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Abstract
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Psychological treatment for chronic pain can generally help people improve their functioning
and well-being. Still, there is room for improvement in terms of overall effect sizes. There is
also a need to address the gap between scientists, often focusing treatment on standardized
manuals for treatment, and clinicians, often aiming to individualize treatment. One suggested
step forward is to adopt the clinician’s agenda for individualization, but in a systematic fashion
ensuring a scientific approach. The aim of this thesis was to examine the clinical utility of
one method suggested to be useful for systematic individualization; individual level network
analysis. Both study I and II tested the clinical utility of using so-called network centrality
for treatment guiding, where centrality reflects how well connected one network node is to
other nodes. Specifically, we tested whether interventions guided by the most central node
were more beneficial for the individual compared with interventions guided by the least central
node. In study I, we tested this by using networks based on participants’ one-time ratings of
how aspects of psychological inflexibility and pain interference were perceived to cause each
other. Results were promising in that individual level treatment effects most often occurred
when treatment was guided by the most central node. Study II replicated study I, but networks
were instead estimated using repeated measures of the network variables. Results did not
indicate utility of guiding treatment based on centrality in such a data driven network. Study
IIT demonstrated that individual level networks can give us information that may be lost in
group level networks, but that there are group level connections that are generalizable to
many individuals. Such generalizable connections can be used to generate initial hypotheses
for individual level treatment, but may not be valid for everyone — prompting us to continue
the evaluation of systematic methods for individualization. Further, individual level network
connectivity was correlated with depression and pain interference, but did not contribute with
unique explained variance in the outcomes when controlling for baseline levels of the outcomes.
Finally, overall network connectivity did not predict pain interference or depression on the
individual level.
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There is no one like you. In this notion, we are all the same.
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Introduction

This thesis examines the clinical utility of individual level network analysis
and whether this method could help clinical psychologists to individualize
psychological treatment in a systematic fashion for people suffering from
chronic pain. I will first describe the role of psychology in chronic pain and
available evidence-based treatments. Specifically, I will highlight how such
treatments are often developed and evaluated on the group level, potentially
hindering generalizability to an individual client’s specific needs. This
indicates a gap between science, mostly aiming to standardize assessment and
treatment, and practice, often aiming to individualize assessment and
treatment. From this, I will present network analysis as a potential method to
bridge this scientist-practitioner gap; providing a systematic method for
individualization. Throughout the thesis, I will relate my thinking and
methodological choices to the epistemological and ontological stances that
underlies my research questions and its premises, in order to clarify the
perspective from which this thesis is written.

The role of psychology in chronic pain

Talking about the role of psychology and psychological treatment in chronic
pain can sound provocative. This might stem from an outdated view in society
regarding what psychology entails. If one believes that talking about
psychological aspects of chronic pain is equivalent to claiming that the
sensation of pain is “in one’s head” or that one is “overly sensitive” or
exaggerating, then, yes, these claims should be shut down because they are
likely to do more harm than good. It is known that such statements can
stigmatize people with chronic pain (De Ruddere & Craig, 2016), and as we
(Lavefjord et al., 2023) have shown, stigma correlates with worse outcomes
in terms of how much pain interferes with daily life and in terms of levels of
depression.

Living with chronic pain is naturally challenging due to the pain itself — pain
is a sensation that demands attention (Eccleston & Crombez, 1999) and it can
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come to interfere with the ability to engage in important or enjoyable things
(Vlaeyen & Linton, 2000). Living with chronic pain is often associated with
additional suffering, often in the form of anxiety or depressive symptoms (Bair
et al., 2003; Dominick et al., 2012). A longitudinal study (Gerrits et al., 2014)
demonstrated that chronic pain seems to be a risk factor for later development
of depression and anxiety disorders. There is also evidence of reciprocal
associations between pain and depression, where pain may lead to depression,
but where depression may also increase the risk of experiencing pain (Bair et
al., 2003). Further, there are potential common biological and psychological
mechanisms that increase the risk of both conditions (Williams et al., 2006).
Many people with pain do not only suffer from one pain condition, but may
have multiple conditions, which in turn is associated with even more problems
with depression and anxiety (Gureje et al., 2008).

Saying that psychology matters in chronic pain, means acknowledging both
the physiological and the psychological burden that chronic pain entails. It
also means that one acknowledges that behavior patterns can impact how the
pain condition interferes with everyday life. This does not mean that simply
thinking positive will alleviate pain. Rather, this means that a person who, to
the best of their abilities, for instance preserves meaningful relationships or
activities in their lives, will tend to increase their chances of experiencing
higher quality of life with less pain interference (McCracken & Eccleston,
2005; Vlaeyen & Linton, 2000). This also means that the behavior patterns
that are important to all, such as having a healthy diet and exercising, are also
behavior patterns that affect both psychological health and physiology in
people with chronic pain (Brain et al., 2021; Geneen et al., 2017).

The anti-dualism, the a-ontology, or the monism of not
separating psychology from physiology

A common denominator in the premises set up for my research, is an ambition
to integrate various perspectives. The first example of this is the above implied
rejection of mind and body dualism. Such dualism tends to be present in
conventional biomedical perspectives on chronic pain where physiological
aspects of pain are understood separately from the psychological aspects
(Gatchel et al., 2007). When pain is not reflected in clear physical injury, it
may lead to conclusions that the felt pain is “in one’s head” (De Ruddere &
Craig, 2016). This dualism of viewing psychological factors as something
foreign to purely biological pain, may thus increase the risk of a stigmatizing
experience for people suffering from chronic pain.
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The rejection of dualism is common both in a-ontological stances and in
monism. As you will see in later parts of this thesis, this thesis is written
mostly within a contextual behavioral science (CBS) research paradigm
(Hayes et al., 2012). I will describe CBS in more detail as we move along, but
I will mention now that CBS holds an a-ontological view of the world (Hayes
et al., 2012). Specifically, it is not seen as important to determine how the
world is. Therefore, one exact ontological stance is not needed. Instead,
ontological stances can be flexibly adopted as they fit into which view that is
more pragmatic in a certain context (Hayes et al., 2012). Here, the pragmatic
epistemology of CBS is showing, where theories are evaluated based on how
useful they are (Hayes et al., 2012). I wholeheartedly agree that ontological
stances should be held flexibly. In that sense, I strongly align with the
pragmaticism of CBS. An a-ontological stance on mind body dualism makes
sense. For instance, if future research would indicate that methods based on
dualistic ontology, separating psychology from physiology, leads to better
treatment for people with chronic pain, it would be pragmatic to adopt dualism
in that context.

