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Overall Abstract

Background Network modeling has become an increasingly popular method of data
analysis within psychology. The appeal of visually displaying relationships between
psychological variables (i.e., individual symptoms) may be explained by its potentials for
use in clinical practice. Most network model studies suggest that future research could have
relevant clinical implications. What that means, concretely, has not been explored in much
depth. One potential avenue towards integrating network models into clinical practice
constitutes providing treating psychotherapists with their patients’ networks, in the form of
feedback. The research of feedback in psychotherapy shows that providing psychotherapists
with more information about their patients most often leads to improved therapeutic
outcomes (i.e., faster and greater reduction of symptomatology). In order to create these
patient-level networks, intensive data collection schedules (e.g., Ecological Momentary
Assessment; EMA), can be used. Methods Providing therapists with their patients’ EMA-
based network models, exploring how these models were utilized, and measuring to what
extent this form of feedback beneficially impacts therapeutic outcomes are the foci of the
TheraNet Project. This dissertation provides first insights into how the TheraNet Project was
developed (Study 1), implemented (Study 2), and perceived by participating therapists
(Studies 3 and 4). In Study 1, an overview of existing EMA methodologies were explored in
an effort to provide guidance for the EMA design within TheraNet. Study 2 provided
detailed information about the finalized design of TheraNet, and included two examples of
patient feedback and their treating therapists’ reactions thereto. Study 3 focused on the
therapists’ first reactions to their first TheraNet patients’ feedback in the context of an
interpretation workshop. Lastly, Study 4 analyzed retrospective focus groups with therapists
who had been participating for a longer amount of time, as a way to understand their use of
the feedback over time/across patients and to gain more insights into potential obstacles to
use. Results Findings indicate that networks may hold value as clinical feedback tools for
therapists, though several suggestions for the networks’ clinical optimization were made too.
Other contextual factors also significantly contributed to the use or non-use of the network
feedback, which should be considered in future research. Conclusions Networks can be
useful in clinical practice, though contextual/systemic barriers may cause problems in the
implementation of these kinds of studies. Quantitative, session-to-session measurement of
therapeutic progress and outcomes within the TheraNet Project are still ongoing and will

need to be interpreted within the context of the results described here.



Allgemeiner Abstrakt

Hintergrund Netzwerk Analysen haben sich zu einer immer beliebteren Methode der
Datenanalyse entwickelt, besonders innerhalb der Psychologie. Die Attraktivitit der
visuellen Darstellung von Beziehungen zwischen psychologischen Variablen (z.B.,
einzelnen Symptomen), l4sst sich zum Teil durch ihr Potenzial fiir den Einsatz in der
klinischen Praxis erkldren. Die meisten Studien zu psychologischen Netzwerkmodellen
deuten darauf hin, dass kiinftige Forschung relevante klinische Nutzen haben konnten. Was
das konkret bedeutet, wurde bisher noch nicht eingehend erforscht. Eine Mdglichkeit zur
Anwendung von Netzwerkmodellen in der klinischen Praxis besteht darin, den/der
behandelnden Psychotherapeut*in die Netzwerke ihrer Patient*innen in Form von Feedback
zur Verfiigung zu stellen. Die Forschung zu Psychotherapie Feedback zeigt, dass die
Bereitstellung von mehr Informationen iiber die Patient*innen fiir Psychotherapeut*innen in
den meisten Fillen zu besseren therapeutischen Ergebnissen flihrt (d.h. zu einer schnelleren
und stiarkeren Reduzierung der Symptomatik). Um diese Netzwerke auf Patient*innenebene
zu erstellen, konnen intensive Datenerfassungsplidne (z.B,. Ecological Momentary
Assessment; EMA) verwendet werden. Methoden Therapeut*innen die EMA-basierten
Netzwerkmodelle ihrer Patient*innen zur Verfligung zu stellen, zu erforschen, wie diese
Modelle genutzt wurden, und zu messen, inwieweit diese Form des Feedbacks die
therapeutischen Ergebnisse positiv beeinflusst, sind die Schwerpunkte des TheraNet-
Projekts. Diese Dissertation gibt erste Einblicke, wie das TheraNet-Projekt entwickelt
(Studie 1), umgesetzt (Studie 2) und von den teilnehmenden Therapeut*innen
wahrgenommen wurde (Studien 3 und 4). In Studie 1 wurde ein Uberblick iiber bestehende
EMA-Methoden gegeben, um eine Orientierung fiir das EMA-Design innerhalb von
TheraNet zu erhalten. Studie 2 lieferte detaillierte Informationen iiber das endgiiltige Design
von TheraNet und enthielt zwei Beispiele von Patient*innenfeedback und die Reaktionen der
behandelnden Therapeut*innen darauf. Studie 3 konzentrierte sich auf die ersten Reaktionen
der Therapeut*innen auf das Feedback ihrer ersten TheraNet-Patient*innen im Rahmen eines
Interpretationsworkshops. Studie 4 analysierte schlieBlich retrospektive Fokusgruppen mit
Therapeut*innen, die bereits seit lingerer Zeit an der Studie teilgenommen hatten, um zu
verstehen, wie sie das Feedback im Laufe der Zeit bzw. iiber mehrere Patient*innen hinweg
nutzen und um mehr Einblicke in mogliche Hindernisse bei der Nutzung zu erhalten.
Ergebnisse Die Ergebnisse deuten darauf hin, dass Netzwerke als klinische

Feedbackinstrumente fiir Therapeut*innen wertvoll sein kénnen, obwohl auch mehrere
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Vorschldge zur klinischen Optimierung der Netzwerke gemacht wurden. Andere
kontextbezogene Faktoren trugen ebenfalls signifikant zur Nutzung oder Nichtnutzung des
Netzwerkfeedbacks bei, was in zukiinftigen Untersuchungen beriicksichtigt werden sollte.
Schlussfolgerungen Netzwerke konnen in der klinischen Praxis niitzlich sein, obwohl
kontextuelle/systemische Barrieren Probleme bei der Durchfiihrung dieser Art von Studien
verursachen kénnen. Quantitative, sitzungsbezogene Messungen des therapeutischen
Fortschritts und der Ergebnisse im Rahmen des TheraNet-Projekts sind noch nicht
abgeschlossen und miissen im Zusammenhang mit den hier beschriebenen Ergebnissen

interpretiert werden.
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1 Theoretical Background

Psychotherapy has been shown to be an effective treatment for a variety of mental
health disorders (Barkham et al., 2021), but some patients still don’t benefit (Hofmann et al.,
2012). Some patients even deteriorate as a result of psychotherapy (Hansen et al., 2002;
Strauss et al., 2021), which therapists are not always able to recognize (Hannan et al., 2005).
In the last 50 years, very little has been identified as potential remedies for these gaps in
treatment effectiveness.

One reason for differences in the effectiveness of psychotherapy among patients, as
well the surprising number of patients who do not benefit from psychotherapy (Hansen et al.,
2002; Strauss et al., 2021), could be that patients differ so greatly from one another. The
most prominent approach to grouping patients remains using diagnostic categories, such as
those in the Diagnostic and Statistical Manual of Mental Disorders (DSM; American
Psychiatric Association [APA], 2013). The diagnostic categories presented in the DSM
cluster patients into discrete but still incredibly heterogeneous groups.

