sleep long and well enough, so that
you may be less tired, which may in turn affect your mood
positively.

By observing the model, the authors say that the modules
Enhancing Positive Affect and Sleep could be interesting for this
individual, because:

- In the module Enhancing Positive Affect, an individual trains
detailed remembrance and recollection of positive events,
which may render them less anxious.

- Inthe module Sleep, an individual learns how sleep affects how
they feel, and how to ensure they sleep long and well enough,
so that they may be less tired, which may in turn affect their
mood positively.
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Then, through an automated process, the data-driven
advice was summarized into a script for the expert by
experience to communicate to the participant. This included
the recommendation of the corresponding module combinations
depicted in Figure 3. If <3 optional modules were advised, all
combinations with the highest number of advised modules were
recommended (e.g., only advice for Behavioral Activation and
Sleep recommended combinations 1 and 3 of Figure 3). When
more than three optional modules were advised, and therefore
multiple module combinations were recommended, interview-
and questionnaire-based module combinations ranked above
combinations including network-based advice. For instance, if
Behavioral Activation, Wellness, and Sleep were advised based on
the questionnaires and Enhancing Positive Affect based on the
network model, module combination 3 in Figure 3 was shown as
the first recommendation and options 1 and 2 as the second.

Finally, the participant decided with the expert by experience
through shared decision-making which three optional modules to
choose in which order. Deviations from recommended module
combinations were possible as they were a form of guidance,
not a rule, in line with prior modular therapy protocols (37). As
can be seen from the figure, Behavioral Activation or Exposure,
or their combination, was always advised to the participant
as the main components of depression and anxiety relapse
treatment, respectively. Since both modules were extensive, when
a combination was advised, the participant was cautioned that
options 7 and 8 were more time-consuming.

After modules and their order were chosen, they were delivered
to the participant by adding them in order to the participant in the
StayFine app. Similar to an online standardized treatment plan, the
expert by experience could then view answers to assignments and
diaries in the app via smartphone or online and give and discuss
personalized feedback. Their comparison falls outside the scope of
this study, however.

2.5. Data analysis

For the data analysis, SPSS (v28) (86) was used to prepare
data, gather descriptive information, and calculate frequencies and
congruence statistics. First, it was calculated how many participants
had to choose options with more or less modules than the interview,
questionnaire, and network indicated, as every participant had to
choose three modules. Subsequently, frequency tables of advised
and chosen modules per personalization step were created. Finally,
two contingency tables were made for (1) congruency between
the data-driven advice sources and (2) how many participants
got a module advised vs. what modules they chose. For the
first contingency table, Pearson’s chi-square analyses with Yates’
continuity correction were performed to examine the association
between the data-driven indications.

3. Results

All data-driven personalization steps combined, Exposure was
recommended to 62 (83.78%) participants, Behavioral Activation to
67 (90.54%) participants, Enhancing Positive Affect to 48 (64.86%)
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participants, and Sleep to 28 (37.84%) participants. Wellness was
recommended to 63 (85.13%) participants, while it should have
been 44 (59.46%) participants. As each participant had to choose 3
of 5 optional modules, 11 (14.86%) participants were recommended
<3 modules and 43 (58.11%) more, based on the data-driven
advice. The frequencies of advised modules based on diagnostic
interviews, questionnaires, and network model indications, and
chosen modules through decision-making, are shown in Table 3.

The frequencies of data-driven advice vs. chosen modules
(and disregarding wellness) seem fairly well distributed based
on the diagnostic interview and questionnaires. The network
model, however, seems to have had a stronger inclination toward
Enhancing Positive Affect and a disinclination toward Sleep and
Behavioral Activation. Regarding shared decision-making, primary
Sleep, but also to some degree Exposure, seems to have been picked
less and Enhancing Positive Affect more.

The congruency between the sources for the data-driven
advice—the clinical interview and questionnaires vs. the individual
symptom network—is depicted in Table 4.

Comparing the diagnostic interview- and questionnaire-based
advice with the network model-based advice (and disregarding
wellness), for Behavioral Activation, no chi-square test was
performed since one cell has a count of 0. The frequencies
show, however, that the network model and diagnostic interview
do not give congruent advice regarding whether to do the
module. For Exposure, the association between the clinical
interview and the network model was insignificant [ ¥x2(1) =
2584, p =
not significantly associated with one another. Regarding the

0.11], meaning the advice between the sources is

questionnaires compared to the network model, Enhancing Positive
Affect [x
that the advice is probably not congruent. No chi-square test

2(1) = 0.850, p = 0.36] was insignificant as well, indicating

was performed on Sleep advice, comparing questionnaires to the
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network model, as one cell has a count of 1, but frequencies show
the module to be mostly not recommended but also much more
often recommended by the questionnaire than the network model.
Due to low cell counts, the results of the chi-square tests have to be
interpreted with some caution.

