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Addressing the persistent heterogeneity in psychopathology, treatment outcomes, and the science–practice
gap requires a systematic approach to personalizing psychotherapy. Case conceptualization seeks to under-
stand a patient’s unique psychopathology by generating and continuously updating hypotheses about
predisposing, precipitating, and maintaining factors. This study introduces a new data-driven method to for-
malize this process with personalized network estimation, combining prior elicitation and Bayesian infer-
ence. It is the first to test its clinical usefulness with 12 patients, primarily treated for depression, and
their therapists (preregistered and can be found as the additional online materials: https://osf.io/38qdx).
Patients employed the Perceived Causal Networks method to create personalized “prior networks,”mapping
how they perceived their symptoms to interact. Bayesian inference was used to update these prior networks
using longitudinal data collected subsequently 6 times daily over 15 days (N= 935), resulting in personal-
ized “posterior networks.” Both Perceived Causal Networks and longitudinal assessments were evaluated as
feasible and acceptable. Face validity was scored highest for the posterior networks. Patients emphasized the
personal relevance of these networks, while therapists noted their value in guiding the therapeutic process.
However, prior, posterior, and data networks showed significant dissimilarities. These differences may stem
from patients’ limited insight into symptom interactions, insufficient power in the longitudinal data, or var-
iations in self-perception. Despite some inconsistencies, the study shows potential for combining two meth-
ods to create personalized models of psychopathology, highlighting the need for future research to refine this
formalization process into a more rigorous theoretical-empirical cycle to test these models.
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General Scientific Summary
Case conceptualization is a process therapists use to understand a patient’s problems and guide treatment
decisions. This study applies and evaluates a structured, data-driven approach to improve this process.
By integrating and visualizing various data sources, we create networks that represent the complexities
of a patient’s case.

Keywords: network analysis, Bayesian inference, case conceptualization, ecological momentary
assessment, perceived causal networks

Supplemental materials: https://doi.org/10.1037/abn0000993.supp

Psychotherapy is effective (Cuijpers et al., 2024); however,
despite decades of extensive research, effect sizes have not improved
over time (Cuijpers et al., 2020; Hofmann et al., 2012;
Miskovic-Wheatley et al., 2023; Newby et al., 2015; Vlaeyen &
Crombez, 2020). The persistent heterogeneity in psychopathology
and treatment outcomes remains a central challenge in psychother-
apy research (Herzog & Kaiser, 2022; Kaiser & Herzog, 2023;
Kaiser et al., 2022; Scholten et al., 2025). To advance the field, a sys-
tematic approach to personalizing psychotherapy is needed—one
that builds on individualized models of psychopathology (Cohen
et al., 2021; Deisenhofer et al., 2024; Wright & Woods, 2020).
These personalized models often conceptualize mental disorders

as dynamic systems of interacting, self-sustaining processes that are
specific to each individual (Roefs et al., 2022; Wright & Woods,
2020). Formal idiographic statistical models are essential to accu-
rately reflect individual and dynamic systems at the appropriate
level and time scale (Burger, Epskamp, et al., 2022; Molenaar,
2004). A key requirement is the assessment of person-specific pro-
cesses over time at the individual level (Wright & Zimmermann,
2019). Recent approaches include the extensions of structural equa-
tion models (Fisher & Boswell, 2016; Wright, Gates, et al., 2019)
and network models (Bringmann, 2021; von Klipstein et al.,
2020), which rely on intensive longitudinal data collected through
ecological momentary assessment (EMA). EMA involves multiple
daily prompts (e.g., 5–10 times per day) to capture real-time self-
reported symptoms (Colombo et al., 2019; Myin-Germeys &
Kuppens, 2021). However, despite these advancements, research
has largely overlooked how to integrate both patients’ and therapists’
perspectives with models estimated from data (Burger, Epskamp,
et al., 2022; Burger, Ralph-Nearman, & Levinson, 2022).
Integrating patient and therapist perspectives could inform and

advance idiographic models of psychopathology, thereby contributing
to bridging the research–practice gap (Levinson et al., 2025). Case con-
ceptualization is a clinical approach that directly integrates these two
perspectives as it is a collaborative process between patient and clini-
cian (Persons, 2006). It aims to understand a patient’s idiographic psy-
chopathology by incorporating both between-person factors (e.g.,
demographic information, living conditions, and income) and intrain-
dividual dynamics (e.g., symptom patterns). Specifically, it focuses on
how cognitions, emotions, and behaviors interact within pathological
states while identifying predisposing, triggering, and perpetuating pro-
cesses (Easden & Kazantzis, 2018). By systematically organizing this
information, case conceptualizations provide a structured foundation
for quantifying clinical observations, making them an ideal starting
point for data-driven extensions (Burger, Epskamp, et al., 2022;
Scholten et al., 2022). Hence, clinical insights could serve as a

foundation for developing idiographic statistical models, thereby
linking everyday practice with advanced research methodologies.

In the last decade, the network analysis approach to mental disor-
ders has received increased attention as statistical model reflecting
how symptoms of mental disorders interact and reinforce each other
(Bringmann, Albers, et al., 2022; Roefs et al., 2022). Symptoms are
presented as nodes in a network with edges representing their statisti-
cal relationships (Borsboom, 2017; Borsboom & Cramer, 2013). It
aligns well with clinical case conceptualization and has inspired a
surge of studies on data-driven case conceptualizations (Burger,
Ralph-Nearman, & Levinson, 2022; Frumkin et al., 2021; Hall
et al., 2023; Scholten et al., 2022; von Klipstein et al., 2020). The pre-
sent study builds upon this work and extends it by integrating patient
perspectives systematically. We use Perceived Causal Networks
(PECAN; Frewen et al., 2012; Klintwall et al., 2023) to formalize
the patient’s individual case conceptualization in a prior network. It
represents the patient’s perceptions on how their presenting concerns
interact with one another causally. Subsequently, EMA is used to
sample observations on these concerns in patients’ daily lives over
time. Based on these intensive longitudinal data, a data network is esti-
mated, and the prior network is updated via Bayesian inference into a
posterior network (see Figure 1 for an overview of the models).

