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Example 1: Malik is a psychotherapist who sees a patient presenting
with a depressed mood, loss of interest, and fatigue. The patient
often feels anxious, has trouble falling asleep, and has difficulties
concentrating at work. He avoids many social situations due to

" Department of Clinical Neuroscience, Centre for Psychiatry Research, Karolinska Institutet
8 Stockholm Health Care Services, Region Stockholm, Stockholm, Sweden

The personalization of psychopathology through the use of personalized symptom networks appears to be a
promising approach for gaining deeper insights into the development and maintenance of mental disorders.
One way to create such networks is by using the perceived causal networks (PECAN) method. In this
method, respondents are systematically asked to quantify how their symptoms are causally linked.
Answers are then visualized, either for the individual or aggregated for a group, as a directed network.
PECAN can represent causal relations irrespective of their timescales and requires no data-hungry estima-
tions. The following guidelines are intended to assist clinicians and researchers in the creation of personal-
ized networks using the PECAN method. These networks can facilitate case conceptualization and
personalization of treatments for individual patients and the description of groups of patients, revealing
recurring feedback loops and central symptoms. Additionally, recommendations are provided regarding
the procedures to be employed in the selection of nodes, assessment of edges, and visualization of the
data. Furthermore, the potential for evaluating the reliability, validity, and clinical usefulness, as well as
strengths, limitations, and future challenges of PECAN, is discussed. We conclude with an overview of
the challenges of PECAN and a research agenda that highlights opportunities to improve the still very
young method and implement it in clinical research and practice.

General Scientific Summary

Perceived causal networks is a transdiagnostic method that maps out how patients perceive how their
symptoms influence each other. This can be used by therapists to target the most influential symptom
for a particular patient or by researchers to describe a group of patients and which symptoms tend to
be perceived as most influential.

Keywords: network analysis, personalized psychotherapy, case conceptualization
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the anxiety they provoke, and sometimes has panic attacks in social
contexts he can’t avoid. He is often plagued by loneliness. He meets
the criteria for both depression and social anxiety. What therapeutic
interventions would be most helpful for this specific patient?
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Example 2: Miriam is a researcher studying patients with sub-
stance use and comorbid depression. She is interested in the
potential pathways between these two problems: for how
many patients does substance use cause depression, for how
many does depression cause substance use, and for how many
is the relationship bidirectional, with problems contributing to
each other? If she creates a manualized intervention package
for this heterogeneous population, which problem areas would
be most important to address?

The network approach to psychopathology has gained interest in
both mental health research (Jones & Robinaugh, 2021) and clinical
practice (Andreasson et al, 2023; Scheffer et al., 2024). According
to the network approach, psychopathological symptoms are organized
into networks. In these networks, the nodes represent the symptoms,
complaints, or problems that the patient presents with. Directed edges
(arrows) show the causal relations between the nodes (Borsboom,
2017). The development and maintenance of mental illnesses are pro-
posed to be explained by the mutual activation and reinforcement of
symptoms, resulting in a stable mental disorder state (Borsboom,
2017). As personalized symptom networks may contain symptoms
of different mental disorders as defined in diagnostic nosologies,
the emergence of comorbidity can be well explained by this approach
(Bringmann et al., 2022; Jones et al., 2021). Network theory also pro-
vides a framework for understanding the heterogeneity of mental dis-
orders, suggesting that within a patient population, individuals display
unique sets of symptoms and causal interactions among them
(Borsboom, 2017; Bringmann et al., 2022). To acquire insights on
symptoms and their causal relations for a given client, personalized
networks can be created and considered as case conceptualization.
Case conceptualization has been defined as the clinician’s understand-
ing of the patient’s problems as viewed through a particular theoretical
orientation (John & Segal, 2014). It is intended to guide the clinician’s
decisions about the selection of treatment targets and interventions
(Gilboa-Schechtman, 2024). Given that case conceptualizations and
subsequent clinical decisions often differ between clinicians (Bucci
et al., 2016), several methods to formalize case conceptualization
have been suggested, aiming to minimize clinical judgment biases
by guiding clinical decisions based on statistical parameters (Burger
et al., 2020). In this context, personalized symptom networks, such
as the network created for Malik’s patient (see Figure 1), can be
regarded as a formalized case conceptualization (Burger et al.,
2022). It is, however, important to emphasize that there are already
approaches to formalized case conceptualization that are based on
the perception of causal relations (Mumma et al., 2018). A notable
example of such a formalized approach is the functional analytic clin-
ical case model (Haynes et al., 1997), in which the causal relations
assumed by the clinician between variables (e.g., behavioral patterns
of individuals) are defined and quantified (e.g., the modifiability of a
certain variable) in a vector model. In contrast to other approaches of
formalized case conceptualization, personalized symptom networks
are embedded in the theoretical and methodological framework of net-
work theory. This enables the analysis and interpretation of resulting
networks based on network analysis and in the context of assumptions
of network theory. This facilitates the identification of nodes that are
perceived to have particularly strong causal effects on other nodes, and
provides statistical parameters (e.g., centrality of a symptom) on
which clinical decisions can be based. Consequently, the network