Still, as far as we know now, physiological and psychological processes
interact (Gatchel et al., 2007). Not acknowledging the intertwined role of both,
may risk people not getting the care that could potentially increase their well-
being the most. From this perspective of considering the interactions between
mind and body, a so-called monistic stance makes sense based on our current
knowledge. A monistic ontological stance is one claiming that all phenomena
are ultimately part of one whole, rather than fundamentally distinct (Schaffer,
2018). This goes well together with my aim for integrating perspectives, and
for now, I find it more pragmatic to have a monist perspective of mind and
body as one whole. From this perspective, research on psychological treatment
for chronic pain, as is the focus of this thesis, is indeed warranted.

Psychological treatment for chronic pain

Psychological treatment for chronic pain in the form of cognitive behavioral
therapy (CBT) and acceptance and commitment therapy (ACT) are common
in clinical practice. I will first describe these treatments in more detail,
including their philosophical assumptions and how these relate to the
philosophical assumptions underlying the thesis studies. I will then lay out the
evidence base for these treatments.
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CBT

In CBT, patients are partly understood through the lens of behavioral therapy,
emphasizing respondent and operant conditioning as well as modelling and
rule governed behaviors (Ramnerd & Torneke, 2006). Interventions are
therefore focused on extinction processes and engaging in new behavioral
patterns (Ramneré & Torneke, 2006). This perspective is integrated with
understandings from cognitive therapy, emphasizing cognitive schemas and
negative automatic thoughts as contributors to suffering and as mediators to
dysfunctional behavior (Beck, 2011). Cognitive interventions thus include
cognitive restructuring, which means reviewing thought content and revising
thoughts (Beck, 2011; Ezawa & Hollon, 2023). This is not in order to force
positive thinking, but in order to help people evaluate situations from various
perspectives and reach more realistic thinking (Beck, 2011; Ezawa & Hollon,
2023).

In chronic pain, CBT utilizes a range of methods, such as practicing relaxation
for tense muscles or comorbid stress, finding a feasible balance between
activity and rest, or engaging in exposure to situations or movements that the
person wishes to engage in but is scared to (Murphy, 2022). An integral model
in CBT for chronic pain is the so-called fear-avoidance model (Vlaeyen &
Linton, 2000). This model illustrates that inactivity and depression may be
partly maintained by avoidance of many movements, in turn theoretically
influenced by catastrophic thinking about what may happen if one engages in
such movements (Vlaeyen & Linton, 2000). Thus, catastrophizing or other
disturbing thoughts may be examined and tested during the course of CBT
(Murphy, 2022). The fear-avoidance model has been immensely valuable in
CBT, in that it has yielded an emphasis on helping people towards emerging
themselves in desired, otherwise feared and avoided activities, in order to live
more meaningful lives (Vlaeyen & Linton, 2000).

Philosophical roots of CBT

CBT has been discussed in terms of multiple epistemologies (Carona, 2023;
Murguia & Diaz, 2015), which might not be surprising as it is an umbrella
term covering a vast range of theoretical assumptions and interventions from
different traditions. The cognitive therapy part of CBT is often related to
critical rationalism and to stoicism (Carona, 2023). Critical rationalism
emphasizes that knowledge can be produced through logical thinking and,
importantly, through the falsification of such logics (Ormerod, 2009).
Stoicism as applied to mental health, relates to the idea that we cannot always
control what happens, but that how we think about a problem may directly
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affect our well-being (Murguia & Diaz, 2015). These epistemologies go hand
in hand with the cognitive therapy emphasis on rationally reviewing and, if
necessary, revising thoughts and conclusions.

I am not against these epistemologies nor the cognitive interventions that
accompany them. When such interventions are effective, they are clearly
valuable. However, it is this very emphasis on usefulness that tends to
dominate my thinking, reflecting my pragmatic stance. Consequently, for the
research presented in this thesis and for the treatments delivered in the
included studies, CBS, with its explicit grounding in pragmatism, feels
particularly aligned with my perspective.

CBS is ultimately a successor to the behavioral therapy part of CBT. However,
the earliest, so-called methodological, behaviorism focused on only externally
observable events (Watson, 1913) and verification by additional observers
(Bentes de Carvalho Neto, 2013). As such, it is sometimes viewed as
somewhat positivistic (O’Donohue & Smith, 1992), a view that holds true that
research should be conducted objectively, and sits on a branch of objectivism,
indicating a belief that an objective truth is assumed (Ali, 2024). In CBS, it is
instead not deemed useful to determine exactly what is true, but rather, what
works in particular contexts (Hayes et al, 2012).

The more modern, so-called radical, behaviorism allows private events, or
covert behaviors, to be subject to behavioral analysis (Moore, 2013). It
explicitly adds an evolutionary understanding that behaviors increase if they
“survive” (i.e., are reinforced) in their specific contexts (Skinner, 1984) and
emphasizes that research practices are to depend on pragmatic considerations
(Moore, 2013). From this, it might not be surprising that radical behaviorism
was a closer precursor to the later developed CBS that emphasizes
pragmaticism and contextualism (Hayes et al., 2012). This naturally leads us
to one of the recent successors of behavioral therapy, ACT, a therapy built
upon CBS (Hayes et al., 2013) and the therapy that will be in focus in the
treatment studies included in this thesis. We will return to delve into these
lastly mentioned epistemologies after a presentation of ACT.

ACT

ACT rarely employs the conventional cognitive therapy elements found in
traditional CBT as they are not in line with the CBS perspective (Hayes et al.,
2006). Further, Kashdan et al. (2006) indicated that effects of cognitive
reappraisal can be mediated by so-called psychological flexibility (PF) — the
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process in focus in ACT (Hayes et al., 2006). Of course, thoughts are not
unimportant in ACT, but they are seen through another frame of thought than
in cognitive therapy (Hayes et al., 2006).

The main focus of ACT is to increase PF and decrease psychological
inflexibility (PI) (Hayes et al., 2013; McCracken, 2024). PF refers to a clarity
about what is important in one’s life and an ability to strive towards that, with
a presence of mind, and not backing down due to uncomfortable inner
experiences or thoughts that could otherwise be hindering. This general
flexibility skill is divided into three overarching components including two
subprocesses each, thus encompassing in total six subprocesses. On the other
side of the coin, or on the other end of the continuum, depending on how you
view it, PI refers to a tendency to be interrupted by experiences such as
unpleasant thoughts or feelings, being easily distracted, and either not being
clear about one’s values or not finding a way to work towards them (Hayes et
al., 2013; McCracken, 2024). PF and PI are highly negatively correlated
(Rolffs et al., 2017; Sundstrom et al., 2023), but as they are not perfectly
negatively correlated, some see them as two distinct concepts (Rolffs et al.,
2017).