Data Networks

Vector autoregressive (VAR) models with a lag-1 are very com-
monly used methods to estimate temporal patterns between symptoms
at the individual level (Bringmann, 2021; Wild et al., 2010). They
indicate the extent to which variation in one symptom predicts varia-
tion in other symptoms at the next time point, often referred to as
Granger causality (Granger, 1969; Shojaie & Fox, 2021). Such predic-
tions can be visualized using networks of symptoms (Burger,
Hoekstra, et al., 2022; Epskamp et al., 2018; Fisher et al., 2017): If
variation in one symptom predicts subsequent variation in another,
this relationship is represented as a directed edge (an arrow) between
the two nodes (e.g., symptoms). Centrality measures indicate poten-
tially influential nodes, although their validity as treatment targets
has been strongly criticized (Bringmann et al., 2019; Dablander &
Hinne, 2019). Several studies have applied EMA in clinical settings
to construct VAR-based networks, yielding promising results in
describing person-specific symptom dynamics (Fisher et al., 2017;
Frumkin et al., 2021; Hall et al., 2023) as well as demonstrating fea-
sibility, acceptability (Frumkin et al., 2021; Levinson et al., 2023;
Scholten et al., 2022), and clinical efficacy (Levinson et al., 2023).

While VAR-based networks offer intuitive appeal for under-
standing symptom dynamics, they have statistical assumptions
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that limit clinical application. First, they may miss important con-
nections because they rely on symptom variation; if a symptom is
constant, it cannot have edges to other symptoms in the network,
and its causal impact on other symptoms can go undetected
(Bringmann & Eronen, 2018). For example, if a patient consis-
tently experiences anhedonia which leads to social isolation, this
relationship will not appear in a VAR-based network because
there is no variation in the intensity of the anhedonia. Second,
the typical assessment intervals in VAR models may fail to capture
both fast-acting (e.g., catastrophizing leads to panic within a few
minutes) and slow-acting relationships (e.g., physical inactivity
leads to gradual increase in fatigue over several weeks), leading
to either undirected networks or challenges in identifying long-
term changes (Epskamp et al., 2018). Potential solutions, such as
examining all possible lag-x correlations in the VAR model, may
lead to a high number of Type 2 errors. Alternatively, estimating
time-varying networks and plotting parameters over time requires
high-dimensional data, which poses a challenge for practical
implementation in clinical settings (Haslbeck, Bringmann, &
Waldorp, 2021). Finally, VAR-based networks require the estima-
tion of numerous parameters, which demands a large number of
observations to ensure reliable results (Burger, Epskamp, et al.,
2022). However, most clinical studies fall short in this regard,
resulting in low sensitivity and the potential for undetected connec-
tions (Mansueto et al., 2023).

Prior Network

An alternative method for creating individualized case conceptu-
alizations is a PECAN (Frewen et al., 2012; Klintwall et al., 2023).
PECAN involves (a) selecting symptoms relevant to the patient
and rating the perceived causal relationships between them (e.g.,
“How strongly does symptom X Cause symptom Y?” on a scale
from 0 to 10) and (b) visualizing these relationships as a network,
with symptoms represented as nodes and perceived causal rela-
tions as directed edges of varying strength (Vogel et al., 2024).
This method models the patients’ subjective understanding of
their condition and addresses some limitations of VAR-based net-
works: It does not require symptoms to vary in intensity to estab-
lish causal connections, can identify causal relationships on any
time scale and does not face issues related to the number of

observations, as all data are collected directly from the patient,
though respondent fatigue may increase with the number of
edges as nodes increase. Klintwall et al. (2023) tested PECAN
with 231 adults who screened positive for depression and found
that it had a reasonable completion time and acceptable reliability.
Therapists viewed the resulting networks as logical and helpful
for identifying treatment targets. Additionally, a pilot study by
Andreasson et al. (2023), involving five therapists and their
patients beginning psychotherapy also found PECAN to be a use-
ful tool. The method has further been applied with adolescents
(Bångstad et al., 2022).

However, the obvious limitation with relying on patient percep-
tions is that patients often lack insight into the causal relations
between their symptoms, especially for effects on longer time scales
and perhaps especially before therapy. Indeed, it has been shown that
respondents often overestimate causation between behavioral phe-
nomena (Gloster et al., 2017). Also, common clinical experience
suggests that patients are often unaware of how their behaviors, con-
text, and emotions influence one another (Ghaemi & Rosenquist,
2004; Medalia & Thysen, 2008; Peralta & Cuesta, 1998) and retro-
spective biases might impact PECAN assessments (Van den Bergh
& Walentynowicz, 2016).

Posterior Network

Burger, Epskamp, et al. (2022) proposed amethod that combines the
benefits of PECAN and VAR-based networks: the Prior Elicitation
Module for Idiographic SystemEstimation (PREMISE). This approach
involves first assessing a prior network, then sampling relevant symp-
toms through EMA (Burger, Ralph-Nearman, & Levinson, 2022).
The method estimates both a VAR-based network from EMA
data alone and an “updated” network. Bayesian inference is used
to update the prior network with EMA data. In this context, the
“prior” represents the initial belief, including the probability of pre-
dictions (O’Hagan, 2019), which is then integrated with the likeli-
hood of new observations to calculate the “posterior” belief
(O’Reilly et al., 2012). This approach formalizes an initial case
conceptualization and updates it as new information becomes
available but has only been applied to a sample of two clinical
cases (Burger, Ralph-Nearman, & Levinson, 2022). Further clini-
cal evaluation is urgently needed.

Figure 1
Overview of the Network Models Used in the Present Study

Note. PECAN= Perceived Causal Networks; VAR= vector autoregression.
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Objective and Research Questions

In the present study, we aimed to apply and evaluate PREMISE in a
sample of 12 patients undergoing treatment for depression and their
respective therapists. PECAN is used to construct a prior network,
EMA is used to sample observations to estimate a data network,1

and Bayesian inference is used to update the PECAN network into
a posterior network. Three research questions will be answered:

Research Question 1: How feasible and acceptable are the two
assessment procedures? We anticipate positive patient evalua-
tions for both assessment procedures.

Research Question 2: Which of the three networks is evaluated
as most in line with patients’ and therapists’ representations of
the patient’s problem? We anticipate that the posterior network
will best align with patients’ and therapists’ subjective represen-
tations compared to the prior and data networks, as it integrates
prior knowledge with new information. Additionally, the evalu-
ation occurs after the EMA, allowing for any updates to subjec-
tive representations by patients and therapists since the initial
PECAN construction.