Figure 1
Example Network for Malik’s Patient

Loss of interest

A
Concentration problems

Trouble falling asleep

Avoiding social situations

Panic

Note. Node size shows frequency (bigger = higher), and color saturation
shows how severe (darker = higher) his patient experienced the symptoms.
Edge width shows how often the causal link was perceived by the patient
(i.e., how often one symptom leads to another).

approach is linked to the field of personalized psychotherapy
(Scholten et al., 2022).

There are two main methods for creating personalized networks: (a)
estimating them based on longitudinal data and (b) querying individ-
uals about their perception of causal relations. The next section will
discuss these two methods, starting with the most commonly used:
estimating edges in the networks from intensive time series data and
then shift to our main focus: the use of systematic assessments of
respondents’ perceptions based on the perceived causal networks
(PECAN) method (Frewen et al., 2012; Klintwall et al., 2023).

Constructing Personalized Networks

So far, most researchers have constructed personalized directed
networks based on time series data (Bringmann et al., 2022;
Burger et al., 2022; Mansueto et al., 2022), using data from ecolog-
ical momentary assessments (EMA). In this method, the patient is
asked several times per day about which symptoms are experienced
at that moment or since the last assessment (Ebner-Priemer & Trull,
2009). Directed edges between the nodes are then statistically esti-
mated based on their lagged covariation (Bringmann et al., 2022).
Particular strengths are that EMA reduces recall biases (Wright &
Zimmermann, 2019) and does not require the patient to understand
the causes of their symptoms, only to report on their moment-to-
moment experiences. With time series analysis, it is possible to
explore relations between symptoms and thus uncover a network
that was previously unseen by both the patient and their therapist.

Time series networks typically estimated on EMA data, such as
vector autoregressive models, have several limitations. They rely
on strong statistical assumptions such as linearity (i.e., all relationships
between variables are linear) and stationarity (i.e., the relationships
among variables do not change over time; Bringmann et al., 2022),
which are unlikely to hold for personalized networks in the context



This document is copyrighted by the Ame
This article is intended solely for the perso

All rights, including for text and d

846

of psychotherapy (Siepe et al., 2024). Another important limitation is
that models fail to capture symptoms that interact on timescales that are
faster or slower than the spacing of the assessments (von Klipstein
et al., 2020). To give an example, for Malik, the panic in social situa-
tions occurs in a matter of seconds, way faster than the assessments in a
realistic EMA design, and will therefore not show up as an edge in the
estimated temporal network. Conversely, even though his patient’s
insomnia is in fact causing fatigue, this works on a timescale spanning
multiple days and will also not be identified using time series analysis
(von Klipstein et al., 2020). Additionally, since edges are estimated
from the data, there must be variation in symptoms to estimate effects
between nodes. If Malik’s patient always reports fatigue with the same
intensity, the analysis cannot uncover the causes and effects of fatigue.
In short, time series analysis may result in networks with low sensitiv-
ity and thus may miss significant edges in a patient’s network
(Mansueto et al., 2022). Due to these limitations, networks based on
temporal data do not lend themselves to derive causal interpretations
(Bringmann et al., 2022; von Klipstein et al., 2020).