I will note that PF and PI, including the subprocesses within these main
concepts are also sometimes referred to as processes of change (Hayes et al.,
2006; Hayes et al., 2010), as several studies have indicated that PF mediates
beneficial treatment outcomes (Hayes et al., 2022; McCracken, 2024; Murillo
et al., 2022). Specifically, the notion is that a person’s problems may be dealt
with by figuring out which PF skill that needs to be practiced and that such
practice should lead to improved outcomes. I will now go through the six PF
processes and the six PI processes (Hayes, 2006; Hayes et al., 2010; Hayes et
al., 2013; Hayes et al., 2014; McCracken, 2024), organized under the three
overarching components (et al., 2010; McCracken, 2024), as these are central
within the thesis studies.

Openness or lack thereof

Defusion and fusion

Every day, a myriad of thoughts and memories go through our minds. They
can be about literally anything; dinner plans, treasured memories, or even self-
blaming or judging thoughts about things we think that we have done wrong
or won’t succeed in doing. While some thoughts are a result of conscious
effort, such as when actively trying to solve a problem, or when outlining a
thesis, many of our thoughts are automatic in that they pop up as they are
somehow related to something that we see, hear, or something else that we
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just thought about. This means that it is not possible to exert complete control
over what we think or do not think (Hayes et al., 2014). In ACT, there is
therefore no intention to remove or change thoughts, but rather to change the
relationship one has to these thoughts (Hayes, 2006; Hayes et al., 2010; Hayes
et al., 2013; Hayes et al., 2014; McCracken, 2024).

Our thoughts are thus not in themselves viewed as problematic. In fact, ACT
emphasizes that the ability to engage in problem solving with our thoughts,
and the ability of our thoughts to stop us from doing potentially dangerous or
foolish things, is something to be valued (Harris, 2011; Hayes et al., 2014).
We are supposed to be able to consider our thoughts seriously and to let our
thoughts influence our decision making. But, being able to consider our
thoughts seriously does not mean that this is helpful in every single instance.
While some thoughts, if acted upon, will lead us to good things, some thoughts
may hinder us from pursuing the things we value in life, if we act upon them
(Harris, 2011; Hayes et al., 2014).

For example, in writing this thesis, | have multiple times thought that “It won’t
be good enough for a PhD level thesis”. If I was to take these thoughts very
seriously, considering them to be one absolute reflection of reality, it could be
said that I was fused with these thoughts. If I instead was to know that it is
natural for thoughts to reflect the sense of fear that can emerge when doing
something that feels important and with potentially high stakes to it, rather
than necessarily reflect a truth, I would be defusing from these thoughts.

As such, fusion in this context means not being able to separate the thought
content from the knowledge that thoughts are indeed just thoughts (Hayes,
2006; Hayes et al., 2010; Hayes et al., 2013; Hayes et al., 2014; McCracken,
2024). Defusion is about practicing the ability to see thoughts as nothing more
or less than thoughts, and to know that oneself is the one to decide whether
these thoughts should be actively engaged in further and whether they are to
be allowed to dictate one’s behaviors (Harris, 2011; Hayes, 2006; Hayes et al.,
2010; Hayes et al., 2013; Hayes et al., 2014; McCracken, 2024).

Implications for people with chronic pain are that such things as catastrophic
thoughts are seen as natural consequences of the condition that one suffers
from. Catastrophic thoughts are not targeted to be changed or replaced with
other thoughts. Instead, through practicing defusion, people with chronic pain
can identify when thoughts are helpful and when they are not, and thus how
much these thoughts are allowed to influence behavior.
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Acceptance and experiential avoidance

Our human capacity to avoid what is unpleasant can many times be a strength.
For instance, avoiding putting one’s hand on a hot surface due to not wanting
to experience the pain of being burnt, protects from harming one’s skin.
Avoiding upsetting situations may similarly lead one to seek out contexts that
contribute better to one’s well-being.

However, at times, this avoidance of experiences — experiential avoidance —
may lead one astray from what is important (Hayes, 2006; Hayes et al., 2010;
Hayes et al., 2013; Hayes et al., 2014; McCracken, 2024). Such can be the
case when one avoids applying for a job due to fear of rejection, or if one was
to call in sick for a thesis defense because the thought of it makes one’s
stomach twist and turn. In these instances, acceptance is about allowing
oneself to feel whatever is felt, without trying to avoid the sensations (Hayes,
2006; Hayes et al., 2010; Hayes et al., 2013; Hayes et al., 2014; McCracken,
2024). This does not mean that one must enjoy these feelings. It only means
finding ways to open up to the experiences. It is also important to remember
that this does not mean that one needs to actively seek out unpleasant feelings
just for the sake of it. It is about accepting such feelings when doing so helps
one to move towards what one values.

When it comes to chronic pain, many situations and experiences are difficult
to handle because they may lead to momentary increased pain sensations. At
the same time, avoiding all such activities or situations may decrease well-
being in the long term. For instance, not doing physiotherapist recommended
exercises or activities may help one to avoid pain in the short term but may in
the long run weaken the body as illustrated in the fear-avoidance model
(Vlaeyen & Linton, 2000). Or, one might want to meet up with friends, but
avoid these situations due to feelings of inadequacy because one’s condition
hinders participation in some of the activities that the friends enjoy. Such
avoidance can lead to a relief in these feelings in the short term, but in the long
run lead one away from valued time with friends (Hayes, 2006; Hayes et al.,
2010; Hayes et al., 2013; Hayes et al., 2014; McCracken, 2024).

Awareness or lack thereof

Present moment awareness and lack thereof

In striving to live according to one’s values and goals, there are multiple
distractions along the way. There are sounds, things happening around
oneself, and there are inner experiences diverting focus away from what is
presently most meaningful and towards less important things or even towards
worry or rumination. Of course, this ability to turn away from the present,
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serves one well in many instances (Harris, 2011). It helps one learn from the
past, and to predict and plan for the future (Harris, 2011). It also helps one to
notice potentially important distractors.

Still, the skill of being the one in charge of how one’s attention is directed, is
a skill that can be improved (Hayes, 2006; Hayes et al., 2010; Hayes et al.,
2013; Hayes et al., 2014; McCracken, 2024). Not in the sense that one will
never again be distracted. On the contrary, it is only human and indeed
valuable to be so. But, with some practice, many people can become better at
noticing when they have become distracted and better at re-allocating attention
in a voluntary manner.

When pain is experienced, it is a natural distractor (Eccleston & Crombez,
1999). Pain signals are meant to help one let go of what one is doing and
instead attend to where it hurts, guiding one towards seeking pain alleviation
and minimizing injury (Eccleston & Crombez, 1999). While this can be
adaptive in acute pain, for chronic pain, it means that attention to other things
will very often be hindered by pain (Eccleston & Crombez, 1999). Here, again,
people may be helped by practicing the ability to refocus on things that matter,
broadening the aspects of life that get one’s attention.