Contingency tables of chosen vs. data-driven advised modules
are depicted in Table 5.

It should be kept in mind that, by definition, congruency goes
down after each personalization step since recommended module
combinations are somewhat hierarchical. Based on the contingency
table (and disregarding wellness), Behavioral Activation was chosen
congruent with the data-driven advice based on the diagnostic
interview. Exposure was fairly but less congruent, with a more
even spread between cells and the module being more often
not chosen despite the advice. Regarding the questionnaires,
Enhancing Positive Affect seems to have been chosen more often
than recommended, incongruent with the data-driven advice. Sleep
was either picked or more likely not picked congruent with the
data-driven advice. Regarding the network models, Behavioral
Activation seems to have been chosen more than recommended,
and Exposure as often as not is incongruent with the advice.
Enhancing Positive Affect does seem to have been chosen more
congruently with the given advice, although it was also often chosen
even though the network model did not give any inclination to do
so. Finally, Sleep seems to have been rarely advised based on the
network model and more often disregarded than not.

4. Discussion

The limitations of current standardized EBTs have given rise to
a recent surge of attention to treatment personalization. Modular
interventions seem to strike an optimal balance between applying

frontiersin.org


https://doi.org/10.3389/fpsyt.2023.1229713
https://www.frontiersin.org/journals/psychiatry
https://www.frontiersin.org

Kooiman et al.

TABLE 3 Frequency table of advised and chosen modules.

10.3389/fpsyt.2023.1229713

Behavioral Activation 67 (90.54%) -

4 (5.41%)

52 (70.27%)

Exposure 54 (72.97%) -

18 (24.32%) 39 (52.70%)

Enhancing positive affect -

19 (25.68%)

42 (56.75%) 53 (71.62%)

Sleep -

23 (31.08%)

6 (8.10%) 22 (29.72%)

Wellness -

33 (44.59%)

19 (25.67%) 56 (75.67%)

*Based on if the participant did not flourish.

TABLE 4 Contingency table of congruence between advices of different
measurement modes.

Network model

No Yes
Diagnostic Behavioral No 7 (9.45%) 0 (0%)
interview activation
Yes 63 (85.14%) 4 (5.41%)
Exposure No 12 (16.22%) 8(10.81%)
Yes 44 (59.46%) 10 (13.51%)
Questionnaires Enhancing No 26 (35.14%) 29 (39.19%)

positive affect

Yes 6 (8.11%) 13 (17.57%)

Sleep No 46 (62.16%) 5 (6.76%)

Yes | 22(29.73%) 1(1.35%)

Wellness No 30 (40.54%)* 11 (14.86%)*

Yes | 25(33.78%)" | 8(10.81%)"

*Based on if the participant did not flourish.

efficacious EBT ingredients while tailoring the intervention to the
individual profile of a patient. One point to further examine herein
is the integration of data-driven advice and decision-making during
module selection, particularly when advice is multimodal. This
study describes and critically evaluates the multi-modal data-driven
personalization approach of StayFine, additionally examining the
extent of congruency between the three data-driven methods and
shared decision-making.

First, we examined the frequencies of advised and chosen
that the diagnostic
degree the

modules independently. These show

interview—and to a lesser questionnaires—
recommended different modules at a fairly similar frequency.
This was not the case for the network model and shared decision-
making. The network model seemed to favor Enhancing Positive
Affect and not Sleep and Behavioral Activation. Regarding shared
decision-making, Enhancing Positive Affect seemed to be picked
more than advised. The overall variance in data-driven advice
and decision-making preferences shows the potential benefit
of personalization methods combining the two. For instance, a
person with sleep problems based on data could be persuaded to
reconsider the module despite their initial personal reluctance,
thereby improving efficacy. Another person may not need to

improve sleeping habits according to available data and therefore
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does not need to engage in a module that he or she is reluctant
about, potentially improving the attrition rate of the intervention.
Second, our hypothesis was that the different sources of data-
driven personalization advice complement one another rather
than replicate. Thus, we examined the congruence of the advice
of the diagnostic interview and questionnaires vs. the individual
symptom network models. We found no evidence pointing toward
congruency. Questionnaires are prone to capture stable outcomes
over a longer time period, and network analyses are better suited
to capture fluctuating concepts, so this lack of consistency is not
necessarily surprising. Some variables in the network models may
have been more likely to have significant associations with daily
anxiety and sadness than others, since they have larger fluctuations
over the day. For instance, affect is known to have daily fluctuations
linked to mental health (87), while fatigue may fluctuate less during
daytime. Therefore, the module Enhancing Positive Affect may be
recommended more by the network model and the module Sleep
by the questionnaires. Regarding Behavioral Activation, it seems
plausible that a history of depression, as assessed with a clinical
interview, is not per se equal to fluctuations of activity during
remission, making the advice inherently complementary. Given the
incongruency between sources of data-driven advice, this shows
clear guidance and methods for incorporation with one another,
and decision-making seems warranted.
that
recommendations show more congruence than incongruence