An alternative method to create personalized directed networks is to
ask patients how they perceive the causal relations between their symp-
toms. The PECAN (Klintwall et al., 2023), a clinical adaptation of the
perceived causal relation (PCR) method (Frewen et al., 2012), is built
on the observation that patients have thoughts and beliefs about what is
causing their mental health issues (Hansson et al., 2010). PECAN con-
structs personalized networks by asking the patient to quantify the
causal relations of specific symptom—symptom relations one by one.

Definition of PECAN
We define the PECAN method by these two components:

1. An idiographic model of an individual’s psychopathology
of their PCRs between the nodes in a system. The nodes
can constitute symptoms or complaints from one or multiple
mental disorders and related problems. The respondent may
be either a patient answering about themselves or a therapist,
parent, or spouse. Creating this model entails (a) node selec-
tion, i.e., finding the relevant nodes for the network (e.g.,
emotions, behaviors, or contextual factors) and (b) causal
ratings, in which the individual reports their perceptions
about the causal relation between every combination of
the selected nodes, in both directions.

2. The visualization of this model in the form of a personalized
network or aggregated group network consisting of nodes
(e.g., symptoms) and directed edges between nodes (arrows)
representing the PCRs. Optionally, further analyses of fea-
tures such as centrality, density, or feedback loops within
these networks can be conducted.

As PECAN captures relations between nodes directly from individ-
uals’ perceptions, it has the particular strength that it does not require
time series data with statistical assumptions to create a personalized
directed network. Causal relations can be found regardless of what
timescale they occur on and do not require variation in nodes.
Conversely, PECAN may be more susceptible to biases. A certain
degree of introspection is also necessary to apply the method, thus ren-
dering it more suitable for certain individuals than for others (see the
Challenges and Research Agenda for PECAN section). The PECAN
method described in this article could be especially useful in situations
where symptoms vary on different time scales (e.g., sleep quality and

VOGEL ET AL.

dysfunctional thoughts), if subjective perceptions of causal connec-
tions between symptoms are of particular interest, or if extensive
data collection with EMA is not feasible.

For Malik, using PECAN would mean having his patient formu-
late the present symptoms by interviewing him during a therapy ses-
sion. Then, for each selected symptom, he would ask to what extent
it has a causal influence on the other symptoms. Using the visualiza-
tion of the personalized network, they could collaboratively identify
which of the nodes seem to be most influential within his patient’s
network and would thus be candidates for targeted intervention.
He might also use further analyses to support his impression with
metrics on centrality of specific nodes and feedback loops.

Miriam would proceed in the same way as Malik, except that she
would present a predefined list of symptoms relevant to the disorders
being studied in her sample and complete the rating for each individ-
ual, using a questionnaire with or without interviewer support.
Miriam would get a collection of individual patient networks,
which she can then aggregate into a group network. She can identify
which nodes are central across patients and which loops often occur.

A few studies already exist that have applied the PECAN method at
the group or individual level. Despite the paucity of studies to date,
and the fact that some have been based on small sample sizes, they
nevertheless provide initial evidence of the good feasibility and reli-
ability of PECAN. Here, we will give some examples to showcase dif-
ferent methodological variations of PECAN and illustrate the way
PECAN can be applied to different populations. (a) Klintwall et al.
(2023) introduced the PECAN method in a sample of n = 231 adult
individuals screened positive for depression. The authors adminis-
tered PECAN via an online questionnaire, in which individuals
could choose between seven and 15 symptoms they had experienced
in the past week from a list of 26 possible symptoms associated with
depression. For each symptom selected, individuals were asked to rate
the severity of the symptom and indicate the extent to which up to
three other symptoms had caused the symptom. (b) Vogel et al.
(2025) adapted the PECAN method for use with children and adoles-
cents from the age of 10 years (PECAN-CA). Here, it was shown that
a prerequisite for good feasibility in young people was the implemen-
tation of the method via face-to-face interview, simplification of
questions and scales, and a prior education with age-appropriate psy-
choeducational videos on concepts such as symptoms and symptom
networks. (c) Burger et al. (2024) applied the PECAN method by con-
ducting brief daily assessments of perceived symptom interactions
over 4 weeks to reduce recall bias. About 40% of n = 20 adult respon-
dents with depressive symptoms achieved stable networks, and the
method was shown to be time-efficient and well received. We provide
an overview of these and other studies in Table 1 in the online supple-
mental materials. An updatable version of the table can also be found
on the Open Science Framework to provide an up-to-date overview of
PECAN studies (https:/ost.io/hpysk/files/osfstorage).