Self as context and self as content

Life is full of changes. For instance, we go through different roles, from being
someone’s child to being an adult. Perhaps we try one or many different job
roles, each including different sets of expectations and responsibilities. We
form and end various relationships, each requiring their own adaptations. We
experience countless thoughts and emotions throughout life, we solve
problems, and we evolve. We discover new interests and gain new skills,
while perhaps sometimes leaving some interests behind. Still, throughout all
of these changes, it is one and the same personal consciousness that
experiences all of these different things.

The PF skill self as context is the ability to be aware of oneself as the context
in which these various things happen (Hayes, 2006; Hayes et al., 2010; Hayes
et al., 2013; Hayes et al., 2014; McCracken, 2024). Common metaphors to
illustrate this is to think about things that happen — experiences encountered —
as the clouds on the sky, while oneself is the actual sky in which these things
happen, or as the experiences as chess pieces and oneself as the board where
the game of chess is being played (Harris, 2011; Hayes et al., 2014). Practicing
the ability to view oneself as the context in which experiences happen, can
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help us in that it gives us better clarity and perspective on the things that
happen and how we can best relate to them or engage with them.

Increases in self as context can also help us to be more flexible about how we
view our identities (Hayes, 2006; Hayes et al., 2010; Hayes et al., 2013;
McCracken, 2024). A lot of the time, we carry with us a view of ourselves.
We might view ourselves as shy or social, or identify strongly with a certain
activity or passion. These descriptions of ourselves, these identities, can be
useful. They can provide us with insights about our needs, our values, and the
contexts that we feel most at home in. Our views of ourselves help us find
people that share our interests or in other ways match us well. But, if our views
of ourselves become too rigid, or if we cling to them too much, they can also
trap us in only allowing ourselves to be or act a certain way, sometimes
restricting us from seeking out things that could be good or meaningful for us
(Harris, 2011; Hayes et al., 2014). Seeing oneself as the context where
experiences happen, or the sky where weather can happen, can potentially
open one up to see that one can hold more experiences than one might have
thought.

The opposite, viewing oneself as equivalent to the actual roles taken, the actual
experiences lived through - the actual weather, without seeing the sky at the
same time — is defined as self-as-content (Hayes, 2006; Hayes et al., 2010;
Hayes et al., 2013; McCracken, 2024). This tendency may lead one to be more
rigid about what content is actually allowed in one’s life. For people with
chronic pain, practicing self as context may be a way to see oneself as more
than someone with a particular pain condition, potentially helping out with
finding new ways to enrich life.

Engagement or lack thereof

Values clarity and lack thereof

Working with clarifying values means to reflect upon what one truly finds
meaningful or fulfilling and how one wants to be as a person in life (Hayes,
2006; Hayes et al., 2010; Hayes et al., 2013; Hayes et al., 2014; McCracken,
2024). As opposed to goals, which are often specific and time bound
achievements, values act as a never-ending compass for what to strive for
(Hayes, 2006; Hayes et al., 2010; Hayes et al., 2013; Hayes et al., 2014;
McCracken, 2024). For people suffering from chronic pain, being clear about
one’s values can be particularly useful, as these values can ease the burden of
facing life’s difficulties. Without such clarity, it is easier to instead become
guided by one single goal; relief from pain, which might lead one away from
treasured activities and relationships.
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Committed action and inaction

Committed action is similar to values clarity, but rather than knowing what is
important, it is about being persistent in striving for what is important, even
when one might fail at times or when it is difficult (Hayes, 2006; Hayes et al.,
2010; Hayes et al., 2013; Hayes et al., 2014; McCracken, 2024), for instance
when pain intensity is high. Inaction instead means to more easily abandon
the intention of doing things in line with one’s values. Instead, one either
becomes passive, in not acting in accordance with values, or one may even act
in ways that are opposite to one’s values (Hayes, 2006; Hayes et al., 2010;
Hayes et al., 2013; Hayes et al., 2014; McCracken, 2024).

Philosophical roots of ACT

We now return to the philosophical roots of ACT, grounded in the research
paradigm of CBS. This paradigm adopts a philosophy of functional
contextualism (Hayes et al., 2012). This epistemological stance entails a mix
of pragmaticism, with a focus on what works, and contextualism, highlighting
how scientific truths are truths depending on the context rather than being
absolute truths in every circumstance (Hayes et al., 2012). Further,
empiricism, the notion that we should find what works in which context
through empirical research, is also adopted (Biglan & Hayes, 1996).

According to functional contextualism, it is not in itself interesting to
determine what exists or not, since the world can be described in different
ways depending on what is functional in a certain situation (Hayes et al.,
2012). Thus, functional contextualism adopts a pragmatic truth criterion,
meaning a focus on what works in a given context (Hayes et al., 2012). What
is true — or, better phrased as what is right - depends on what is useful in
relation to a certain goal (Hayes et al., 2012).

In psychological treatments, this pragmatic truth criterion holds the
implication that it does not serve much purpose to discern whether a thought
is true or not, but rather whether it is useful to rely on or not (Hayes et al.,
2014). This explains why traditional cognitive restructuring interventions are
seldom used in ACT, and why such interventions will not be included in the
treatments delivered in the thesis studies. It also follows that there are no
objectively true case conceptualizations — a true case conceptualization is one
that best leads to the achievement of the therapy goals (Hayes et al., 2014).
This premise is directly related to this thesis, where a new kind of case
conceptualization is tested based on its utility for helping people meet their
treatment goals. It is important to note that this does not mean that clinicians
are free to do as they please — the empirical stance still warrants clinician

23



decisions to be based on available evidence and to evaluate treatments
delivered.

Evidence-base

Multiple reviews and meta-analyses have been conducted to evaluate the
effects of CBT and ACT on pain and pain-related outcomes. Compared to
waitlist control, large effects of ACT have been seen on pain acceptance
(Hughes et al., 2017), small to large effects on depression (Gloster et al., 2020;
Hughes et al., 2017), small effects on functioning (Hughes et al., 2017), and
small to medium effects on anxiety (Gloster et al., 2020; Hughes et al., 2017).
Both Hughes et al. (2017) and Gloster et al. (2020) demonstrated a high
heterogeneity in the effects on pain intensity itself, with effects ranging from
non-significant to large among included studies.

A more recent meta-analysis (Lai et al., 2023) also conducted trial sequential
analysis to control for random errors and compared ACT to control conditions
in terms of waitlist, treatment as usual, or placebo. They found small effects
of ACT on pain intensity, small to medium effects on depression, anxiety, and
quality of life, and medium effects on functioning. Buhrman et al. (2016)
conducted a systematic review specifically focused on internet delivered CBT.
A couple of studies within this review were focused on ACT, but most of them
focused on CBT. Effects were generally demonstrated in comparison to
waitlist control. Small effects were found on pain intensity, pain interference,
depression, and anxiety, whereas medium effects were found on
catastrophizing (Buhrman et al., 2016).