Finally, we hypothesized data-driven  module
with the chosen modules via shared decision-making. Results
showed a preference in the decision-making process. The
diagnostic interview was fairly congruent, considering Exposure
and Behavioral Activation are often pitted against one another
in the personalization options (see Figure 3), and 58.11% of
participants had to pick their optional modules from a larger
advised list. The Exposure module was likely the first one to be
dismissed. Based on the questionnaires, the advice was congruent
with the chosen modules regarding Sleep but less so with Enhancing
Positive Affect, which was picked more often. This could be due to
Enhancing Positive Affect, which focuses on positive thoughts and
feelings, whereas low sleep quality and low Behavioral Activation
are problems that need improvement and may therefore sound less
attractive. Perhaps this is also why Sleep—and to a lesser degree
Exposure—was picked less than advised. Especially considering
adolescents often sleep very less (88) and will more often experience
events that disturb good sleep quality, such as parties, which can
create a reluctance to improve upon it. Regarding network-based
advice, the results seem notably incongruent with the chosen
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TABLE 5 Contingency table of advised modules.

Diagnostic interview advised

10.3389/fpsyt.2023.1229713

Questionnaires advised Network model advised

Modules chosen \[e} Yes \[e} Yes
Behavioral Activation No 6(8.11%) 16 (21.62%) - - 21 (28.38%) 1 (1.35%)
Yes 1(1.35%) 51 (68.92%) - - 49 (66.22%) 3 (4.05%)
Exposure No 14 (18.92%) 21 (28.38%) - - 29 (39.19%) 6(8.11%)
Yes 6(8.11%) 33 (44.59%) - - 27 (36.49%) 12 (16.22%)
Enhancing positive affect No - - 19 (25.68%) 2 (2.70%) 14 (18.92%) 7 (9.46%)
Yes - - 36 (48.65%) 17 (22.97%) 18 (24.32%) 35 (47.30%)
Sleep No - - 46 (62.16%) 6(8.11%) 49 (66.22%) 3 (4.05%)
Yes - - 5 (6.76%) 17 (22.97%) 19 (25.68%) 3 (4.05%)
Wellness No - - 5 (6.76%)* 13 (17.57%)* 15 (20.27%) 3 (4.05%)
Yes - - 36 (48.65%)* 20 (27.03%)* 40 (54.05%) 16 (21.62%)

?Based on if the participant did not flourish.

modules. Behavioral Activation was chosen more often, Exposure
as often as not, Sleep was rarely advised and chosen even less, and
Enhancing Positive Affect was chosen congruent with the advice
but also often chosen when not recommended. This could have
been due to network model-based advice being ranked last in
the data-driven advice, therefore being least likely to affect the
chosen modules, considering their incongruency with the other
data-driven sources.

This study shows that, similar to RP-CBT (89), the development
and use of a personalized modular relapse prevention intervention
is feasible. Data-driven advice as a basis for shared decision-making
could prove a possible improvement (38). Note that the current
study focused on the feasibility of data-driven personalization
procedures and did not examine the potential benefits in terms
of treatment outcome or dropout. Future studies should further
examine the efficacy and dropout of personalized modular therapy
using data-driven advice compared to personalized modular
therapy based on clinician decision-making only and standardized
treatment. The benefits should outweigh the costs and efforts
of setting up a personalization procedure, including the patient
burden of filling out questionnaires, the development of an
algorithm, and the training of professionals in discussing date-
driven advice in shared decision-making. Different modes of
personalization giving incongruent advice on the same abstract
concepts tentatively support the idea that different psychometric
properties of measurements might capture said abstract concept
better, which could increase the robustness of the characteristic
(31, 42-44). Yet again, more research is needed with efficacy
comparisons to control groups before giving any conclusive results.