Scope of the Guidelines

This article is intended as a guide for clinicians and researchers
who plan to use PECAN to create networks based on an individual’s
perception of causal relations. The guidelines have these goals:

1. Help researchers and clinicians create networks using
PECAN: planning, data collection, visualization, and analy-
sis of networks.
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2. Present strengths and limitations of the method.

3. Facilitate communication between researchers working with
PECAN in order to make the contents of the PECAN
method comparable between different PECAN studies.
A collaborative platform will be provided to facilitate con-
tent synthesis, for example, item pools or visualization tools.

We decided to develop these guidelines at an early stage in the
development of the PECAN research field, because there are still
many degrees of freedom in the way the PECAN method can be con-
ducted. Therefore, we aim at helping researchers and clinicians make
decisions in planning their own PECAN procedure and to join our
research efforts to identify and derive optimal procedures.

How to Set Up a PECAN Study?

Miriam and Malik will require different setups of PECAN. Malik may
allocate a few sessions to create a network together with his patient,
whereas Miriam will likely rely on an online questionnaire sent out to
patients. We will describe choices that need to be made about the data
collection and the visualization and analysis of the resulting networks.
An overview of these steps of creating a network is presented in Figure 2.

Data Collection

PECAN data collection involves selecting nodes for the net-
works, deciding what features of those nodes may be relevant
(e.g., frequency, modifiability, or severity), setting up how to assess
the individuals’ perceptions about the edges, and then collecting the
data, for example, via a questionnaire or interview.

Figure 2
Overview of Steps

DATA COLLECTION

l Visualization

Circle size = e.g.
frequency, severity
Edge strength = level of
the rate on the perceived
causal relation

Node selection
A: Open question
B: Predefined list
C: Combination of A & B

Out-degree
Node properties . Ianuer'1ce on other nodes
« Outgoing edges
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+ Counterfactuality
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Selecting Nodes

Which nodes should be in the network for Malik, and which
nodes should be in the networks for the patients in Miriam’s study?

Completely Personalized Nodes. Malik could ask his patient to
write down a list of all the symptoms or problems he experienced in
the last week or month. Literature indicates that the individualization
of symptom selection in clinical research or practice, for instance, by
inquiring about patients’ most significant symptoms, is associated
with psychometrically sound outcomes (e.g., Weisz et al., 2011).
It may be helpful to have a clinician guide participants in formulating
nodes to avoid content overlap (e.g., two nodes for different aspects of
the same emotion) or a skewed focus only on specific areas of func-
tioning (e.g., only including aspects of social functioning while
neglecting cognitions or contextual factors). A good starting point
might be the use of existing problem-focused measures (see Lloyd
et al., 2019; Sales & Alves, 2016; Weisz et al., 2011) or to look at
the criteria for the disorders the patient has been diagnosed with,
but be responsive to other important problems in his life. Although
this would work well for a specific patient like Malik, it might not
be ideal for Miriam doing a population study: if all her patients
have personalized nodes, it will be hard to aggregate the networks.

Predetermined List of Nodes. Another possibility is to prepare
a list of potential problems, from which the individual can pick those
that are relevant. This predetermined list should encompass the most
prevalent problems in the target population. The selection of which
nodes to include in the network for a particular individual can be
done in different ways, such as by the person herself (simply check-
ing yes/no) or by a clinician who knows a patient well.