Comparing ACT to active control conditions such as relaxation training or
expressive writing (Hughes et al., 2017), ACT has not demonstrated effects
on anxiety or pain intensity (Hughes et al., 2017), but has shown small to
medium effects on depression (Gloster et al., 2020; Hughes et al., 2017), small
effects on substance use (Gloster et al., 2020), and large effects on pain
acceptance (Hughes et al., 2017). Hughes et al. (2017) also found small to
medium effects on functioning. This has also been partially reflected in a
Cochrane systematic review (Williams et al., 2020), where ACT effects on
disability compared to an active control were not seen posttreatment, but were
large at follow up. However, when compared to treatment as usual, there were
no effects on disability either at end of treatment or at follow up (Williams et
al., 2020).
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The Cochrane systematic review (Williams et al., 2020) overall had more
discouraging results for both CBT and ACT on pain, distress, and disability.
The authors mainly concluded no or small effects when compared to active
control conditions, such as exercise or support groups, or treatment as usual,
which, however, could potentially include evidence-based interventions
(Williams et al., 2020). Oftentimes, the small posttreatment effects were no
longer seen at follow up, although, as mentioned, ACT effects on disability
compared to active control was an exception where large effects were seen at
follow up (Williams et al., 2020).

All in all, both CBT and ACT for chronic pain demonstrate clear advantages
over no treatment at all, but compared to active intervention controls or
treatment as usual, the benefits are less clear. In addition, treatment effects,
even compared to waitlist, tend to in general be small to moderate (Buhrman
etal., 2016; Gloster et al., 2020; Hughes et al., 2017; Lai et al., 2023; Williams
et al., 2020). Thus, while evidence-based, there is room for improvement in
CBT and ACT.

Some argue that the current research norm of creating group level models for
informing treatments, may lead to a situation where our understanding of what
a particular client needs becomes limited (Hofmann et al., 2020; McCracken,
2023). This means that subsequent treatment delivery becomes less effective
than it could be if we understood our clients better at an individual level and
if such individualized treatments were being evaluated (Hofmann et al., 2020;
McCracken, 2023). From a CBS perspective, it is often pointed out that the
most useful theories, the ones that best help us in predicting and affecting
psychological phenomenon, should be generalizable between the group level
and the individual level in order to be most useful (Hayes et al., 2014). We
will now examine the claims that the individual level is not well represented
by group level findings.

Lack of generalizability between the mean and the
individual

There’s no one like you. It’s a worn-out expression. Yet, it seems as though it
is not as fully appreciated in psychology as it could be, considering our field’s
large focus on generating research conducted on the group level (Molenaar,
2004; Molenaar & Campbell, 2009). Also called nomothetic research, such
group-based studies examine the variation between participants, so called
interindividual variation (Molenaar, 2004). Idiographic research tends to
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instead study variation within participants; intraindividual variation
(Molenaar, 2004).

Nomothetic research requires relatively large sample sizes in order to help one
test one’s hypotheses, based on solid argumentation. If one aims to make
claims about the general population, the sample size must be sufficiently large
to support generalization. One, two, or even ten people are not enough,
because these people could be outliers. But there is one problem — if we cannot
generalize from a few to many, then what is to say that we can generalize from
the group to the individual? While nomothetic research has its value in
identifying general patterns, there can be a discrepancy between findings on
the group level and the individual level (Molenaar, 2004; Molenaar &
Campbell, 2009).

Some argue that we can only truly generalize findings across levels of analysis
if the processes we are examining are ergodic, meaning that the interindividual
and the intraindividual variation are essentially equivalent (Molenaar, 2004;
Molenaar & Campbell, 2009). For this to be the case, two assumptions must
be met (Molenaar & Campbell, 2009). One of these concerns homogeneity. If
we were to track the intraindividual variation across time in different people,
would their patterns of variation be similar? Will data from each individual be
compatible with the same statistical model? If so, the homogeneity assumption
can be said to be met, and vice versa if not. The other assumption concerns
stationarity. Only if the statistical characteristics of data, such as means and
variances, remain stable over time, can this assumption be said to be met
(Molenaar & Campbell, 2009).

The existence of the so-called Simpson’s paradox brings question to
assumptions of ergodicity. This paradox is reflected in data when the results
observed at one level of analysis, are reversed or absent at another level of
analysis, and shows the importance of not automatically assuming that group
results are valid at the individual level (Mangalam & Kelty-Stephen, 2021).
One example of Simpson’s paradox comes from a study (Dietvorst et al.,
2018) which investigated the relationship between parents invading the
privacy of their adolescents on the one hand, and adolescents keeping secrets
on the other hand. At the group level, there was a positive relationship between
perceived privacy invasion by parents and secret keeping from adolescents.
At the individual level, however, a negative relationship emerged instead,
where more secret keeping by an adolescent was associated with less
perceived privacy invasion by parents (Dietvorst et al., 2018).
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Another clear illustration of the lack of ergodicity can be found in contrasting
intraindividual and interindividual variation regarding answers to a
questionnaire looking at personality factors according to the Big Five
(Molenaar & Campbell, 2009). Using repeated measures data from a previous
study (Borkenau & Ostendorf, 1998), Molenaar and Campbell (2009) found a
difference in factor structure when conducting factor analysis on
interindividual variation using R-technique, as compared to conducting factor
analysis on intraindividual variation using P-technique. The factor structure
indicated by R-technique was the common Big Five model, with the latent
factors of neuroticism, extraversion, agreeableness, conscientiousness, and
intellect. However, P-technique factor analysis, where the data points reflect
repeated measuring rather than multiple individuals, revealed a difference in
the number of factors emerging for different individuals. Further, the factor
loadings of the items used in the assessments differed between individuals.
Thus, the assumption of homogeneity was not met (Molenaar & Campbell,
2009).

Another study (Brose et al., 2010) showed that the relationship between
motivation and working memory performance varied between people and that
the average results only reflected some participants. Similarly, Brose et al.
(2015) found that between person factor structures of affect as measured by
the Positive and Negative Affect Schedule, differed from within person factor
structures. Specifically, at the group level, positive and negative affect seemed
to be independent from each other, although this statistical model did not hold
true for all individuals (Borse et al., 2015).

Fisher et al. (2018) continued this line of research by looking at variables in
samples of people with anxiety and/or depression, personality disorders, and
control samples without these conditions. They found that the standard
deviations tended to be larger for the intraindividual data compared to the
interindividual data. This highlights that greater within-person variability may
be obscured when relying solely on group level statistics. They also found that
average group level correlations were similar to average individual level
correlations in four out of nine comparisons, but different in the remaining
five comparisons. (Fisher et al., 2018).