Galatzer-Levy and Bryant showed in their 2013 paper, how many symptom
combinations could result in a post-traumatic stress disorder (PTSD) diagnosis, with over
half a million possible symptom constellations as the answer. This exploration took place
based entirely on the diagnostic criteria listed in different editions of DSM (APA, 2013). In
other words, several other extremely relevant variables that would be relevant to a treating
therapist (i.e., sociodemographic background, mental health history in the family) were not
considered in these analyses, and would undoubtedly lead to much more variability within
the identified 630,000+ unique PTSD symptom profiles.

These findings of extreme variability within seemingly discrete diagnostic categories
are supported by more subjective reports from practicing psychotherapists. Several studies
show that clinicians inherently know that individual diagnostic categories are incredibly
diverse, and that providing quality mental health care for patients requires more information
than just their diagnosis (Hatfield & Ogles, 2007; Jensen-Doss & Hawley, 2010; 2011). In
other words, therapists establish internal “rules” for how they treat their patients in
psychotherapy (Cook et al., 2010). Quantifying and testing these “rules” has been attempted,
but has largely fallen short given its ever-changing and therefore difficult to measure nature
(Barkham et al., 2021). Nonetheless, this intuitive, learned “rule-following” and “-adjusting”
could be reconceptualized as a personalization process, wherein the therapist continually

adjusts their expectations and treatment plans based on their view of the patient. These
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processes undoubtedly also differ depending on the training and supervision experiences of
the therapists, though one study showed that a majority of therapists asked worked
integratively and across therapeutic schools (Cook et al., 2010).

1.1 Psychotherapists’ Achilles heel

This highly complex personalization procedure appears to work well for many cases,
although there are still a large number of cases that do not benefit from psychotherapy
(Barkham et al., 2021). Some patients’ mental health even deteriorates as a result of
psychotherapy (Strauss et al., 2021). For this reason, the detection and prediction of negative
developments within psychotherapy have been thought of as a potential blind spot for
psychotherapists, or their proverbial Achilles heel.

This Achilles heel can be seen in the work of Walfish and colleagues (2012), wherein
therapists were interviewed about their perceptions of their work, and found a sizable self-
assessment bias. Therapists in the Walfish sample estimated, on average, that 85% of their
patients benefit from psychotherapy. Additionally, 90% of the therapists surveyed reported
believing that they belonged to the top 25% of their peers. None of the therapists reported
believing that their patients’ outcomes were below average (Walfish et al., 2012). Of course,
this is not a bias unique to the psychotherapist profession, but a normal human flaw (Bass &
Yammarino, 1991; Dunning et al., 2004; Karpen, 2018).

Not being able to perceive negative developments in psychotherapy represents a
problem, since it does not allow for “course correction” on behalf of the therapist (Bystedt et
al., 2014; Strauss et al., 2021). If problematic developments or reactions are not perceived by
the treating therapist or are not mentioned directly by the patient, the opportunity to resolve
the situation is lost. In this way, a therapist’s blind spot or Achilles heel hinders their
therapeutic effectiveness. Psychotherapy has been shown, at the group-level and across all
patients, to be better than no mental health treatment, though these effects change when
individual differences and the patient-level is observed (Cook et al., 2010). In fact, at the
individual level, approximately 35-40% of patient do not benefit from psychotherapy, with
5-10% of patients’ symptoms worsening (Cook et al., 2010). Given that not all patients
benefit from psychotherapy and that self-assessment bias often hinders psychotherapists
from perceiving non-favorable developments in their patients’ progress, providing therapists

with additional information about their patients is a logical next step.
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1.2 Feedback as a solution

Providing additional information about individual patients to a treating therapist is
one definition of so-called “psychotherapy feedback™ (Barkham et al, 2021). There are
several different approaches to feedback, including what kinds of data are included, how it is
analyzed, and subsequently presented.

Broadly speaking, there are two main strategies to generating patient-level feedback
on an empirical basis (Lutz, Neu, & Rubel, 2019). The first and more well-researched option
is to make use of data sets from patients who have already been treated to predict new
patients’ outcomes, so-called “Big Data”. The other strategy consists of collecting,
analyzing, and presenting intensive time series data from individual patients and
subsequently using or basing predictions on their own data.

Though the latter approach was used in the present dissertation, patient-level
intensive time series data, the vast majority of feedback research is conducted using the “Big
Data” methodology, and is therefore relevant for discussion and contextualization. Within
this “Big Data” approach, there are several analytic methods that can be used, with one of
the more commonly used approaches being the Nearest Neighbors (NN) approach (Lutz et
al., 2005). The NN method originated in avalanche research and was used to predict the
likelihood of an avalanche occurring, based on how similar conditions (i.e., humidity, wind
speed, temperature) were to other days when an avalanche occurred. In essence, the NN
approach for avalanches responds to the question “how many times did an avalanche occur
on the 50 most similar days in the past?” (Buser, 1983).

Transferring this knowledge to psychology and the psychotherapy context, the NN
approach explores how similar a patient is to other previously treated patients (i.e., in age,
sociodemographic variables, initial symptom severity). With that information, NN can then
be used to explore a variety of questions, such as how often did the 50 most similar patients
drop out of therapy, which approaches were used to successfully treat the 50 most similar
patients, and much more (Bennemann et al., 2022; Lutz et al., 2005; Lutz et al., 2015; Rubel
et al., 2020). Using NN and other similar machine learning approaches can effectively
predict patient outcomes (Chekroud et al., 2021). However, several studies also show that
similar complex models do not always outperform simpler regression-based models
(Christodoulou et al., 2019; Espel-Huynh et al., 2021).

The other option, besides “Big Data” approaches, like NN, are the patient-level

intensive longitudinal data sets. These kinds of data sets can be adapted to suit a variety of
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different time frames, including data collection multiple times a day or on a weekly basis,
prior to therapy appointments. The first option, with multiple data collection time points per
day, can be measured with methods like ecological momentary assessment (EMA;
Hehlmann et al., 2021; Trull & Ebner-Priemer, 2009), which will be explained in more detail
in Section 1.3.1.

1.2.1 Routine outcome monitoring as feedback

When discussing feedback, it becomes necessary to discuss when that feedback is
provided to therapists. There seem to be two different options: at the beginning of therapy,
and/or throughout therapy (Lambert et al., 2003; 2005; Lutz, Neu, & Rubel, 2019).
Providing feedback after therapy has concluded may be interesting as well, but does little to
improve the therapeutic outcomes of that particular patient. Pre-treatment feedback will be
discussed in more detail in Section 1.2.2, but the majority of the existing literature is based
on feedback provided on a rolling basis throughout therapy. This format is often called
routine outcome monitoring (ROM; Lambert et al., 2003; 2005).