EVALUATION

Experience of:

ANALYSIS

collection

(answering
questions)

1 + Seeing the

network

‘o>

o>
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Predetermined List That Is Individualized. This can be
achieved through free-text questions (“You selected insomnia, please
describe the specific sleep problems you experience”) or let the indi-
vidual select from some options (“Which of these problems related to
sleep do you experience: difficulty falling asleep, frequent awaken-
ings, or early awakenings?”).

Regardless of the method used to select nodes, it is advisable to
set a maximum number of nodes, as the resulting network might
be overwhelming with too many nodes. Keep in mind that for two
present symptoms A and B, we ask whether A causes B and whether
B causes A. Thus, if a participant selects 10 nodes, they already have
to rate 10 x 9 =90 edges. How should the number of nodes be lim-
ited? It is a balance between including all relevant symptoms and not
including too many nodes to avoid an overly complex and confusing
network. Determining the optimal limit remains an area for further
research. In the context of PECAN-CA, data show that networks
with more than six nodes can be of very low reliability and feasibility
in younger individuals, suggesting that a limit should be set (Vogel
et al., 2025).

Malik and his patient decided on phrasing the PECAN nodes
together, and came up with nine nodes (e.g., depressive mood, loss
of interest, fatigue, avoiding social situations, anxiety, panic, trouble
falling asleep, difficulty to concentrate, and lonely). Miriam decided
on a list of 20 items taken from the diagnostic criteria of substance
abuse and depression, and added some factors based on her clinical
experience: conflicts with spouse, overwhelmed at work, body dissat-
isfaction, and so on.

Node Properties

Frequency can be reported by the individuals using scales (e.g.,
from never to every day) or the number of occurrences during the
period in question.

Severity of the problems might be of interest, both if there is a need
to prioritize which problems should be included as nodes, and as a fea-
ture to visualize in the resulting network. Modifiability or controllabil-
ity of the different nodes could be relevant, as this might be combined
with centrality metrics to select viable treatment targets.

Assessing Edges

Edges and quantification of their strength can be defined and
asked about in different ways. We will describe three: edges quanti-
fied as frequency, certainty, and contrafactual effects.

Assessing an edge in terms of frequency could be done by asking,
“When you experience X, how often does it lead to Y?” The
response alternatives can be presented as percentages or using verbal
equivalents (e.g., “never,” “sometimes,” and “always”). If the ques-
tion is probabilistic, the resulting edge is relative to the frequency of
the connecting node. In other words, if node X is infrequent but
“always” leads to Y, this strong edge may mislead readers of the
visualized network into thinking that this edge is significant. Thus,
in the visualization, edges can be weighed based on the frequency
of their source node.

Alternatively, an edge strength can be levels of certainty, such as
when asking “Do you think Y is caused by X?” or “Do you think X
leads to Y?,” with response options represented by percentages or
verbal labels (e.g., “I am certain it is not,” “I am unsure either
way,” and “I am completely certain that it is”).

Finally, another alternative is to ask about counterfactuals as a
way to quantify the causal effect of one node on another. An exam-
ple of this would be to ask, “If you no longer had the problem X, how
much would Y decrease?,” which can be answered on a scale from
“Y would no longer be a problem” to “Y would still be just as big of
a problem.” This has the benefit of giving an interpretable metric on
the causal strength, with the downside that it is quite cumbersome.
As can be seen, there are some degrees of freedom here in which
researchers/clinicians can make decisions about the definition of
edges in the resulting network (e.g., certainty and frequency). It
should be considered in advance what is reasonable to answer the
research question.

Miriam plans to collect data from a large number of participants
using an online questionnaire without interviewer support, and she
opts to ask about the certainty of causes: “Do you think your fatigue
is caused by your excessive drinking?” Malik, on the other hand,
who can spend more time creating his single network and is interested
in identifying which nodes or edges to intervene on for a maximum
effect on the entire network, could opt to ask about contrafactual
effects.