In my own research group, we recently investigated ergodicity in chronic pain
(Sundstrom et al., 2025). We used repeated measures twice a day over a 42-
day period with people with fibromyalgia and endometriosis. In order to arrive
at a data set with an equal number of participants as data points per
participants, we selected 58 participants and for each person, 58 data points
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were selected. We thus had 58 cross-sectional data sets and 58 time series.
When analyzing the cross-sectional data in a nomothetic way and the time
series ideographically, we found that correlations calculated from the cross-
sectional data were more similar to each other compared to the various within
person correlations that were calculated for the time series. Thus, there was a
wider range of correlation values at the individual level. As such, the group
level mean correlations were often not representative for many of the
individual level correlations. We concluded that the problem of non-
ergodicity, or non-generalizability, seems to be relevant in chronic pain as
well (Sundstrom et al., 2025).

Implications for psychological treatment

Group level understandings of how variables relate to each other may not
translate well to as many individuals as one would hope. The main implication
for psychological treatments, is that, if treatment protocols are built around
group level models of how variables relate to each other, the treatments may
be ineffective for those who on the individual level deviate from the group
level models.

Similar to my arguments that we should approach treatment for chronic pain
through the lens of an integrative perspective of mind and body, I also argue
that we should aim for assessment and treatment protocols that are integrative
in the sense that they do not only work for the average, but also for the outliers.
After all, the outliers are common in clinical practice, where clinicians are
faced with the issue that available treatments may not fit their client. We will
now explore this so-called scientist-practitioner gap further.

The scientist-practitioner gap

In research settings, many psychological treatment protocols tend to be
standardized for research participants with a particular diagnosis, which in
turn spills over into societal guidelines highlighting the importance of these
standardized treatments (Truijens et al., 2019). Similar to the researchers
arguing that group level findings are not automatically generalizable to
individuals (Molenaar, 2004; Molenaar & Campbell, 2009), clinicians argue
that these manuals make it difficult to take individual characteristics into
account (Garfield, 1996; Truijens et al., 2019).

As an example of such difficulties, let’s assume a person has a diagnosis of
social anxiety. Clark and Wells (1995) developed a well-used CBT protocol
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emphasizing the need to adopt an external focus in social situations, cognitive
techniques for handling worrying and rumination, as well as behavioral
experiments where new experiences can be had, potentially violating previous
assumptions. Now, let’s say that one particular patient is extremely unwilling
to do the behavioral experiments due to not being open to feeling any
discomfort at all. Perhaps this person would benefit from increasing their PF
in terms of acceptance. And sure, another CBT protocol could then be
developed that includes acceptance skills as an add-on for people with social
phobia. But then comes another patient, who at first happily tries behavioral
experiments, maybe in terms of talking to strangers. It turns out that this
person lacks some crucial social skills and ends up being scolded in nearly all
attempts to engage in conversation, naturally decreasing the willingness to try
again. There are indeed CBT for social phobia protocols that also include
interpersonal skills training (Herbert et al., 2005; Turner et al., 1994). The
point, however, is that, when adding comorbidity, or looking at individual
specific processes or skills that may affect treatment engagement and success,
the number of variations and tweaks that are needed in standardized treatment
protocols may start to accumulate.

In research settings, the solution is often to be relatively strict with who is
included in a study sample (Andrade, 2025; Shean, 2014). But, in clinical
practice, clinicians encounter a wide range of patients for whom there are no
perfectly fitting, scientifically validated, treatment protocols. For people
suffering from chronic pain, many have multiple pain conditions at once
(Gureje et al., 2008), and many have comorbid psychiatric symptoms that need
to be addressed in therapy (Bair et al., 2003; Dominick et al., 2012).

Naturally, the practitioner may rely on their clinical training for handling these
situations. Psychologists are after all taught to create individualized case
conceptualizations in order to deliver treatment in individualized manners
(Gilboa-Schecthman, 2024). For instance, in behavior therapy, functional
analysis is used as a method to analyze how dysfunctional behaviors are
maintained, yielding hypotheses for suiting interventions (Virués-Ortega,
2005). In ACT, the six PF skills may be delivered in an order that suits the
person’s needs (Hayes et al., 2014), and there is evidence that parts of ACT
can be delivered independently from each other (Vilatte et al., 2016).

Practitioners may still be said to operate within a framework of evidence-
based practice even when they individualize treatment. Evidence-based
practice is not just about employing research-based techniques or methods,
but also about taking the patient’s circumstances and preferences into
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consideration, as well as relying on clinical expertise and experience (APA,
2006). Importantly, standardized, or manual-based, treatment does not seem
to be superior to non-manualized treatment (Truijens et al., 2019). However,
when clinicians individualize treatments in this way, it indicates a gap between
researchers who focus on selected groups of people and standardization of
treatment, and clinicians, focusing on real-world heterogeneous people and
applying their individualization skills.

I argue, again, for an integrative approach; we should not have a subject of
clinical psychology that separates what researchers are doing, in terms of
procedures for assessment and treatment planning, from what clinicians are
doing. The critiques against standardized protocols for assessment and
treatment are valid based on the lack of generalization to the individuals, but
relying solely on clinician judgement does risk including bias and errors in
judgement (Bowes et al., 2020; Lilienfeld, 2014). In an integrative approach,
we might examine systematic procedures for individualization, potentially
bridging the scientist-practitioner gap.

In recent chronic pain research, systematic individualization of psychological
treatment is not the norm (McCracken, 2023). Specifically, in a recent review
(Lavefjord & Sundstrom, 2025), we only found a few studies including
individualization elements in their treatment protocols. Interestingly, some of
these studies based the individualization elements on the needs of
nomothetically derived subgroups instead of individual specific factors that
could be assessed with idiographic research methods. Additionally, research
including individualization elements tended to employ nomothetic evaluations
of treatment, making individual level effects less known (Lavefjord &
Sundstrom, 2025). Recently, Scholten, Herzog et al. (2025) demonstrated that
effects from psychological treatment for people with chronic pain are vastly
heterogenous. This indicates a need for idiographic evaluation methods.
However, while idiographic methods such as single case design (SCD) are
currently being employed in the field of psychological treatment for chronic
pain, they often apply standardized treatments (Lavefjord & Sundstrom,
2025). In one study (Vroegindeweij et al., 2024) did combine SCD with
individualizing, as the authors used baseline SCD data to guide interventions
for youth with fatigue syndrome or a rheumatic condition. Results showed that
an individualized intervention was superior to a generic one. Such
individualization of treatment in combination with idiographic research
methods is also integral in the new paradigm of process-based therapy (PBT).
I will present this paradigm next, followed by how network analysis may fit
into it.
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From manual-based treatment to individualization in
process- based therapy

Hofmann et al. (2020) describe that clinical psychology in its early days was
most focused on demonstrating that treatment packages could at all yield
improvements in outcomes. More intricate questions such as individual
variation and which processes of change that may bring about the
demonstrated changes in outcomes for which people, were secondary. Now,
however, Hofmann et al. (2020) argue, is the time to start tackling these
questions. We have now clearly proven to the world that psychological
treatment manuals developed for nomothetically derived categories of people,
such as those fulfilling criteria for specific diagnoses, in general work, and we
are freer to begin focusing on understanding individuality and processes of
change. PBT is a proposed treatment paradigm in which these questions can
be addressed (Hofmann & Hayes, 2019).