Lambert and colleagues (2003; 2005; 2018) pioneered these kinds of ROM-based
feedback systems in the United States, focusing primarily on the use of the Outcome
Questionnaire-45 (OQ-45; Lambert et al., 2004). The OQ-45 remained unchanged for
untreated individuals and showed fluctuations in individuals receiving psychotherapy
(Lambert et al., 2004). Based on this data, the Outcome Questionnaire System was
developed (Lambert et al., 2010), which allowed therapists to receive information about how
their patients were progressing throughout therapy in comparison to other similar patients.

Since then, a similar system was established in Germany as well, where ROM is
regularly provided to therapists. This system is implemented at the University of Trier, in the
form of their Trier Treatment Navigator (TTN; Lutz, Rubel, et al., 2019). The TTN allows
therapists to view their patients’ individual trajectories from session-to-session throughout
therapy (Lutz, Rubel, et al., 2019). Included in the TTN is also a prediction of the expected
symptom trajectory throughout the course of therapy and a “critical threshold” indicating
that a patient is significantly deviating from the expected course of symptom development
(Lutz, Rubel, et al., 2019). In this way, therapists are able to monitor, with the guidance
through this critical threshold, whether their patients are “on track” (OT) or “not on track”
(NOT; Lutz, Rubel, et al., 2019).

As mentioned before, a therapist’s ability to perceive and course-correct when

patients veer off course may be inhibited in part by their self-assessment bias (Walfish et al.,
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2012). Systems like the TTN aim to improve the perception of these cases by differentiating
between OT and NOT cases, and subsequently providing therapists with more detailed
information about what areas for an individual patient have been flagged as being NOT
(Lutz, Rubel, et al., 2019). The use of this kind of system for a specific case example is
described in Schaffrath and colleagues’ 2022 paper. Algorithms have also been developed in
order to empirically identify interventions that particularly suit individual patients over the
course of therapy, offering specific modules that fit the patients’ needs (Fernandez et al.,
2017; Lutz, Rubel, et al., 2019). Other systems also prompt therapists to discuss cases in
supervision once patients become NOT (Delgadillo et al., 2018).

These kinds of feedback systems have become increasingly widespread, though their
implementation is strenuous and time-consuming. Much of the existing literature comes
from the United States and United Kingdom, though more German university-based
outpatient centers are beginning to implement them. Beyond Trier, one such system exists in
Greifswald, in form of the Greifswalder Psychotherapy Navigator System (GPNS; Demir et
al., 2022).

There are already many promising results with regards to the effects these ROM
systems can have on patient outcomes, with several naturalistic trials (Bovendeerd et al.,
2021; Byrne et al., 2012; de Jong et al., 2014; Delgadillo et al., 2018; Kendrick et al., 2017,
McAleavey et al., 2021; Simon et al., 2012) and meta-analyses supporting their effectiveness
via small to moderate effect sizes (de Jong et al., 2021; Knaup et al., 2009; Lambert et al.,
2003; Lambert et al., 2018; Lambert & Shimokawa, 2011; Rognstad et al., 2022; Shimokawa
et al., 2010). However, more severe psychiatric diagnoses appear to have a negative effect on
how effective ROM feedback can be (Davidson et al., 2015). Similarly, the majority of
studies reviewed in the aforementioned meta-analyses primarily included moderately
burdened patients and/or patients undergoing shorter therapies. Despite the fact that ROM-
based feedback appears to be consistently helpful for the vast majority of psychotherapy
patients, more research and innovation is required to be able to increase effect sizes and be
more useful for more severely impaired patients.

1.2.2  Pre-treatment feedback

In addition to ROM, feedback can also be provided at intake or at the beginning of
therapy. Pre-treatment feedback may represent one way to boost the effects of ROM and be
more useful for a broader group of patients. One tool used to create some forms of pre-

treatment feedback consists of the so-called Personalized Advantage Index (PAI; Cohen &
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DeRubeis, 2018; DeRubeis et al, 2014). The PAI makes use of a “Big Data” approach in
order to predict how the patient will progress in therapy or which type of intervention is most
appropriate for them (van Bronswijk et al., 2021). Following these kinds of pre-treatment
recommendations has also shown to benefit patient outcomes (Deisenhofer et al., 2018;
DeRubeis et al, 2014; van Bronswijk et al., 2021).

However, providing these kinds of recommendations in clinical practice may only be
semi-helpful for a treating therapist, who may not realistically be able to refer their patient to
a specialist in the PAI-recommended therapeutic approach. In this way, making use of
patients’ own data may be another promising route for creating pre-treatment feedback.
However, newer methods with fewer system-level barriers and drastic implications for
treating therapists are in development and will be described in the section that follows.

1.3 New possibilities in pre-treatment feedback

Advances in technology and statistical analysis methods mean that several new
horizons for pre-treatment feedback have been opened. Since an increasing proportion of the
population have access to internet-enabled smartphones (Pew Research Center, 2021),
making use of this availability for data collection and subsequently producing pre-treatment
feedback is a logical next step. In this way, technological developments have supported the
expansion of pre-treatment feedback: by facilitating time-intensive longitudinal data
collection via ecological momentary assessment (EMA). Advanced statistical methods are
required to wrangle and analyze these complex datasets, including methodologies like
network analysis.

1.3.1 Ecological momentary assessment (EMA)

EMA methodologies involve participants filling out questionnaires over an extended
period of time, sometimes several times per day. Some EMA protocols also include the
collection of physiological measurements or geolocation information (for example, through
wearable fitness trackers). EMA methodology also largely overlaps with other data
collection methods like ambulatory assessment and experience/event sampling
methodologies (Trull & Ebner-Priemer, 2009). For the sake of brevity and clarity, this
dissertation will use EMA as an umbrella term for these methods.

The necessity for the use of EMA methods becomes clear when reviewing papers
such as that of Hehlmann and colleagues (2021). They showed how unique individual
patients’ symptoms dynamics were, particularly in their reactions to stressors. These

dynamics become clear due to the high frequency of the EMA methodology, allowing for the
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measurement of highly time-variable constructs, such as heart rate variability (Hehlmann et
al., 2021).

In fact, many subjectively-rated constructs make sense to measure in these high
frequency schedules, given that their variability has been well-documented, with affect and
emotion regulation being key examples (O’Connell et al., 1998; Solhan et al., 2009). Past
studies have found discrepancies between participants’ responses to cross-sectional or
retrospective questionnaires, in comparison to EMA questionnaires (Ebner-Priemer et al.,
2006; Schuler et al., 2019; Southwick et al., 1997; Stone et al., 1998). This points to a need
to measure constructs, like emotional variability, with appropriate methodologies like EMA.
In many cases, more affective variability can be linked to higher levels of distress (Heller et
al., 2019; Koval et al., 1997) and poorer sleep (Leger et al., 2022). Given how different
patients can be over time, both in their subjective and physiological reactions in everyday
life, using EMA within the psychotherapy context provides an opportunity for insight that
cross-sectional questionnaires on their own do not.