Considerations Regarding Time Scale and Validity

The decision on which time period and context the PECAN que-
ries may have an impact on the resulting networks. Should the indi-
viduals be asked to report in reference to their current life (e.g., “in
the past month”™), or to a specific period of their life (“the last period
you felt depressed”), or a specific situation (“when you have to speak
publicly”). For Malik, it seems indicated to ask about the past few
weeks, as his patient’s problems are current. For Miriam’s study,
on the other hand, asking the individuals about a specific situation
in which patients have taken substances and different depressive
symptoms have occurred may be more useful. Furthermore, it is
important to note that different time scales can also exist at the
level of the nodes (e.g., symptoms) to be selected and at the level
of the edges between nodes (e.g., mood may change by the minute
and fatigue may change over weeks or months). In contrast to net-
works based on time series data, there are no statistical reasons
against integrating these differently time-scaled variables into a
PECAN model. However, it is also necessary to consider the extent
to which the relations shown in the network can be interpreted.
Given that these are the patient’s perceptions, it is conceivable that
the symptoms of fatigue could be perceived in the long term as a
result of negative mood, even if subject to minute-by-minute
changes. It is important to note that there are also degrees of freedom
with regard to the time period. To date, no studies have investigated
the influence of the time period on PECAN networks. Consequently,
it is not possible to make a decision based on data. It is therefore
important to emphasise the necessity of researchers deciding and
reporting transparently in advance which time period is to be used
to record nodes and edges in the context of PECAN.

It is also advisable to explain the purpose of PECAN to the respon-
dent before collecting data. This way, the respondent will be moti-
vated to make an effort to provide valid responses. This can be
done verbally by an interviewer, through a concise text, or perhaps
ideally via an instructional video illustrating the idea of personalized
networks and their applications (Vogel et al., 2025).

Conducting the data collection with interviewer support, rather than a
questionnaire to be filled out independently, is another avenue to
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enhance quality. However, an active interviewer may introduce biases,
potentially influencing the results, so that a structured interview guide
seems important. Utilizing an interview to complete the data collection
is particularly valuable in children and adolescents (Kaariniemi et al.,
2025; Vogel et al., 2025).

Analysis
Visualization

Visualizing Individual Networks. Visualizing a network for a
single person is a straightforward process. All required information
to create a network is readily available using the PECAN method,
without the need for estimating edges. However, deciding which
information to include in the network and how to present it depends
on how edges were assessed. First of all, it makes sense to present all
nodes that were selected by the individual. Second, node size and
color can be used to represent node properties, for example, severity
or frequency or some categorization (such as being criteria for
different diagnoses). Third, if edge quantification (e.g., frequency
or certainty) can be drawn in varying widths or color shades.
Alternatively, color could be used to illustrate information such as
grouping, severity, or frequency. For his patient, Malik decides
that node size should indicate frequency (how often the problem
occurs). Additionally, he utilizes color to denote symptom severity,
employing a spectrum from “light red” to “dark red,” with the latter
indicating more severe symptoms. For the edges, Malik decides to
base both width and color on edge strength. To accomplish this,
he employs a color spectrum ranging from “light gray” to “black.”
A network using these parameters is presented in Figure 1. Note
that, especially if the prospective user of the network is a patient,
resisting the temptation to include all available information should
be avoided so as to not be overwhelming.

Visualizing Aggregated Networks. Before aggregating the
networks, it is crucial to consider whether all nodes are relevant to
the research question. PECAN offers significant advantages in cus-
tomizing symptom lists, tailored to specific populations or individu-
als, free from standardized questionnaires. However, this flexibility
also poses challenges, such as the potential for excessively long
lists containing numerous irrelevant nodes for a particular research
inquiry. To address this issue, researchers can choose to exclude
nodes when aggregating networks. For instance, it may be wise to
exclude nodes that were only rarely experienced in the group.
While this approach improves the network’s relevance on a popula-
tion level, it results in information loss. It is important to note that,
unlike estimated network analyses on cross-sectional or time series
data, excluding nodes within PECAN does not affect the overall net-
work structure, as in PECAN, the self-reported links are not condi-
tional relations, as is the case in commonly estimated network
models. Therefore, within PECAN, only the specific node and its
associated edges will be removed from the network without affecting
the other edges (it might influence node centralities, though).