Research Question 3: How useful are the networks for clinical
practice? We expect patients to evaluate the three networks as
useful and therapists to be more cautious about clinical utility
(Frumkin et al., 2021). Generally, we expect both patients and
therapists to find posterior networks most beneficial since it
will contain more information.

A preregistration of the study can be found in the Open Science
Framework and can be found as the additional online materials
(https://osf.io/38qdx).

Method

Procedure

Participants were recruited at a university outpatient clinic, after
their intake interview. Prospective participants were invited for a
preassessment session to be informed about the study. After
giving informed consent, the PECAN questionnaire (as outlined
by Klintwall et al., 2023) was administered in the presence of a
research assistant to clarify potential questions. Next, the symptoms
selected in PECAN were formulated as EMA items and assessed for
15 days, 6 times per day, yielding observed data to update the priors.
In addition to a data network using uninformative priors, a posterior
network was estimated using PECAN as priors (see the Analysis sec-
tion). A research assistant presented the resulting networks and their
out-strength centrality measures to the participants in a postassess-
ment session. Feasibility evaluations from patients were assessed
via an online questionnaire immediately after completing PECAN
and EMA, respectively. The overall evaluation was conducted
after the postassessment session before start of therapy. Therapists
were invited to evaluate the networks after two to four sessions
with the patient. A semistructured interview was used to get feed-
back about methods and networks from patients and therapists.
Financial compensation to patients was in total 50 Euros
(10 Euros after PECAN and 40 Euros after EMA) for patients and
20 Euros for therapists. The local ethics board of the University of
Kaiserslautern-Landau approved the study (LEK-176a5).

Sample

Patients

We included adults (age≥18 years) whose problems were primar-
ily depressive. Participants were required to own a smartphone to
enable EMA data collection. Exclusion criteria were low self-
reflective capacity (e.g., acute suicidality, acute psychosis, and
acute substance abuse), illiteracy, insufficient German knowledge,
and age ,18 years. In general, a sample size of n-of-1 is sufficient
for idiographic research. However, as replication enables generaliza-
tion of idiographic findings (Tanious et al., 2024), we aimed to
recruit 12 participants for this initial step of design development.
This sample size aligns with qualitative research guidelines, which
suggest that six to 25 participants are typically sufficient to reach
information saturation in interview studies (Guest et al., 2006;
Turner-Bowker et al., 2018). Information saturation occurs when
no new ideas or concepts emerge after a specific number of inter-
views. Following these guidelines and recommendations for qualita-
tive feasibility studies, 12 participants provide a practical sample for
evaluating feasibility and acceptability through semistructured inter-
views. This approach is also consistent with similar small-scale fea-
sibility studies (Frumkin et al., 2021).

Therapists

Therewere no further inclusion or exclusion criteria apart from the
role as a reference therapist for one of the patient participants.

Materials and Measures

PECAN Assessment

First, the patient selected between three and 10 problems from a
predefined list (Scholten, Klintwall, et al., 2024). The list comprised
core symptoms of major depression according to theDiagnostic and
Statistical Manual of Mental Disorders, fifth edition, such as “sad”
and “loss of interest” and behaviors related to these symptoms, such
as “physical inactivity” or “social isolation” (American Psychiatric
Association, 2018). We also included typical comorbid problems/
symptoms such as “worry about the future” or “rumination about
the past.” The list was a slightly revised and translated version
from that used in Klintwall et al. (2023). Insomnia was omitted
from the list, as this problem could not be assessed throughout
the day in the subsequent EMA procedure. Respondents were
asked to select problems that they had experienced every day in
the past week. Important missing problems could also be added
by the patient.

Respondents were then asked to describe the selected problems in
their own words and personalize the items with individual examples
(e.g., if the patient had selected “pain” from the predefined list, he or
she might then personalize this problem as “headaches”). The
severity of each selected problem was rated using a visual analog
slider on a scale from 0 (no burden at all) to 100 (very severe
burden).

1 Strictly speaking, the data network is also a posterior network, but it
is based on uninformative priors. We will use the term “data network” to
simplify wording.
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Next, directed edges were assessed as perceived causal strengths
between each combination of selected problems. This was done by
asking “Which of the following caused you to experience pain
3 hr later?” Beforehand, a training session was conducted using
practical examples to clarify the concept of causes. This training
made sure the respondent understood the causal question and the
instruction to allocate percentage influence of individual causes,
ensuring the total added up to 100%. A time frame of 3 hr was
used to match the EMA data collection. Also, a change was made
from the standard PECAN procedure: problems were available as
potential causes to themselves (e.g., when asked about why he or
she experiences pain, the respondent could select the cause as
being pain 3 hr earlier).
As the number of edges in a network increase exponentially with

number of nodes, rating many potential causes can induce respon-
dent fatigue and thus lower the validity of ratings. To avoid this,
respondents were limited to selecting not more than three potential
causal problems for each problem. Thus, a node could not have
more than three ingoing edges in the PECAN (indeed, maxing out
at selecting three causes was the most common response style).
After selecting up to three causal nodes, the respondent was asked
to distribute percentages across these and a fourth alternative:
“other causes/don’t know” (in line with the procedure in Klintwall
et al., 2023). PECAN was implemented in Qualtrics (https://www
.qualtrics.com/de/).

EMA Data Collection

The selected symptoms were assessed using EMA across 15 days
with a fixed sampling scheme at six time points three hours apart
(7 a.m., 10 a.m., 1 p.m., etc.). The item instruction also referred to
a retrospective assessment of the past 3 hr (e.g., “Were your stressed
in the past 3 hr?”) Delay allowed to respond was 60 min. EMAwas
assessed using Smartphone Ecological Momentary Assessment
(https://sema3.com/index.html), particularly programmed as open-
source solution for the assessment of intensive longitudinal data
(O’Brien et al., 2024).