Given how useful this level of information seems, it is unsurprising that EMA has
also been expanded to include intervention modules in so-called ecological momentary
interventions (EMI; McDevitt-Murphy et al., 2018). These kinds of programs hold promise
for expanding on existing psychotherapy services and aiding in the transfer of knowledge
into day-to-day life, as well as intervening “just in time” outside of the therapy room
(Hardeman et al., 2019; McDevitt-Murphy et al., 2018). Specific programs and modules
have been investigated for a variety of diagnostic groups, including those experiencing
psychosis (Bell et al., 2017) and a variety of other health-related concerns (Myin-Germeys et
al., 2016). However, there are other ways in which EMA can be made clinically useful.
1.3.2  Network models

EMA data can also be used to create network models of psychopathology. Network
models visually portray relationships between variables in a two-dimensional space, making
use of tenets from graph theory and data visualization (Bondy & Murty, 1976). Network
models consist of nodes and edges: Visually speaking, nodes represent points/circles or
vertices, while edges refer to the lines that connect them (Bondy & Murty, 1976). In network
models of psychopathology, nodes typically consist of individual symptoms, while edges can
represent the correlations or regression coefficients between them, among other options

(Borsboom, 2017; Hofmann et al., 2016).
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The exact metric used (i.e., a partial correlation or regression coefficient) to model
the network’s edges varies depending on the analytic method. Depending on the metric,
edges may also include arrows to depict directed effects. Networks with directed effects in
them are sometimes referred to as time-lagged networks. Though these directed models may
imply that the relations between particular nodes are causal, these interpretations should be
viewed with caution. Though directed effects may reflect underlying causal mechanisms and
help build causal hypotheses, they should not be treated as confirmation thereof (Borsboom
et al., 2021; Haslbeck et al., 2019).

If calculating directed effects is not the goal or not possible, as is the case in partial
correlation networks, the edges do not contain arrows and are referred to as undirected
(Bondy & Murty, 1979). These undirected networks can be referred to as contemporaneous
networks, and can also be calculated for time series data by calculating partial correlations
over all observed time points. The strength and valence of each edge is also visually
represented through its color (green/blue representing a positive relation) and thickness
and/or opaqueness (thicker/opaquer representing a stronger relation; Bondy & Murty, 1976).
1.3.2.1 Nomothetic vs. idiographic approaches

In addition to variations in what metrics can be visualized in a network, there are also
two different approaches to network modeling more generally: nomothetic and idiographic
approaches. The first of these two, the nomothetic approach, is the most common in the field
of psychology and public health. Nomothetic research and network models aim to identify
trends at the group level, finding average patterns across multiple people and groups
(Lamiell, 1998). The second approach, idiographic, focuses on the individual level
(Molenaar, 2004). In idiographic research and network models, data collection
methodologies are often personalized to best suit an individual (Lamiell, 1998). Idiographic
network models are also typically shared in a single case format (Fried & Cramer, 2017).

Of these two approaches, the idiographic alternative aligns more closely with the
goals of personalized medicine and person-centered therapies (Hayes et al., 2016; Schiepek
et al., 2015). However, being able to make inferences across multiple participants has more
sweeping implications. Since both approaches present benefits for transferring knowledge to
clinical practice, finding a middle ground between the two may represent the ideal
compromise. This can be done by aggregating idiographic data in order to perform
nomothetic analyses (Hofmann et al., 2016) or by mixing standardized and personalized

methodologies (Beltz et al., 2016; Gates & Molenaar, 2012).
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1.3.2.2 Clinical theories within the network methodology

Regardless of which approach is taken, there has been an increasing interest in
building clinically relevant theories based on network methodology, such as critical
thresholds and network destabilization (Hofmann et al., 2016; Robinaugh et al., 2016). In
both of these theories, the assumption is that regardless of whether or not a person is
mentally ill, different states and/or symptoms interact as a network. Networks of mental
health and mental illness seek stability and do not change easily, especially in highly
interconnected networks. Changing or “toppling” a network of mental illness would require
a large amount of effort, similar to pushing a ball up a hill in hopes of reaching a peak that
leads to the next valley (Robinaugh et al., 2016; Scheffer, 2010). In this analogy, the valleys
represent different, stable states at which the network can rest without automatically
rebounding to the state before (Scheffer, 2010).

Network destabilization theory posits that pushing the ball up that hill requires
several considerable changes within the network, leading to a destabilization of the network
structure and thereby forcing it into a new, alternative stable state (Scheffer, 2010; Wichers
& Groot, 2016). Approaching this point of destabilization becomes noticeable through
critical thresholds. Critical thresholds represent metaphorical tipping points, which are
followed by major changes to the network structure. Critical thresholds are said to be
preceeded by critical slowing down, wherein networks rebound to their original state more
slowly than before (Scheffer, 2010; van de Leemput et al., 2014; Wichers & Groot, 2016).
This can be reflected in increased autocorrelation across time (Hofmann et al., 2016;
Scheffer, 2010).

More research on the extent to which the destabilization of networks is possible and
how critical threshold can be identified is needed. However, it is assumed that destabilization
can consist of psychotherapeutically treating various nodes within a network, removing
external stressors, and activating positive nodes within patients’ networks.
1.3.2.3 Network-based tools to guide clinical decisions

It is also common, in network models of psychopathology, to calculate metrics that
summarize individual nodes’ so-called “centrality” within the network overall (Borsboom,
2017). One typical example of a centrality metric within undirected networks is “strength”,
which summarizes how many nodes another node is connected to and how strong the
corresponding edges are in absolute terms (Bringmann et al., 2019). Using centrality metrics

allows viewers of these visualizations to more quickly understand which individual nodes, or
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individual symptoms in psychopathological networks, may be most important. In this way,
centrality measures may hold promise for helping to identify which symptoms to target first
or most intensely in a psychotherapy context (Rodebaugh et al., 2018; Rubel et al., 2018).
However, these kinds of interpretations must be done cautiously and with much
consideration for what analytic strategy was used and without jumping to causal conclusions
(Bringmann & Eronen, 2018).

Difficulties in the interpretations of these complex models and their centrality metrics
represents a considerable hurdle in integrating them into clinical practice. Additionally, just
because a node is flagged as having high centrality does not automatically mean it can easily
be intervened on (Haslbeck & Fried, 2017). For example, if financial strain plays a
significant role in the development of someone’s psychopathology, the amount of
appropriate psychotherapeutic interventions are extremely limited and can only target the
problem indirectly. Additionally, even if a highly central node is well-suited for intervention,
like “poor sleep hygiene”, it does not necessarily mean that treating it and thereby removing
it from the network will sufficiently destabilize and eventually dissolve the remaining
psychopathology (Haslbeck & Fried, 2017).

Few studies have investigated whether network models are intuitive enough for non-
expert researchers to interpret. Even amongst researchers, the danger of overinterpretation is
large and has been reiterated several times (Bringmann et al., 2019; Bringmann & Eronen,
2018; Fried & Cramer, 2017; Terluin et al., 2016). It is therefore essential, if shared with
clinicians not well-versed in network modeling and associated statistical specificities, that
support for network interpretation is provided.