PBT aims to define a set of psychological processes of change that seem to be
important in mediating treatment outcomes, and for identifying which process
of change that seems most important for one particular person (Hofmann et
al., 2020; Hofmann & Hayes, 2019). For instance, for a person with chronic
pain where catastrophizing is strongly correlated with pain interference on the
individual level, targeting catastrophizing could hypothetically be more useful
than doing so for an individual where this correlation is non-existent, or
minimal. In treatment studies, processes of change that mediate treatment
outcomes have indeed been found to vary on the individual level (Caneiro,
2024; Sanabria-Mazo et al., 2024). Similarly, the strength of relationship
between process variables and outcome variables varies considerably across
people (Sanabria-Mazo et al., 2024).

PBT gets around the problem of diagnostic comorbidity, and the problem of a
person meeting subsets of criteria for multiple diagnoses but never enough
criteria for one specific diagnosis (Hofmann et al., 2020). Rather than dividing
symptoms or change processes based on how they fit into distinct nomothetic
categories, in PBT any variable that is relevant for understanding a particular
person should be included in a person level conceptualization (Hofmann et al.,
2020; Hofmann & Hayes, 2019). On that note, it should be clarified that PBT
is not strictly based on CBS, and opens up for inclusion of other processes of
change than only the ACT processes (Hofmann & Hayes, 2019). However,
ACT can be seen as one version of PBT, since it does include well-known
processes of change in its model (Hayes et al., 2022; McCracken, 2024;
Murillo et al., 2022). Delivering ACT from a PBT point of view, however,
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means finding a way to identify which exact ACT process that seems most
relevant to one particular person. This is what we aimed to do in study I and
I in this thesis.

Additionally, Hofmann et al. (2020) argue that processes of change may not
always be linear mediators between treatment and outcomes. Hypothetically,
multiple processes of change can be relevant to one person, and may affect
each other as well as outcome variables. Therefore, estimating a person level
model of how outcomes and change processes interact could be useful, and
network analysis may be a tool for providing such an estimation in a
systematic fashion (Hofmann et al., 2020). This finally brings us to
idiographic network analysis as a potential systematic method for
individualization.

Idiographic network analysis

Network analysis is a method used to examine associations between multiple
variables at once, controlling for each other. I will go into technical details in
the methods section, but for now, the most important part is how this
potentially relates to PBT.

In network theory, the very essence is to see how variables are dynamically
potentially causing each other (Bringmann, 2021; Epskamp, 2020; Epskamp,
van Borkulo et al., 2018; Robinaugh et al., 2016, Robinaugh et al. 2020; Ryan
& Hamaker, 2022). While there is no consensus on how person specific case
conceptualizations should be conducted within PBT, idiographic network
analysis is conceptualized as promising (Hofmann et al., 2020; McCracken,
2023; Ong et al., 2022). And no wonder — the network theory emphasis on
dynamic interactions regardless of latent categorizations in theory fits
perfectly with PBT.

Graphically, network variables are presented as circles called nodes. These
nodes are connected by so called edges, varying in thickness to indicate the
strength of associations, also called edge weights, between any two nodes. See
Figure 1 for an illustration. Two main methods of network analysis exist in
the psychological network literature; perceived causal networks (PECAN) and
data driven networks. PECAN is based on a person’s one-time ratings of how
variables are perceived to affect each other (Klintwall et al., 2021), whereas
data driven networks rely on repeated measuring of variables which are then
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used as data points in estimating the network, usually through looking at
partial correlations between variables (Epskamp, van Borkulo et al., 2018).

Much of the psychological network research has focused on using
observational data to illustrate how networks can be estimated, and reflected
upon their use (see for instance Frumkin et al., 2021; Harris et al., 2025,
Levinson et al., 2018; Levinson et al., 2021, Ong et al., 2022; Scholten et al.,
2022). Network analysis has also been subject to psychometric evaluation. For
instance, participant ratings yielding PECANs seem to be reliable over time
(Klintwall et al., 2021; Vogel et al., 2025). For data driven network, research
has investigated the amount of data points needed (Mansueto et al., 2023).
Further, research has demonstrated that clients tend to see value in network
conceptualizations (Andreasson et al. 2023; Frumkin et al., 2021; Klintwall et
al., 2021; Vogel et al., 2025; Scholten et al., 2022). Therapists have likewise
seen value in it according to some studies (Andreasson et al., 2023; Klintwall
etal., 2021), although one study concluded that therapists did not see as much
value in networks as did the clients (Frumkin et al., 2021).

In our own research (Lavefjord et al., in prep.), we generated example data
driven networks based on data used in study III and had clinicians rate the
usefulness of these networks. Generally, clinicians highlighted limitations
including difficulties in interpreting the networks, since edges sometimes
appeared that were somewhat illogical. Clinicians also expressed concerns
that using network analysis might exclude patient and clinician insights and
restrict the range of variables in focus. There were also questions around how
to select the nodes included in the network (Lavefjord et al., in prep.)

These fears are valid, because networks, particularly data driven idiographic
networks, are restrictive in the sense that full networks cannot be recovered
unless one includes a large number of repeated measures (Mansueto et al.,
2023), something that I will come back to in the methods. Further, there is no
consensus on how to interpret network output for use in treatment planning.
Since these basic questions have not been answered, it is understandable that
widespread application of networks in treatment delivery is not currently
taking place. However, from a pragmatic standpoint, I am skeptical that these
fundamental issues can be entirely resolved without systematically testing
whether different network estimation methods and their interpretations are
useful for psychological treatment planning. This is in line with the argument
by Hayes et al. (1987) that any assessment procedure must be evaluated on
how well it in the end helps treatments in becoming successful.
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It is worth describing precisely how much progress has been made in relation
to the use of network analysis in treatment delivery and evaluation. First, Ong
et al. (2025) conducted a single case experimental design (SCED) including
five participants who filled out daily measures four times a day for 30 days in
order to create data driven networks. The therapist and the client looked at the
resulting network and used it as a complementing source of information for a
case conceptualization. Results showed that the treatment influenced by the
network yielded effects on personally relevant outcome measures for most
participants. This was an important contribution, although it is unclear in this
study exactly how much the network influenced the case conceptualization
and in what way.