Evaluation

Feasibility and acceptance of the data collection methods
(Research Question 1) were evaluated by patients using adapted
versions of the evaluation questionnaires used by Scholten et al.
(2022) and Frumkin et al. (2021). The feasibility, comprehensibil-
ity, degree of difficulty, effort, time burden, effects, and applicabil-
ity of the PECAN assessment and EMAwere assessed. Evaluation
questionnaires consisted of 23 items each, with 12 statements (e.g.,
“I always knew what to do;” “I was overwhelmed with the process-
ing”) rated on a 5-point Likert scale from 1 (strongly disagree) to 5
(agree completely) and 11 statements (e.g., “The processing was
overall”) with a semantic differential rated on a 5-point scale
(e.g., 1= easy; –5= difficult). Two additional items asked
whether the patients would participate in the study again and rec-
ommend the study to others. The questionnaires were assessed
immediately after each assessment method. For a detailed presen-
tation of the evaluation questionnaires, see Scholten, Klintwall,
et al. (2024).
To evaluate the three resulting networks (Research Question 2),

these were presented separately and in randomized order to patients
and therapists. The type of the network (“prior,” “data-driven,” and

“posterior”) was indicated in the presentation. Patients and therapists
answered seven statements such as “The network shows how my
complaints are connected” or “The network helps me to better
understand my complaints” (Brooke, 1996; Frumkin et al., 2021;
Klintwall et al., 2023; Sauro & Lewis, 2011). They were rated on
a 5-point Likert scale from 1 (disagree) to 5 (strongly agree;
Scholten, Klintwall, et al., 2024). Then, patients and therapists
were asked to indicate which of the three networks described the
patient best.

Finally, clinical usefulness was evaluated for all three networks
(Research Question 3). Overall usefulness (six statements such as “I
think the networks are absolutely useful.”) and comprehensibility
(five statements such as “The networks were easy to understand.”)
of the networks were assessed on a 5-point Likert scale from 1
(disagree) to 5 (strongly agree). The visualization of the networks
was evaluated with the visual aesthetics scale of the modular evalua-
tion of key Components of User Experience (Minge&Thüring, 2018;
Minge et al., 2017) comprising three items (e.g., “The design looks
attractive.”) that are evaluated on a 5-point Likert scale from 1 (dis-
agree) to 5 (strongly agree). Further, the presentation of the networks
was evaluated with the User Experience Questionnaire-Short Form
(Schrepp et al., 2017) that assesses the pragmatic and hedonic quali-
ties of the visualization with semantic differentials on the dimensions
pragmatic presentation (e.g., “complicated”–“easy”) and hedonic pre-
sentation (e.g., “boring”–“exciting”).

Data were collected in a personal session through online self-
reports on the SoSciSurvey platform (SoSci Survey GmbH, 2020).
A semistructured interview was conducted to explore additional
patient and therapist experiences, comments, and relevant aspects
(Scholten, Klintwall, et al., 2024).

Analysis

Network Estimation

PECAN (“Prior Network”). Edges were not estimated but are
simply the percentages reported by the patients (as described above).
Participants were asked to quantify causality in percent (i.e., loss of
interest was 25% due to physical inactivity and 75% due to social iso-
lation). For each edge between nodes, the perceived network was con-
structed using respondents’ exact answers. Respondents were asked to
select no more than three causal symptoms (in edges) for each symp-
tom. They were then asked to allocate 100% of the causality to these
selected edges and a “don’t know/other causes” option, which was
always available. The resulting network matrix was visualized using
a force-directed graph.

VAR-Based Network (“Data Network”). The sampling
scheme yielded a maximum of 90 data points. We decided to include
data sets, with a minimum of 72 data points (80% compliance) into
the analysis. There are presently no specific recommendations for
exact sample sizes in network estimation (Booij et al., 2018).
Nonetheless, Mansueto et al. (2023) suggested that with 75–100
observations, reducing the number of nodes to approximately six
variables is advisable. Given the use of informative priors to enhance
estimation, we decided to set the maximum number of nodes at 10. A
lag-1 network was estimated using the default regularization priors
from the PREMISE networks, assuming no prior knowledge
(Burger, Epskamp, et al., 2022). These networks are in line with
the standard data-driven approach that is currently prominent in
time-series analysis (Epskamp et al., 2018).
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Updated Network (“Posterior”). For the subsequent estima-
tion of a Bayesian VAR model, the data from the PECAN were
used as an informative prior. Bayesian inference involves defining
a prior probability distribution for the parameters to be estimated.
Here, we defined prior distributions for the network parameters
using a Gaussian distribution for each parameter. The mean of the
Gaussian prior was determined by the respective PECAN estimate,
and the standard deviation is set to 0.2. Furthermore, for relations
that were not reported by the patients (i.e., two nodes that are not
connected), a default prior was set to a default prior with mean of
0 (SD= 5), resulting in minimally informative priors. The clinical
prior model (i.e., the probability distribution derived from the
PECAN) is shifted according to the pattern found in the EMA.

Evaluation

The research questions were answered using descriptive statistics,
including frequencies and measures of central tendency and varia-
tion of the self-reported patient and clinician ratings of feasibility,
acceptability, and clinical usability. We did not estimate inferential
statistics due to the small sample size. Thus, comparisons are
based on numeric means. Responses to the semistructured inter-
views were summarized descriptively.

Transparency and Openness

The study was preregistered in the Open Science Framework and
can be found as the additional online materials (https://osf.io/38qdx).
All data, analysis code, and research materials are publicly available
(Scholten, Klintwall, et al., 2024). All analyses were performed in
R (R Core Team, 2022). We used the psychometrics package
(Epskamp, 2020), qgraph package (Epskamp et al., 2012), and
ggplot2 (Wickham et al., 2022) as well as the STAN implementation
via the rstan package (Stan Development Team, 2020).

Results

Sample Description

Patients

Forty patients were assessed for eligibility. Twenty-eight did not
participate (nine could not be reached via telephone, 13 declined
to participate, four dropped out because they started psychotherapy,
and two dropped out for other reasons). Twelve participants gave
informed consent and participated in the study, nine women and
three men. Average age was 36.4 years, ranging from 23 to 62
years. Further sociodemographic information is provided in Table 1.

Therapists

Three patients did not start treatment in our outpatient clinic; there-
fore, we could recruit their therapists. Six therapists of the remaining
nine patients decided to participate in the study. One therapist dropped
out early due to the subjective perception that the study was too time-
consuming. The remaining sample consisted of five therapists who
were in training or licensed. Two therapists were responsible for
two of the patient participants. Therapist participants completed
both the evaluation questionnaire and the semistructured interview
for all patients, resulting in a total of seven therapist data sets.