Despite these challenges, several research groups have begun to explore how network
models could be made useful in clinical practice. Von Klipstein and colleagues (2020)
explored how personalized network models could support psychotherapists in building their
case conceptualizations. Kroeze and colleagues (2017) describe a case example, wherein the
patient’s own network model was discussed in a therapy session as a form of mutually
constructed and validated case concept and psychoeducation. A similar case example is also
presented by von Klipstein and colleagues (2023), wherein therapist and patient co-construct
a suitable interpretation of the patient’s personalized network model, with the guidance of an
expert researcher. In their 2019 literature review of network methodology, Contreras and
colleagues summarize that centrality measures are conceptualized as a way to guide which

symptoms to prioritize intervening on, as a way to provide direction for therapy planning.
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This echoes the assertions of Rodebaugh and colleagues (2018), that influential nodes may
represent promising treatment targets. Though many of these projects are still ongoing, they
demonstrate that network models can have specific clinical uses, despite statistical and

methodological challenges.
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2 The TheraNet Project

2.1  Objectives

The aims of the TheraNet Project (Hall & Rubel, 2020) were manifold, but focused
on the design and implementation of EMA-based, patient-level, pre-treatment network
feedback and how therapists perceived and subsequently used the feedback. In the long term,
and beyond the scope of this dissertation, the project also aims to quantitatively model
potential differences between the intervention group, for whom EMA-based feedback was
produced, and the control group (who received treatment as usual, TAU, with no feedback).
The overarching objectives of the project were to explore the extent to which network
models could potentially help therapists tailor therapy to individual patients, shorten their
therapies, contribute to lowering drop-out rates, and be related to greater decreases in
symptomatology compared to TAU.

Given that this was a large-scale project, the papers presented in this dissertation do
not cover all of the aforementioned research objectives. However, the papers presented here
aim to provide detailed information about the preparatory research done prior to TheraNet’s
launch, present the rationales behind key study design decisions, and give qualitative
insights into therapists’ perspectives on the EMA-based network feedback at the beginning

and at the end of patient recruitment.

2.2 Stages of the TheraNet Project

Given the complexity of the TheraNet Project, a more specific chronologic
description of the project’s many stages will follow. This includes the preparatory stages
prior to the beginning of data collection. The first two stages of the TheraNet Project were
(1) preparation, in the form of researching and building rationales for the project’s design
and (2) preregistration, clearly stating and openly sharing the aforementioned rationales for
the final design of the project.

What followed was (3) the implementation phase, which required the recruitment and
onboarding of therapists and their patients. Therapists were recruited on a rolling basis, as
they began working at the outpatient training center, and their patients were recruited within
the first 5-6 weeks of therapy (a phase referred to in Germany as the “Probatorik™ or
probationary phase, used primarily for diagnostic procedures and paperwork). Patients were
randomly assigned to either a control group, who were not required to fill out any additional
questionnaires and received treatment as usual, or an intervention group, who underwent 2

weeks of EMA data collection that was then used to create feedback. Each day, intervention
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group patients were prompted 4 times per day to fill out the EMA. In order to produce the
feedback, at least 44 of the 56 total data collection time points needed to be completed. The
resulting feedback contained a contemporaneous network model, a line diagram of patient-
reported sleep quality, and a list of patient-reported difficult experiences. When the
participating therapists’ first intervention group patient successfully completed their EMA,
thereby producing feedback, they were provided with a 1-on-1 workshop whereby they were
to learn how to interpret the feedback.

The following stage is still ongoing, and consists of (4) the routine outcome
monitoring of both control and intervention group patients using a session-to-session
symptom severity measure. The final stage consisted of (5) retrospective focus groups
among a subgroup of the participating therapists. All participating therapists were invited to
take part and share their experiences within the project, including but not limited to how they
did/did not use the feedback, what hindered them from being able to use it more effectively,

and how they would alter the feedback to make it more clinically useful.

2.3 Aims of the individual studies

This dissertation includes several important findings from the TheraNet Project, each
connected to different stages of the study. Figure 1 depicts how each of the studies relates to
the aforementioned stages.

Study 1 was based on the first stage of the TheraNet Project, which focused on
preparation of the research design. In Study 1, we present an extensive systematic review of
how the EMA methodology has been used to study symptoms of depression and anxiety. In
search of standard practices to adhere to in the TheraNet Project, we instead found a large
amount of heterogeneity in EMA design, which provided little guidance in the conception of
the TheraNet EMA design specifically. One major finding from Study 1 was that a large
portion of published EMA studies did little to describe the methodology used, reducing the
reproducibility of this type of research.

In that way, Study 1 led to the aims of Study 2, a proof of principle paper that aimed
to provide detailed descriptions and explanations for the design of our study, along with two
illustrative examples. In the spirit of open science, Study 2 therefore aimed to boost the
transparency and reproducibility of the TheraNet Project, describing in depth how the study
was designed and the empirical basis for each decision. The examples were added to the
paper, presenting the feedback of two intervention patients and their treating therapists’

qualitatively assessed reactions thereto, in order to aid the readers in their comprehension.
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Figure 1. How each dissertation study relates to the stages of the TheraNet Project.

The two qualitatively assessed therapist responses briefly described in Study 2 are
then described in their entirety in Study 3. As mentioned previously, therapists were given a
1-on-1 workshop based on their first intervention patient’s feedback. In these workshops,
therapists were trained in the interpretation of the network model, the sleep diagram, and list
of difficult experiences. The workshops were divided into two parts. First, didactic questions
were posed, followed by explanations of the visualizations, their interpretations, and their
limitations. Second, concrete use suggestions were provided for how to make use of the
visualizations. This division of the workshop is important because the aim of Study 3 was to
explore the intuitive therapists’ ideas for using the feedback prior to receiving concrete
suggestions.

Lastly, Study 4 aimed to capture therapists’ experiences later on in the study, after
they had received the workshop. These therapists were invited to participate in retrospective
focus groups with other therapists, to discuss how they used the feedback (and if not, why).
The focus groups also aimed to explore any way their patients’ participation in TheraNet

influenced the therapeutic relationship.
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3 Studies 1 — 4
3.1  Study 1

Hall, M., Scherner, P. V., Kreidel, Y., & Rubel, J. A. (2021). A systematic review of
momentary assessment designs for mood and anxiety symptoms. Frontiers in Psychology,

12, 642044. https://doi.org/10.3389/fpsyg.2021.642044

Background Altering components of ecological momentary assessment (EMA) measures to
better suit the purposes of individual studies is a common and oftentimes necessary step.
Though the inherent flexibility in EMA has its benefits, no resource exists to provide an
overview of the variability in how convergent constructs and symptoms have been assessed
in the past. The present study fills that gap by examining EMA measurement design for
mood and anxiety symptomatology. Methods Various search engines were used to identify
234 relevant studies. Items administered, data collection schedules (i.e., beeps per day),
response scales (i.e., Likert), data collection platforms (i.e., apps), and psychometric
properties (i.e., reliability) were extracted. Results Study designs varied greatly in all aspects
across the identified papers. Over 4,600 extracted items were qualitatively analyzed,
resulting in the identification of 12 themes. The most EMA items focused on affect, with
categories such as “happiness” and “tension” appearing most frequently. We provide all of
our data extraction in the format of an open-source database. Limitations Despite our best
attempts to include as much of the relevant literature as possible, this review and the
accompanying database are not exhaustive, but can easily be built upon to include other,
newer studies. Conclusions The fact that the affect theme featured both positive and
negative emotional constructs highlights the dichotomous focus on valence and affect within
the literature surrounding anxious and depressive symptomatology. We hope that our
database will act as a helpful design decision-making resource for researchers studying this
kind of symptomatology in the future. Systematic Review Registration PROSPERO
(CRD42019139409).
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3.2  Study2

Hall, M., Wagner, A. A., Scherner, P. V., Michael, K. L., Lawyer, G., Lutz, W., & Rubel, J.
(under review). Using personalized assessment and network model feedback in
psychotherapy: Proof of principle for the TheraNet project. Cognitive Therapy and

Research.