There are several limitations to this research. First, due
to error, the Wellness module was not advised to participants
based on whether they flourished or not, thereby advising the
module more often than was correct (n = 41 incorrectly getting
the advice, n = 11 incorrectly not getting the advice, and n
= 22 correctly getting the advice). This does not necessarily
detract from the intervention’s efficacy, as RP-CBT always includes
a wellness module (89), and the intervention combined with
medication management outperforms medication management on
its own (31, 34). This study is about data-driven personalization;
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however, it could have influenced choosing the Wellness module,
and it was therefore excluded from analyses. Second, regarding
the shared decision-making process, experts by experience were
trained during their education and in StayFine to use their own
experience as a source for prompting participants toward their
own pathway of sustainable recovery while refraining from limiting
recommendations to what worked in their own experience. It
cannot, however, be ruled out that they may have had some bias
toward their own preferences. Third, it should also be reemphasized
that network models necessitate fluctuations in item scores (43, 44).
Therefore, whether the item scores of the nodes were high or low
in general was not used in the data-driven advice. This makes
the assumption that the questionnaire cutoffs compensate for the
lack of examining the absolute scores in network models. This
is not necessarily the case when there is bad convergent validity,
which was not tested. Furthermore, fluctuations of anxiety and
sadness nodes could have been influenced by numerous factors,
including life events, psychotherapy sessions (<2 per month, n
= 4), or daily hassles like quarrels with family or friends. It
currently remains unexamined whether these factors influence
node fluctuations equally. As a fourth point, the questionnaires
used in the personalization method only cover three out of the five
optional modules. Some other candidate questionnaires could have
measured current symptoms of anxiety or levels of (experiential)
avoidance and current symptoms of depression or Behavioral
Activation as indications for advising Exposure and Behavioral
Activation, respectively. Finally, we did not compare our data-
driven approach to the commonly used clinical approach of a
therapist drawing an individual case formulation in collaboration
based on the assessment and narrative of the patient. This is
often used for selecting particular intervention modules for an
individual. There have also been efforts to combine collaborative
case formulations with data-driven approaches [e.g., Burger et
al. (90), Sanford et al. (91)]. Further research will progress the
field to assess the efficiency and effectiveness of decision tools
for selecting modules that are data-driven, therapist-initiated,
or combined.

Future research could focus on the addition of within-
intervention adjustments to StayFine based on feedback, as is done
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in MATCH (26) and RP-CBT (89). While data-driven measures
with this goal are currently not implemented in StayFine, creating
such a feedback system in a relapse prevention intervention could
pose an interesting next step in personalizing relapse prevention
interventions. One fascinating option herein is personalization
of the individual symptom networks through personalization of
the EMAs before and during treatment, as illustrated in a case
study using Therapy-I involving the therapist and patient (92).
In the current study, however, EMA was used with the explicit
goal of advising module selection. Another interesting application
of EMA, which requires longer continuous measurement than
currently done in StayFine, could be the creation of temporaneous
individual symptom network models to show when “critical
slowing down” occurs. This is when recovery of a system after a
disturbance becomes slower, making the critical transition between
dynamically stable states possible (93, 94). Early warning signals
hereof—increased variance, skewness, temporal autocorrelation,
and connectivity—can be used to detect symptom shifts and
therefore help as a personalization tool to adjust an intervention
for optimal outcomes. It can also give new insights into relapse as
a whole, with the network characteristics potentially functioning
as a signal for impending relapse (relapse being the re-emergence
of symptoms following remission but preceding recovery) (95).
Two case studies showed this to be an effective tool in predicting
a large increase in depressive symptoms in adults (96, 97).
Finally, there is no procedure yet on how to operationalize
indicators for reccommending modules. One may use questionnaire
cutoffs based on questionnaire psychometrics (e.g., the PANAS
for affect subscales), more clinical cutoffs (e.g., the SRSQ for
sleep reduction), or non-clinical cutoffs (e.g., MHC-SF based on
flourishing). Compared to acute treatment, where clinical levels
of a disorder seem to be a good indication of starting treatment,
there is more uncertainty when it comes to relapse prevention,
and each option will provide different recommendations. This
also means it cannot be ruled out that the differences between
the current data-driven recommendations were to some extent
due to the specific thresholds used within. If one changed the
questionnaire cutoffs, modules could be recommended more or
less often. Without guidelines or procedures to optimally define
thresholds and algorithms, efficacy tests with different options
can give insights into which indications for which modules
are preferable.

In conclusion, it is feasible to personalize a relapse prevention
intervention by integrating different complementary data-driven
module recommendations into one advice model for shared
decision-making. Data-driven sources do seem complementary to
one another more than confirmatory, although personalization
of Exposure and Behavioral Activation seemed based mostly
on the diagnostic interview, Sleep on the questionnaires, and
Enhancing Positive Affect based on the individual network
model. This warrants clear guidelines on the incorporation of
data-driven advice within personalized modular interventions.
Furthermore, shared decision-making showed a preference for
modules improving positive concepts in mental health rather than
combating negative ones. This shows multimodal personalization
has an additional potential benefit of being able to re-evaluate
chosen modules during decision-making to increase efficacy and
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ignore unnecessary ones to combat attrition rate. However, the
efficacy of this benefit has not been examined in the current study.
Thus, multimodal personalization in modular interventions is a
promising tool and should be prospectively tested for its efficacy.
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