Feasibility and Acceptability (Research Question 1)

Feasibility and acceptability were rated for completing the
PECAN questionnaire and EMA (Table 2). Numeric mean compar-
isons indicate the following results: The purpose was perceived
slightly clearer for completing EMA compared to the PECAN ques-
tionnaire. Similarly, agreement was higher to prepare and complete
EMA during the waiting period than the PECAN questionnaire. In
contrast, the PECAN questionnaire was rated less overwhelming,
less stressful, less time-consuming, easier to fill out, and offering
clear guidance on what to do. Also, PECAN received higher ratings
for the items “helped to understand complains” and “the problems
assessed applied to me.” The completion time of the PECAN ques-
tionnaire was 26.0 min on average (ranging from 15.4 to 39.3 min).
EMA took 1–5 min to complete per single assessment, resulting in a
range of 90 min–7.5 hr of total time investment. Average compli-
ance was 86%.

In the semistructured interviews, patients considered the comple-
tion of PECAN and EMA diaries feasible (22 statements), for
example, reported participation “not as stressful as expected,” with
“appropriate duration” of assessments and “being able to do every-
thing from home feels safer (familiar surrounding).” They also raised
some concerns regarding feasibility (eight statements), for example,
“high time expenditure,” “complexity,” and “technical requirements.”
For PECAN, in particular, even more concerns were raised (17 state-
ments), for example, because of the “amount of information asked”
and “necessary concentration.” There were also difficulties with
EMA (29 statements) due to “time of first assessment in the morning,”
“short response window,” or “being reminded of the problem.”
However, EMA also came with some advantages (11 statements),
for example, because of “easy-to-use entry format” or “short question-
naire length.” Nine patients indicated that EMAwas easier compared
to PECAN. Reasons to prefer EMA were the few, simple, repetitive
questions that were stated to be more intuitive and easier to take deci-
sions. In contrast, patients who preferred PECAN over EMA men-
tioned that PECAN was interesting and fun, not repetitive and
tiring, and less time effort compared to EMA.

Representation of Patient’s Problem (Research Question 2)

Individual Networks

The networks of all participants are presented in the Supplemental
Material A in the online supplemental materials. Figure 2 shows the
three networks of Participant 1 as an example. The prior network is
depicted in the left panel of Figure 2. In this case, the patient per-
ceives that anxiety causes difficulties making decisions. Also, a
lack of energy is perceived to cause fatigue, which in turn causes
concentration problems, procrastination, and loss of interest. The
data network (middle panel of Figure 2) shows that fatigue and
screen time predict procrastination and that pain strongly maintains
itself. The posterior network also depicts this self-loop. The per-
ceived causalities between lack of energy, screen time, and fatigue
remain, while fatigue predicts procrastination more strongly and
screen time is added as a predictor of procrastination. Further
descriptions are possible based on Figure 2. In this example, fatigue
(prior network, posterior network) and screen time (data network)
are the most central nodes in the network. While screen time was
the most central node in the data network and the second central
node in the posterior network, it was only the fifth central symptom
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in the prior network indicating that it was not perceived as a relevant
component of psychopathology (Table 3).
Based on visual inspection of the network and of out-strength cen-

trality, seven of the 12 patients indicated that the posterior networks
best represented their problems (prior network: two patients; data
network: three patients). Six therapists indicated that the posterior
networks best represented their patients’ problems (prior network:
one therapist; data network: zero therapists).
In the semistructured interviews, patients described a knowledge

gain based on the networks (30 statements), for example, “under-
standing symptom interactions,” “offering an overview,” or “it
only became apparent when looking at the networks that there was

something else involved.” They valued the visualization of the net-
works (25 statements) and intended to use the network in psycho-
therapy (12 statements). Five patients stated that the networks
matched their experience, whereas two patients found the networks
“too abstract” and “not comprehensible”. Two patients found some
aspects of their experiences reflected in the network and others did
not. The presentation of the networks was generally evaluated as fac-
tual, comprehensible, and well done (13 statements). Six therapists
also found the guidelines provided for interpreting the networks
helpful. Two of them stated that interpreting the networks was self-
explanatory. One therapist would have preferred a more detailed
introduction to network interpretation.

Table 1
Sociodemographic Characteristics of the Participants

Patient Age Gender
Highest

educational levela Employment Marital status Nationality Diagnosis
Duration of
symptomsb

1 62 Male 3 Employed (full-time) Permanent relationship German F33.1 4
2 29 Female 2 Employed (full-time) Permanent relationship German F32.1 4
3 23 Female 2 University student Single German F33.1 4
4 42 Female 2 Employed (full-time) Single German F33.1 4
5 57 Female 3 Homemaker Married German F33.1; F50.3 1
6 29 Female 2 University student Married Other F33.1 3
7 44 Female 3 Employed (full-time) Married German F41.1; F33.1 3
8 27 Male 4 University student Permanent relationship German F33.2; F45.1 3
9 23 Female 2 University student Permanent relationship German F33.1; F41.0 2
10 47 Male 1 Employed (full-time) Married German F33.4; F41.0 4
11 26 Female 3 Employed (full-time) Permanent relationship German F33.1; F45.41 2
12 28 Female 4 Employed (full-time) Single German F33.0 2

Note. F33.1= recurrent depressive disorder, current episode moderate; F50.3= atypical bulimia nervosa; F41.1= generalized anxiety disorder; F33.2=
recurrent depressive disorder, current episode severe without psychotic symptoms; F45.1= undifferentiated somatoform disorder; F41.0= panic disorder
[episodic paroxysmal anxiety]; F45.4= persistent somatoform pain disorder; F33.0= recurrent depressive disorder, current episode mild.
a Highest educational level: 1= school-leaving qualification; 2= general qualification for university entrance/advanced technical college certificate; 3=
completed vocational training; 4= university degree. b Duration of symptoms: 1= less than a month; 2= between 6 and 12 months; 3=more than a
year; 4=more than 5 years.

Table 2
Rating of Feasibility and Acceptability of the Assessment Methods

Item

PECAN questionnaire EMA

M SD Min Max M SD Min Max

“The purpose of the PECAN questionnaire/EMA
was clear to me.”

4.5 0.7 3 5 4.6 0.7 3 5

“I always knew what I was supposed to do.” 4.4 1.1 2 5 3.9 0.8 3 5
“I was overwhelmed by the PECAN questionnaire/EMA.” 3.4 1.9 2 5 4.0 1.0 2 5
“Completing the PECAN questionnaire/EMA led to stress.” 3.2 0.9 2 5 3.9 1.1 2 5
“Completing the PECAN questionnaire/EMA helped me to
better understand my complaints.”