PsyArXiv Preprint available at https://psyarxiv.com/8deyj/

Background Providing therapists with feedback about their patients has been shown to be
beneficial in several ways. Network models may provide a novel way to depict individual
patients’ symptomatology. Ecological momentary assessment (EMA) methods are often
used, so that a patient-level database can be used for the necessary calculations. Methods
TheraNet is an ongoing mixed methods randomized control trial (RCT) at an outpatient
psychotherapy center. Within TheraNet, therapists receive pre-therapy, EMA-based
feedback about individual patients (including a network model) and a training on its
interpretation. These trainings were qualitatively analyzed. Results The present study
summarizes therapists’ reactions to their first TheraNet feedback, shows two case examples,
along with the corresponding therapists’ reactions to these cases. These findings serve a first
insight into this ongoing pragmatic RCT. Overall, therapists viewed the feedback positively
and as having a multitude of possible uses. Additionally, some therapists voiced critiques or
points for further improvement. Conclusions Network model feedback appears to be a
valuable additional source of information for therapists, though its impact on treatment
requires further research. Therapists varied in how they reacted to and planned to use the

feedback, though all agreed it was insightful. Data collection for this project is ongoing.
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3.3  Study 3

Wagner, A. A., Hall, M., Scherner, P. V., & Rubel, J. A. (under review). If you give a
therapist a network: A qualitative analysis of therapists' reactions to their patients’ EMA -

based network models. Clinical Psychological Science.

PsyArXiv Preprint available at https://psyarxiv.com/hqyft

Background Network models hold much promise for use in the form of personalized
feedback, which the TheraNet Project aims to investigate. In the present study, we share
therapists’ first reactions to patient network models. Methods Therapists (N = 24) were
taught to interpret the network models based on their patient’s data. They were provided
with concrete use suggestions at the end of the workshop. The workshops were analyzed
using descriptive qualitative content analysis. The resulting codes were then grouped
thematically. Results Themes included “case conceptualization”, “study design”, “therapy
planning”, and “psychoeducation”. Before the concrete suggestions, therapists most

frequently mentioned codes belonging to “case conceptualization”. After the suggestions,

“psychoeducation” codes were mentioned most frequently. Conclusions Therapists

intuitively connected network models to case conceptualizations. Once concrete suggestions

were provided, therapists more frequently discussed networks as psychoeducative tools.

28


https://psyarxiv.com/hqyft

34 Study 4
Hall, M., Lappenbusch, L., Wiegmann, E., & Rubel, J. A. (under review). To use or not to
use: Exploring therapists’ experiences with pre-treatment EMA-based personalized feedback

in the TheraNet Project. Administration and Policy and Mental Health Services.

PsyArXiv Preprint available at https://psyarxiv.com/xjb8m

Background Using idiographic network models in psychotherapy has been a growing area of
interest. However, little is known about the perceived clinical utility of network models. The
present study aims to explore therapists’ experiences with network model-based feedback
within the context of the TheraNet Project. Methods Therapists who had received network-
based feedback were invited to retrospective focus groups. The focus group questions related
to how participation in the study influenced the therapeutic relationship, how the networks
were used, and what might improve their clinical utility. The transcribed focus groups were
analyzed descriptively using qualitative content analysis. Results Most therapists mentioned
using the feedback to solidify their case concept, while fewer therapists discussed the
feedback directly with the patients. Several barriers to using the feedback were discussed, as
well as various suggestions for how to make it more clinically useful. Many therapists
reported skepticism with regards to research in the outpatient training center in general,
though they were also all pleasantly surprised by being involved, having their opinions heard,
and showing a readiness to adapt research to their needs/abilities. Conclusions This study
highlights the gap between researchers’ and therapists’ perceptions about what useful
feedback should look like. The TheraNet therapists’ interest in adapting the feedback and
building more informative feedback systems signals a general openness to the
implementation of clinically relevant research. We provide suggestions for future
implementations of network-based feedback systems in the outpatient clinical training center

setting.
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4 Discussion

4.1  Summary of study results

Overall, this dissertation summarizes several stages of TheraNet, providing several
insights into this innovative project. Study 1 shows how diverse EMA design can be, and
pointed out how important transparent reporting is. Study 2 responds to this appeal for
transparency from Study 1 by presenting the full design, alongside illustrative examples, for
the TheraNet Project.

In Study 3, therapists’ first reactions to the TheraNet feedback were summarized, and
showed that all therapists included could successfully interpret the network models. They
also discussed several ideas for the network models’ uses before being prompted to do so,
and focused primarily on using them as case conceptualization tools. After receiving concrete
suggestions for possible uses of the networks, therapists reported a particular interest in
discussing the networks with their patients (as a form of psychoeducation).

Lastly, in Study 4, therapists retrospectively reported their experiences in the
TheraNet Project. Despite all therapists voicing an interest in discussing the networks with
their patients, Study 4 showed that only some of the therapists reported being able to use the
network effectively in-session. Though many reported using the networks as a tool to
corroborate their case conceptualization, they also discussed many barriers to discussing the
networks with their patients, such as prioritizing the therapeutic relationship over using the
feedback, and allowing patients to more actively influence the session agendas. Overall, the
final study of this dissertation highlights the need to consider the context in which the
TheraNet Project data was collected: Within trainee psychotherapists and within a flexible
naturalistic study setting.

4.2 Discussion in light of current literature

Overall, the TheraNet Project and associated papers presented in this dissertation
represent an important milestone in improving the transparency and reproducibility of EMA -
based studies. The recent literature surrounding psychopathological networks has been
booming, often highlighting their potential applications for clinical practice. However, the
direct investigation of the clinical utility of network models in naturalistic settings has been
limited. The TheraNet Project presents an example for how studies looking to investigate the

clinical utility of network-focused pre-treatment feedback can be implemented.
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4.2.1 A need for more transparency

Study 1 highlighted a need for increased transparency in EMA research, which is
mirrored in projects such as the ESM Item Repository (Kirtley et al., 2021). Measurement
plays an important role in designing solid research designs, and seemingly small details can
have an impact on how participants respond to questions (Flake & Fried, 2019). Another
challenge in measurement is that the use of Likert scales may obfuscate multimodal
distributions which, when averaged, disappear entirely (Haslbeck et al., 2022). Therefore, it is
important to carefully consider the design decisions involved in EMA studies, as well as the
intentions driving these decisions. That is what Study 1 aimed to build for the TheraNet
Project.