In PECAN, aggregation mainly involves calculating absence/
presence percentages or finding the average/median values of attri-
butes like node severity or edge strength.

If the assessment only determines whether a node is present or
absent, simple percentages may suffice. However, when aggregating
node attributes, such as severity, additional considerations arise. For
instance, when a node is absent for an individual, its severity can
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either be considered as zero or treated as a missing value when cal-
culating the mean. A node with a mean severity score of 100/100
may seem significant, but its importance on a group level might be
misleading if it is present in only a small group of individuals.
Conversely, a node that is present in 50% of individuals with a
severity score of 1/100 may not be as important as one that is present
in 45% of individuals with a severity score of 98/100. Therefore,
depending on the research question of interest, it may be beneficial
to incorporate both pieces of information, severity and presence fre-
quency, which could be achieved by using both node size and color-
ation in the visualization.

The same questions that arise for nodes also apply to edges.
However, when considering edges, one must also decide how to
address the absence of an edge. In a data frame, the absence of an
edge may stem from a person not perceiving a causal relation
between two nodes, or because one or both nodes were absent for
that person. Treating these absent edges as zeros when calculating
the percentage may lead to misleading interpretations (e.g., there
is a difference between “anxiety causes social isolation for 10% of
the sample” and “for patients in the sample that have both anxiety
and social isolation, anxiety causes social isolation for 100%”).
It is important to remember that nodes are preselected for a network,
and the absence of a node in the final selection for a person does not
necessarily imply its overall absence. When aggregating the net-
work, it is crucial to be specific about the research interest and
make sure that the aggregated network aligns with this research inter-
est. As can be seen here, researchers have a number of degrees of
freedom and decisions to make if they want to create an aggregated
network (e.g., which nodes to exclude and how to deal with missing
values). These decisions should be made a priori and depending on
the research question. There are also degrees of freedom with regard
to the interpretation of aggregated networks (e.g., absence of edges),
which should be reported and discussed transparently by the
researchers.

Miriam decides to aggregate nodes present in at least 20% of her
sample, resulting in a network with 10 nodes presented in Figure 3.

Simplification. When communicating study results or in discus-
sion with a patient about a personalized network, it may be necessary
to simplify the network, showing only the most important edges.
There are no clear rules for how to simplify a PECAN visualization.

On an individual level, simplifying a network is easily done if
edges have attributes (e.g., level of certainty, frequency). On a
group level, simplification can be done based on percentages or
other edge features. While simplifying networks can provide valuable
insights, centrality should typically be calculated using original edges.

Miriam and Malik both decide to simplify their networks so that
the number of edges equals the number of nodes (this seems to be a
good rule of thumb). Malik decides to simplify using edge strength
(Figure 4), and Miriam decides to simplify by the percentage of peo-
ple who reported the edge if they had both corresponding nodes
(Figure 5).

How to Visualize PECAN Networks With R. There are sev-
eral possibilities to create network graphics with R. One useful
R package for PECAN is the visNetwork package (Almende
& Thieurmel, 2022) as it allows to create and edit networks.
This feature is especially useful in clinical settings when patients
want to add nodes or edges while viewing their network. The net-
work graphics in this article were created by the PECAN2 package
(Reichert & Vogel, 2024). The PECAN2 package is a wrapper
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Figure 3
Hypothetical Aggregated Group Network From Miriam’s Study
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Note. Nodes included are present in at least 20% of patients. Node size is
based on frequency in the sample. Edge width represents how many patients
reported edge when both nodes were present, and edge color indicates mean
edge strength, with “light gray” indicating low and “black” high strength.

around the visNetwork package with the purpose of simplifying
the workflow of PECAN. It allows users to aggregate networks, cal-
culate centrality measures, and use specific coloring and simplifica-
tion. For visualization, the PECAN2 package can either be used to
prepare data for the visNetwork package or to directly visualize
them via visNetwork. The latter comes with a predefined setup of
PECAN-specific defaults and enables simplification and coloring