3.1 1.0 1 4 2. 7 1.0 1 4

“I can imagine completing the PECAN questionnaire/EMA
on my own before starting psychotherapy.”

3.6 1.3 1 5 3.8 1.3 1 5

“I think the PECAN questionnaire/EMA is a good way to
prepare for therapy during the waiting period.”

3.9 0.9 2 5 4.3 0.6 3 5

“The instructions (explanations of the tasks) of the PECAN
questionnaire/EMA were: easy to understand (1)–difficult
to understand (5).”

1.3 0.9 0 2 1.2 1.2 −2 2

“Overall, filling out the PECAN questionnaire/EMA was:
easy (1)–difficult (5).”

1.4 0.7 0 2 0.2 1.3 −2 2

“Overall, the time requirement to fill out the PECAN
questionnaire/EMA was: low (1)–high (5).”

0.6 1.3 −2 2 0.3 0.7 −1 1

“The problems assessed in the PECAN questionnaire/EMA:
applied to me (1)–did not apply to me (5).”

1.5 0.5 1 2 1.2 0.7 0 2

Note. PECAN= Perceived Causal Networks; EMA= Ecological Momentary Assessment; Min=minimum;
Max=maximum.
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Exploratory Analysis

To deepen our comprehension of the network properties that are
shared and distinct among the networks, we performed an explor-
atory analysis examining different indicators of agreement and dis-
agreement (Table 4). We correlated symptom severity and EMA
means as indicators for the degree of symptom manifestation. The
correlation was positive in eight out of 12 patients. The number of
edges present in both the prior and the data network varied between
0 (5 times) and 3 (1 time). Relative to the edges that were indicated in
either of the two networks, edges present in both networks varied
between 0% and 25%. As indicators of potential target symptoms,
we correlated OutDegree centrality between prior and data network.
Five out of 12 patients showed positive correlations, and one of them
had the same target symptom (i.e., the most central symptom) in both
networks. Another five patients showed negative correlations.
Analysis was not possible for two patients. Due to the small sample
size, all inferential statistics should be interpreted with caution and
do not allow for generalization.
In the semistructured interviews, two therapists pointed out that they

rediscovered the same format across networks (node position, labels,

lines and arrows, and self-loops). Three therapists identified similarities
in content (symptom constellations, burden, and centrality). Four ther-
apists found the data and posterior network more alike than the other
combinations. One therapist did not identify similarities. In contrast,
one therapist focused on the difference between prior and data network.
Two therapists were surprised that the direction of edges changed or in
one case an edge even disappeared completely in the posterior network.
Another therapist pointed out that burden and centrality differed. Two
therapists added that connections were less clear in the prior network
in contrast to the posterior network. Based on these observations, ther-
apists concluded that patients’ explanation model might reflect their
ability to assess themselves and why patients chose dysfunctional cop-
ing strategies. Two therapists said that the different networks bring up
different starting points for psychotherapy.

Usefulness for Clinical Practice (Research Question 3)

Separate Evaluation of the Networks

Figure 3 presents the evaluation of the three different networks
based on numeric mean comparisons. Overall, evaluations were
high for all three networks and did not differ much between patients
and therapists. Patients rated the posterior network as most useful, in
particular regarding the presentation of relationships between symp-
toms and showing potential for change. Therapists also preferred the
posterior network over the prior and data network, in particular
regarding the presentation of the relationships between symptoms
and showing potential to change. Patients rated all networks compa-
rably suitable to enhance their understanding of the problem, while
prior and data network were rated best to enhance the understanding
of the therapist. From the patient’s perspective, the data network was

Figure 2
Prior, Data, and Posterior Network of Participant 1

Note. Prior network: edges represent quantified causalities in percent. Data network: edges represent x− 1 vector autoregressions. Posterior network: edges
describe updates causalities. The higher the rating, the thicker the arrow, solid lines indicate positive relationships, and dashed lines indicate negative rela-
tionships. PECAN= Perceived Causal Networks; VAR= vector autoregression. See the online article for the color version of this figure.

Table 3
Three Most Central Symptoms in the Prior, Data-, and Posterior
Network of Participant 1

Label Prior Data Posterior

Anxiety 2 3 3
Lack of energy 3
Fatigue 1 2 1
Screen time 1 2
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best suited to elicit a conversation about the problems. In contrast,
therapists rated the data-driven and posterior network as most suit-
able to enhance the patient’s understanding of the problem and
PECAN as most suited to enhance their own understanding and to
elicit a conversation about the problem. The mean evaluation indi-
cates that patients generally rated the networks slightly better than
therapists.

Overall Evaluation of the Network

Patients and therapists rated the overall usefulness of the networks
for clinical practice high (patients,M= 3.92, SD= 0.87; therapists,
M= 3.70, SD= 0.93). Comprehensibility of the networks was
also evaluated as high (patients, M= 3.57, SD= 0.92; therapists,

M= 4.00, SD= 1.05). The visualization scale of the modular eval-
uation of key Components of User Experience was rated high (M=
3.75, SD= 0.49) by patients and therapists (M= 4.06, SD= 0.66).
On the User Experience Questionnaire, the pragmatic qualities of the
visualization were rated better than average (M= 0.88, SD= 0.76)
by patients and high by therapists (M= 1.32, SD= 0.64). Hedonic
qualities of the visualization were also rated better than average
(M= 0.60, SD= 0.54) by patients and low by therapists
(M=−1.68, SD= 0.64; see Supplemental Material B, Table B1
in the online supplemental materials for further details).