The final design decisions were then presented and explained in Study 2 in an effort
to improve transparency and in hopes of encouraging future replication studies. Replication is
important given the replication crisis wreaking havoc within the field of psychological
research (Flake & Fried, 2020; Oberauer & Lewandowsky, 2019), with several seminal
findings not replicating. These non-replications signal that original studies may have
published significant results that are, in actuality, statistical exceptions. Overall, replication is
extremely important for strengthening the evidence across disciplines, but especially in
psychology (Flake & Fried, 2020; Oberauer & Lewandowsky, 2019).

4.2.2  Network models of psychopathology

Though TheraNet, as presented in Study 2, represents an important milestone in
investigating the clinical utility of network models, other similar studies have begun to appear
(Burger et al., 2019; Kroeze et al., 2017; Lutz, Rubel et al., 2019; Riese et al., 2021; von
Klipstein et al., 2023). Several other studies have also studied psychopathology in general.
Though several of these papers draw clinical inferences, they did not directly investigate the
effect of using a network in a clinical context.

Robinaugh and colleagues (2016), for example, investigated the centrality of nodes
within complicated grief networks and simulated interventions on specific nodes. Their
findings suggest that this approach holds promise, and that emotional pain and feelings of
emptiness play a particularly important role in complicated grief networks. However, these
findings were based on data simulations, and are therefore limited in their generalizability to
naturalistic, real-life therapy settings. Blanken and colleagues (2019), on the other hand,
investigated whether direct connections could be found between treatment and specific

symptoms in nomothetic networks of insomnia and depression. They measured symptoms
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before, during, and after treatment and included a binary treatment node in the network
models in order to investigate how and to what extent specific symptoms were affected by
treatment (Blanken et al., 2019). However, in this example, the networks were used as a tool
to model the effects of a therapy program, and not as a pre-treatment feedback tool for
therapists’ use. Despite the fact that there are differences in the design and use of networks in
these specific studies, they mirror important aspects of interest mentioned by therapists in
Study 3: how does therapy influence specific nodes in a network or how can I make use of
the network to identify where to intervene?

Network models can also be created using methods other than EMA. One example of
this kind of method involves people drawing perceived causal graphs of their subjective
experiences and how they relate to one another. This method is often referred to as the
perceived causal relations (PCR) method (Frewen et al., 2012). Using PCR allows
participants to visually represent their own conceptualization of their problems and how they
relate to one another. Klintwall and colleagues (2021) adapted PCR to be more clinically
relevant, dubbing it the models perceived causal networks (PECAN). PECAN models for
depressed adults varied greatly, though some symptoms were mentioned frequently across
participants (i.e., rumination). When presented to clinicians, these models were judged to be
clinically useful by the vast majority (Klintwall et al., 2021). However, PECAN and other
network models have only rarely been directly integrated into routine care, with TheraNet

being one of the first to do so.

4.2.3 Clinically used network models

One example of a more long-standing project that integrates network models into
clinical practice and mirrors many aspects of the PCR method has been pioneered by
Schiepek and colleagues (2015), wherein a systemic approach is taken for mapping the
connections between different symptoms, problem areas, and resources. One key difference
in the approach taken by Schiepek and colleagues (2015), is that patients and therapists
establish the variables (including but not limited to symptoms) and their relationships
collaboratively. All the aspects identified in the resulting visualization are then added to a
patient-specific questionnaire, which the patient then fills out as EMA. The resulting data are
then used to identify systems within the patients’ networks, which may be hindering them or
benefiting them (i.e., learning processes, healthy behavior patterns). In this approach, the

networks and systems identified within them, play a central role in the therapy that follows.
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Many of these studies suggest that network models could be used to either help
understand patients’ experiences with mental illness and/or suggest that networks could be
used to identify appropriate treatment targets. Wittenborn and colleagues (2015)
collaboratively developed maps of patients’ depressive symptoms, explored potentially causal
feedback loops in an approach similar to Schiepek and colleagues’ (2015). They found a
large amount of variability between patients, particularly when it came to the focus of
feedback loops. These idiosyncratic feedback loops existed across patients, but varied in their
content, and could aid in understanding the etiology of individual patients’ depression and
could thereby guide treatment (i.e., by targeting more prominent feedback loops; Wittenborn
et al., 2015). These two research groups show how networks can be created and used in
clinical practice, with more involvement from the patients and therapists.

In comparison to the two approaches discussed above, TheraNet represents a more
simplified approach to integrating network models in clinical practice. In Study 3, therapists
discussed several potential uses for the network models, both before and after the concrete
suggestions. The ideas discussed by therapists in Study 3 also overlap with the uses in other,
more simplified integrations of network models in practice: Kroeze and colleagues (2017)
used network models as a form of psychoeducation with a related intervention; von Klipstein
and colleagues (2020) highlighted uses of networks for case conceptualization. Both of these
uses from other studies were also mentioned by therapists prior to receiving concrete
suggestions in Study 3.

Though network centrality measures have not yet been used to test the effectiveness
of treatment planning, several papers mention this as a potential use (Fisher et al., 2017; Lutz,
Rubel et al., 2019; Robinaugh et al., 2016; Rodebaugh et al., 2018; Rubel et al., 2017). This
could be an indicator that non-researcher clinicians intuitively understand and have a
curiosity in using network models for psychoeducation, case conceptualization, and therapy
planning. Lutz and colleagues (2018) also identified that expected force, another type of
centrality measure for network models, differed between patients who completed and
dropped out of therapy. This prediction of drop out likelihood, if implemented in routine care,
would also undoubtedly play a role in planning treatment, in hopes of preventing drop out.

However, these recommendations for use in clinical practice must always be viewed
with caution. Different researchers may have very different perpsectives on how to use EMA
or similar data to form treatment recommendations. Bastiaansen and colleagues (2020) found
that, if presented with the same data, different researchers would analyze it differently and

thereby make different treatment recommendations. Even amongst those who chose to
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represent the data as network models, treatment recommendations varied greatly (Bastiaansen
et al., 2020). This represents a very large challenge for integrating networks into clinical
practice, and calls to a need to directly investigate how different researchers use the models

specifically (as Studies 3 and 4 did) and which uses are tied to better patient outcomes.