The findings of the semistructured interviews suggest that patients
experienced improved self-awareness (14 statements). However,
some patients also reported experiencing additional burden (16 state-
ments) next to other positive side effects (six statements) such as

Table 4
Exploratory Analysis of Agreement and Disagreement of Network Properties Among the Three
Networks

Patient

Spearman correlation
symptom severity and

EMA means

Number of edges
that were indicated
as present in prior
and data networks

Edges that were
indicated as present in
prior and data networks
relative to edges that

were indicated in either
of the two networks

Spearman correlation
of OutDegree centrality

between prior and
data network

1 r= .551 [−.120, .877] 1 0.067 r= .598 [−.051, .892]
2 r= –.182 [−.728, .506] 0 0 r= –.187 [−.731, .502]
3 r= .075 [−.582, .673] 0 0 r= –.228 [−.750, .469]
4 r= .866 [NA, NA] 1 0.5 NA
5 r= .256 [−.445, .763] 0 0 r= –.588 [−.889, .066]
6 r= .10 [−.858, .903] 1 0.125 r= .344 [−.773, .941]
7 r= .487 [−.537, .931] 0 0 NA
8 r= .543 [−.480, .940] 2 0.125 r= –.739 [−.969, .181]
9 r= –.068 [−.700, .624] 0 0 r= –.835 [−.964, −.384]
10 r= –.406 [−.916, .605] 2 0.25 r= 1 [1, 1]
11 r= .538 [−.139, .872] 3 0.176 r= .530 [−.150, .896]
12 r= – .758 [−.939, .246] 1 0.048 r= .225 [−.471, .749]
M (SD) 0.917 (0.996) 0.108 (0.149)

Note. EMA= Ecological Momentary Assessment; NA= not available.

Figure 3
Evaluation of the Three Networks in Comparison by Patients and Therapists
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“a structure during daily life,” “motivation to be open and honest
about problems,” or “giving hope.” Therapists indicated that partic-
ipating in the study helped their patient to understand how their
symptoms interact with each other (five statements), to structure
their problems (two statements), to formulate their problems (two
statements), to gain emotional access to their problems (one state-
ment), and to receive attention and recognition prior to starting psy-
chotherapy (one statement). Therapists reported that they had new
insights into stressors of everyday life (two statements), new infor-
mation for the therapy (three statements), differences between objec-
tively measured correlations of the complaints and the subjective
assessment of the patients (one statement), suggestions for the
case concept (one statement), collaborative reflection of the case
concept (two statements), and identification of central perpetuating
factors (one statement).

Summary of the Semistructured Interviews

Summaries of the semistructured interviews are included in the
respective sections above. The summary of the responses regarding
expectations on applications of the methods, concerns, planning
of psychotherapy and overall study evaluation is presented in
Supplemental Material C in the online supplemental materials.

Discussion

Clinical information should be taken into account when formaliz-
ing idiographic statistical models (Burger, Ralph-Nearman, &
Levinson, 2022). This is the first study to integrate and evaluate
the clinical utility of different person-specific networks in a sample
of 12 patients and their therapists. The PECAN method was used to
construct a PECAN of the patient as a prior network (Klintwall et al.,
2023). EMA was used for real-life observations and data network
estimation (Epskamp et al., 2018). Bayesian inference was used to
update the prior to a posterior network that integrates patient percep-
tions with longitudinal data. We demonstrated that two existing tools
for creating personalized networks can be combined, resulting in
networks with higher (face) validity.
Both assessment procedures were evaluated as feasible and

acceptable. While PECAN was rated as less overwhelming, less
stressful, less time-consuming, and easier to fill out. EMAwas indi-
cated to be better suited while waiting for therapy as it has a clear
purpose and it is a good preparation for therapy. These results sug-
gest that PECAN is an easy-to-use method to assess patients at an
initial evaluation, whereas EMA could be used while waiting for
therapy to start.
As expected, the posterior network most closely resonated with

the subjective understandings of both patients and therapists regard-
ing the patient’s problem. While the statistical Bayesian update
resulted in the posterior network, the patients might have updated
their initial beliefs throughout the EMA phase that inquired them
to monitor their symptoms’ interactions continuously. In another
study, repeated PECAN assessments resulted in a change of the net-
works in the majority of participants (Burger et al., 2024). This is in
linewith the assumption and finding that variation over time needs to
be considered in network analysis (Haslbeck, Bringmann, &
Waldorp, 2021; Scholten, Rubel, et al., 2024). However, the result
could also be influenced by the order in which the two procedures
were conducted. If the patient had completed the EMA first and

was then asked to perform the PECAN, that PECAN would already
reflect updates in the patient’s beliefs, resulting in fewer differences
between the PECAN and the updated network. With that hypothet-
ical setup, patients would perhaps prefer the PECAN over the
updated network, as it aligns more closely with their own updates
rather than relying on the “old information” from the beginning of
the EMA. Exploring potential updating processes aligns with current
thinking in theoretical neuroscience where the idea of the Bayesian
brain has inspired the conception of belief updating as a form of cod-
ing prior predictions with new information to compute an updated
prediction (Friston, 2010; Friston et al., 2014). More specifically,
researchers suggested that people use their prior experiences to
build prior beliefs what they are about to experience. These predic-
tions are hence combined with evidence, which can come from var-
ious sources. In recent years, this way of thinking has also advanced
an understanding of mental disorders as well as relevant processes in
psychotherapy research (Gibbs-Dean et al., 2023; Herzog et al.,
2023; Kube & Rozenkrantz, 2021). Thus, to move idiographic
research of psychopathology from network analysis toward more
rigorous hypothesis testing approaches (Borsboom et al., 2021;
Bringmann, Elmer, & Eronen, 2022), it might be valuable to
apply more systematically the principles of Bayesian belief updating
as initiated in this current work. Investigating potential order effects
might be one way to address these questions.

A related question is what are the insights relevant for patients and
therapists that are sparked by the different networks and in what way
are they useful. Van den Bergh and Walentynowicz (2016) reflected
upon the two types of information in the context of bias. They
argue that the information might serve different “functional selves”
(p. 303): The results from retrospective assessments as in the
PECAN method might represent information as it has been encoded
and consolidated in autobiographic episodic memory (“remembering
self”), whereas momentary assessments reveal information as it is
experienced in a “here-and-now” context (“experiencing self”).
Information from the EMA with retrospective assessments of the
time period since the last beep can be considered somewhere between
an “experiencing self” and a “remembering self,” depending on the
length of the time period. Further research into the functionality of
the types of information in the different networks for psychotherapy
would help to identify the full potential of different networks.
Qualitative research approaches are needed to shed light on these
questions (De Smet et al., 2020; McLeod et al., 2021).

The practical usefulness of the derived networks in clinical set-
tings was generally given as patients and therapists indicated that
the networks depict relationships between symptoms, enhance the
understanding of the problem, and serve as a starting point to talk
about problems. In the semistructured interviews, therapists also
reported to have gained new insights that they wanted to use for
goal setting and case conceptualization. These are interactional pro-
cess uses, including supporting exploration, facilitating communica-
tion, and readjusting the treatment focus, as identified in a recent
meta-analysis by Låver et al. (2024). It looked at how therapists
and patients use patient-generated data. In contrast, patients under-
lined the intrapersonal use as they primarily profited from an
increase in self-awareness, motivation, and hope for psychotherapy
which was also recognized by therapists who stated that patients
were better prepared for psychotherapy.

Networks were rated least useful to identify the potential for
change. This finding corresponds to the critique raised regarding
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the clinical implications that are related to centrality indices
(Bringmann et al., 2019). In line with our expectations and other find-
ings, therapists rated overall usability lower than patients (Frumkin
et al., 2021). In contrast to the patients, therapists did not go through
the process of constructing PECAN and conducting EMA, which
might be a large part of what patients experience as helpful.
Although not based on a systematic comparison, anecdotal evidence
suggests that therapists rate the clinical utility of networks highly
when they are involved in their creation. Stare et al. (2023) reported
on a small pilot study involving three therapists who independently
completed the PECAN procedure. They were then shown networks
that aggregated their own ratings with those of their adolescent patient
and the patient’s parent. In this small study, the therapists expressed
enthusiasm about the clinical utility of the networks. Collaborative
PECAN construction with patients and their therapists might be a
promising path forward to enhance utility that should be considered
in future research.

Strengths and Limitations

It is a strength of the study that we were able to include seven
dyads of patients and therapists and five patients without matching
therapists. Also, the mix of quantitative and qualitative methods
gives an in-depth insight into the evaluation of the procedure and
results. However, the study also has limitations.
Even though we followed recommendations (Mansueto et al.,

2023), EMA was probably underpowered, resulting in some net-
works without edges. Sensitivity is low, and edges might have
remained undetected. A lack of appropriate power also results in
unstable networks that should not yet be used in clinical practice.
More intensive longitudinal data would be needed that is oftentimes
not feasible to assess in clinical practice constraining the potential of
the network approach for clinical practice. Also, the small number of
participants does not allow for a generalization of the results and
makes further studies with larger samples necessary.
One of the benefits of the PECAN method is that edges can be

captured regardless of the time scale. However, in this project, we
asked specifically about a time scale that matches the EMA beeps
(3 hr). While we deemed it necessary to align the time scales of
the two methods, this meant that we did not make full use of the
advantages of PECAN. In contrast, the two methods differ in several
important aspects. While EMA networks represent lag-1 relation-
ships, the PECAN procedure explicitly requires causality.
Answering causal questions, however, may have been challenging
for patients. Future studies should consider using more intuitive
causal question phrasings when assessing edges, such as focusing
on frequency, levels of certainty, or counterfactuals (Vogel et al.,
2024). Alternatively, conducting the PECAN procedure in an inter-
view format rather than a questionnaire could be beneficial.
Additionally, the PECAN procedure restricted respondents to select-
ing three ingoing edges for each node and distributing a total of
100% across these edges. This design choice stems from the original
PECAN procedure (Klintwall et al., 2023), where it was imple-
mented to simplify visual analysis in clinical settings by avoiding
overly dense networks for certain patients. However, estimated net-
works do not share this limitation. Exploratory analyses clearly
showed that network properties varied highly across persons. The
highest number of edges that were present in both networks was
50%. Seven patients had almost no overlapping edges in the prior

and data networks, indicating that the networks were more different
than similar. The finding is consistent with prior findings comparing
prior and posterior networks (Burger, Ralph-Nearman, & Levinson,
2022). The methodological deviations may in part explain the result-
ing differences between the two networks. Based on the provided
data, we are ultimately not able to determine which type of network
is closest to representing the true underlying dynamics.

Patients and therapists were not blinded to what network was pre-
sented. While we randomized the order of the presented networks,
they were all labeled “prior network,” “data network,” or “posterior
network.” Thus, at least the patient’s evaluation probably takes into
account the construction process of the networks and not only the
information that is visualized as discussed above.

Future Research and Clinical Implications

To address the persistent heterogeneity in psychopathology and
treatment outcomes, psychotherapy research must prioritize the
development of systematic, personalized approaches that expand
current models of psychopathology. They should capture these
person-specific, dynamic systems at appropriate time scales with idi-
ographic statistical methods. Our approach allows us to collabora-
tively formulate a case concept of idiographic psychopathology as
a PECAN. It can be used to derive testable hypotheses regarding var-
iables of personal relevance, their contingent relationships, and their
time scale (e.g., “When I feel down, I am less active the subsequent
day” or “When I manage to be active, I feel content immediately
after the activity”). Burger, Ralph-Nearman, and Levinson (2022)
further highlight that the strength of the approach lies in identifying
focus points for further exploration through thought and behavioral
experiments, particularly when prior and posterior networks diverge.
Such discrepancies may serve as a flagging system, guiding discus-
sions and informing targeted assessments in subsequent data collec-
tion. For example, if the prior network shows a connection between
screen time and fatigue, but the posterior network does not, the client
and clinician could design brief behavioral experiments, such as
comparing the effects of gaming versus outside activities, to better
understand and evaluate this relationship. Single-case experimental
designs could be used as an empirical method to evaluate the exper-
imental manipulation (Krasny-Pacini & Evans, 2018; Vlaeyen et al.,
2022). In order to increase the relevance for clinical practice even
more, assessing context should be considered in designing EMA
studies that test hypotheses or are used to monitor experiments
(Von Klipstein et al., 2024). Thus, hypotheses derived from idio-
graphic models of psychopathology can be assessed, tested, and
reintegrated into the initial model resulting in a systematic empirical
cycle implemented in clinical practice (Borsboom et al., 2021;
Bringmann, Albers, et al., 2022). It is a step away from data-driven
and exploratory techniques toward confirmation and falsification
approaches (Fried, 2020; Haslbeck, Ryan, et al., 2021; Schemer
et al., 2023).

Conclusion

Combining patients’ perceptions of causal relations with inten-
sive longitudinal data yields a promising data-driven strategy to
complement current case conceptualization. The posterior net-
work that integrated patient priors and momentary assessment
data was deemed to be the best reflection of the case concept

UPDATING PATIENT PERCEPTIONS 11



and most useful by both patients and therapists. Future studies
might explore whether incorporating therapist priors into the
case conceptualization improves the resulting network further.
Above that, the method should be refined into a more rigorous
theoretical-empirical cycle that formulates, tests, and updates idi-
ographic models of psychopathology.
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