4.2.3 Barriers to network use in clinical practice

Implementing and replicating systems that intensively focus on network models, such
as those mentioned above (Schiepek et al., 2015; Wittenborn et al., 2015), in routine
outpatient care in Germany would be difficult. In these settings, such as the one TheraNet
was conducted in, therapies must be approved by insurance companies and are limited to a
specific number of sessions, making the implementation of intensively network-focused
interventions (i.e., those pioneered by Schiepek at 1., 2015) more challenging. Establishing
this kind of infrastructure (i.e, training therapists to build these visualizations) would most
likely have been time-intensive and beyond the scope of a doctoral dissertation. New
therapist cohorts often begin working at such outpatient centers multiple times a year and
only stay for two to three years at most, raising questions about the practicality of
implementing such training-intensive processes in this context. In other words, network-
based tools must strike a balance between how time-consuming their implementation is and
how detailed and person-specific they are. This was the goal behind balancing
personalization and standardization in the TheraNet EMA questionnaires, as well as having
one-time interpretation workshops for each therapist.

Other studies have also tried to strike this compromise. For example, von Klipstein
and colleagues (2020) aimed to outsource the interpretations of patient network models by
having a researcher present during a therapy session. In this way, therapists did not have the
responsibility of having to learn and remember the interpretations of the network models.
This was one barrier to using the networks mentioned in Study 4 — that the interpretation was
no longer clear. If therapists were unsure of the interpretations of the networks, this may have
reduced their ability to use the networks as feedback, potentially reducing any positive effects
the feedback may have had on patient outcomes. Therefore, comprehension of the networks
(or providing interpretation supports) represents an important point to consider when
designing studies focused on the clinical utility of new tools, including networks. In the
aforementioned approach, that barrier is removed and the burden is lifted from the therapists’

shoulders (von Klipstein et al., 2020).
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Another clear barrier to use were the therapists’ perceptions of how useful or relevant
it was. A study by Ellison (2020) highlights the fact that practicing clinicians are less likely to
view EMA as helpful when cases are more complex, favoring more traditional assessment
methods, specialized workshops, and super-/intervision. However, therapists who viewed
evidence-based cross-sectional assessment as helpful were also generally more likely to favor
EMA methods (Ellison, 2020). Several other studies also support this skepticism among
clinicians regarding the utility of EMA (Frumkin et al., 2021; Zimmermann et al., 2019).
Studies 3 and 4 contained several criticisms of the study design of TheraNet, including the
EMA design. However, the use of EMA itself was not questioned directly. In fact, several
potential benefits were highlighted, such as patients gaining an openness to other therapeutic
interventions involving regular documentation of emotions and/or events.

In past research, institutional conditions had a small but negative influence on the
development of psychotherapists (Lorentzen et al., 2011). This stress seems particularly
salient when conditions are perceived as a specific lack in support, particularly as it relates to
an inability to relieve training-induced stressors (Kumary & Baker, 2008). Another study
found that higher life stress among therapists was highly correlated with economic insecurity,
among other things (Heinonen et al., 2022). However, working with patients, getting
supervision, and personal therapy were rated amongst the most influential and positive
influences on development. Being involved in research also played a minor positive role, but
was not rated as highly as the aforementioned positive influences (Lorentzen et al., 2011).
These institutional level barriers may have also played a role in TheraNet, though further
research is required in this area. If high stress at the institution-level played a role in
TheraNet, it is possible that this influenced whether or not therapists had the resources
needed to be make use of the TheraNet feedback. This becomes particularly relevant when
considering that Rubel and colleagues (2017) found that the positive effects of feedback only
hold true if it is actively used.

4.3  Clinical implications and future directions

Given the information presented thus far, several clinical implications can be
solidified for future research in this burgeoning field. An important factor is attitudes towards
these questionnaires, from both the patient and therapist perspectives, which were largely
positive but dependent on the perception of their usefulness (Piot et al., 2022; Solstad et al.,
2021; Soyster et al., 2022). Therapists also appear to be more critical than patients with
regards to EMA (Frumkin et al., 2021; Koementas-de Vos et al., 2022; Zimmermann et al.,
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2019). With this in mind, implementation of EMA methodologies in clinical settings should
be explained succinctly to therapists involved, placing a particular emphasis on how these
measures may be clinically useful. Providing interpretation aids, resources, or support staff to
make use of the data would most likely encourage a positive attitude with regards to EMA
data collection. Von Klipstein and colleagues (2020) provide an example for how researchers
can make themselves available to help with interpretations in-session, thereby removing that
responsibility from the therapist.

In addition to highlighting EMA’s practical uses, future research should also carefully
consider the degree to which questions can be personalized. Based on findings presented in
this dissertation, therapists’ preference appeared to be more personalization. However, this
must be carefully planned and must be compatible with the research questions to be explored.
Personalization offers clinical advantages, but makes comparison across patients more
challenging. Fisher and colleagues (2017) highlight the importance of the idiographic
method, and exemplify how research questions can be developed in this area. In line with the
first two studies in this dissertation, design decisions, such as the degree of personalization
and the procedures through which personalization is set, should be documented and made
clear to readers.

Though ROM was not the focus of this dissertation, it was also implemented as part
of the TheraNet Project. Similarly to EMA measures, therapists are more motivated to
participate and utilize ROM measures when they understand them. Given that its uses can be
so different depending on the case, presenting specific case examples may be a promising
way forward (i.e., de Jong & Aafjes-van Doorn, 2022). In addition to the subjective
perception of ROM’s usefulness, its actual use plays an important role in its effectiveness: if
therapists do not use ROM feedback, their patients do not reap the benefits thereof (Rubel et
al., 2017). However, therapists-in-training are often preoccupied by multiple stressful tasks
and therefore require resources that are easily accessible and understandable, such as ROM
trajectories. These features can be found in several existing ROM systems (de Jong et al.,
2014; Demir et al, 2022; Lutz, Rubel, et al., 2019) and support the design of this existing
ROM system suits the wishes of therapists-in-training. A common concern regarding ROM
also focuses on the length of the chosen questionnaire and not wanting to place too large of a
burden on patients (Lutz et al., 2009). Therefore, it is important to consider the length of
ROM questionnaires. Several short-forms of these ROM questionnaires have been developed
in an effort to mitigate the perceived burden of these questionnaires (Lutz et al., 2006;

Timman & Arrindell, 2022).
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Once all the therapies have concluded, next steps for the TheraNet Project will
include investigating group differences using 3-level hierarchically nested multilevel models.
This analytic approach was selected and preregistered (Hall & Rubel, 2022), given that the
data structure is nested (time points nested within patients, who were nested within
therapists). Since that previous research has found that the usage of feedback plays an
important role in attaining benefits for patient outcomes, it will be interesting to see whether
there will be group differences between our control and intervention groups (Simon et al.,
2012). Based on the results reported in Study 4, that use was inconsistent and often not
concretely discussed with the patient, it would be unfortunately unsurprising if a null effect is
found. On the other hand, if an effect is present, it could speak to a need to more closely
study how feedback is used, not simply dichotomizing it “use” vs “no use”.

4.4  Conclusion

Overall, the TheraNet Project is a milestone in showing to what extent network
models can be useful in clinical practice. The first two studies presented within this
dissertation share information necessary for its replication. The latter two qualitative studies
provide more in-depth information about the therapists’ initial reactions to the feedback, as
well as reflections on how they used the feedback or, if they did not, why. Nonetheless,

further research is required to investigate network models as pre-treatment feedback tools.
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