One potentially more specific way to utilize networks for treatment planning,
is to look at so-called network centrality (Robinaugh et al., 2016; Robinaugh
et al., 2020). As network analysis examines the edges between every couple
of nodes in the network, network analysis output also tends to give us indices
of so-called centrality. These indices will be presented in detail in the
methods, but in principle, they indicate how many or how strong edges that a
particular node has to other nodes in the network, either directly or indirectly.
The network centrality hypothesis in the context of idiographic networks used
for guiding treatment planning, is that more central nodes are potentially
relevant targets in psychological treatments (Robinaugh et al., 2016;
Robinaugh et al., 2020). If central nodes are changed, they could, through their
edges in the network, also have the potential to change the whole network to
a stronger degree than less central nodes may have.

Levinson et al. (2023) tested the effects of treatment based on network
centrality in a group design study including 62 participants suffering from an
eating disorder. Participants filled out daily measures five times a day in 15
days in order to create data driven networks including eight as well as 15
nodes. The interventions that were to be given based on node centrality was
decided a priori. For instance, if a client had fear of weight gain as their most
central node, they were to receive imaginary exposure. If a client got body
checks as a central node, they received exposure with response prevention.
Treatment began with focusing on interventions guided by the two most
central nodes. The results were very promising, showing medium to strong
effects on multiple outcomes.

While the studies by Ong et al. (2025) and Levinson et al. (2023) indicate
preliminary clinical utility of using network analysis for treatment planning,
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it is worth noting that these studies did not include blinding of treatment
conditions, potentially increasing expectancy effects, and that there were no
control conditions apart from no treatment baseline conditions. As such, the
utility of network analysis in general, and the centrality hypothesis in
particular has yet to be tested in a more empirically satisfying way.

Yet another network analysis hypothesis is the so-called network connectivity
hypothesis, stipulating that a person with a highly connected network of
problem variables is more vulnerable to psychological ill health, because any
worsening of a symptom or skill will have a big impact on other things
(Robinaugh et al., 2020). In this sense, idiographic network connectivity may
be seen as a predictor of the level of pathology demonstrated as well as a
relevant treatment outcome; a helpful treatment should lead to less
connectivity in the network.

So far, the evidence for the connectivity hypothesis has been inconclusive,
with some studies findings results in favor of it and some not. There are studies
indicating no differences in connectivity when comparing networks from
groups with differing levels of psychological ill health (Groen et al., 2019), or
when comparing networks from a group with comorbidity with a network
from a group without comorbidity (Makhubela, 2021). However, different
levels of connectivity have been found when comparing a group diagnosed
with depression with a group not diagnosed with depression (Santos et al.,
2017).

Regarding the prognostic value of network connectivity, some research has
indicated that groups with lower network connectivity at the start of treatment
may have better prognosis in treatment (Ashaie et al., 2021; van Borkulo et al.
2015; McElroy et al., 2019), but one study (Mértensson et al., 2024) instead
found no differences in the network from a group that responded to treatment
compared with a group that did not. Lee et al. (2024) found that while network
connectivity seemed to predict response to treatment to a small degree, results
from standardized measures predicted treatment response more strongly.

Importantly, the above network connectivity studies were conducted using
cross-sectional networks, meaning that we know little about the predictive
value of idiographic networks. Jover Martinez et al. (2025), while not
conducting purely idiographic analyses, did include close to 200 idiographic
networks in multilevel network analysis comparing network connectivity for
a group of participants with high degrees of psychopathology with a group
with lesser degrees of psychopathology. No differences in connectivity were
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found between these groups. More research is needed where idiographic
networks are included in analysis, and especially whether using idiographic
network connectivity as a way to predict future outcomes holds utility above
other methods of prediction.
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General aim

We have now in large covered that group level models and the treatments
derived from them may not always generalize to all individuals. I have argued
that clinical psychology should aim to find protocols that work not only for
average people, and I have argued that the lack of generalizability to the
individual level yields a gap between clinical psychology as a science and
clinical psychology as it is practiced. These arguments underlie my search for
systematic procedures that could potentially be used for understanding people
on the individual level and for bridging the scientist-practitioner gap.

Multiple studies have been written about how network analysis may
revolutionize psychological assessment and treatment; that this might be the
method that will finally bring us a system for individualization. This is
understandable — network theory with its focus on within person associations
of nodes theoretically fits perfectly with the criticism directed at planning
treatment based on group level categories. But as interesting as network theory
is in itself, my pragmatic mind also needed to know — does it work? Does it
create a sort of case conceptualization that will help us deliver better
treatments? Could it actually bridge the gap between clinicians individualizing
and researchers systematizing?

This thesis in large aims to evaluate the clinical utility of using network
analysis as an assessment tool for individualizing psychological treatment in
chronic pain. In study I and II, the network centrality hypothesis is put to the
test; within PECAN in study I, and within data driven networks in study II.
Study III investigates heterogeneity in individualized networks and whether
individualized networks really bring insights that are missed in networks
based on group data, but also which connections that might be close to
ergodic. Study III also tests the potential clinical utility of estimating network
connectivity.
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General methods

I will here describe the methodological choices in the three studies. You will
sometimes see reliance on group level evidence throughout the methods, and
I therefore want to clarify from the start that I do not dogmatically reject group
level research. On the contrary, group level research has yielded a vast amount
of useful knowledge in psychology, knowledge that should not be thrown
away. lIdiographic perspectives are however needed to complement this
knowledge, and to help us understand when group level models are
generalizable and when they are not. As such, many elements in the research
studies will be idiographic in nature, but as the emphasis in psychology in
general is on group level understandings, group level findings will naturally
influence the choices made in the studies here.

Chronic pain sample

All studies in this thesis focused on people with chronic pain. It can of course
be questioned why I focused on one particular group of people when I have
emphasized the need for considering individuals, regardless of diagnostic
categories. Of course, it is entirely possible to focus similar studies on an even
more heterogeneous sample, but some homogeneity in desired outcomes made
it more practical to create the treatment content. For instance, our treatments
in study I and II were partly focused on pain interference, and the treatment
content itself was often written from a behavioral medicine point of view on
pain, highlighting particular problems that may arise for people with
symptoms that are traditionally viewed as more somatic in nature.

However, in the spirit of individualizing, the studies did not focus on one
particular pain diagnosis. Both study I and II were open to people with all
chronic pain conditions and did indeed include a range of chronic pain
conditions, and a range of comorbidities. Study III included people with
fibromyalgia, vulvodynia, and endometriosis. Thus, while using group-based
evidence in order to focus treatment for people with chronic pain, the sample
was still widely heterogeneous.
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Variables assessed
Variables in networks

All studies mainly had PI processes in common in the networks. This was
most prominent in study I and II where PI processes were the ones
manipulated in treatment. While PBT acknowledges more processes than
those specified by CBS (Hofmann & Hayes, 2019), we here focused on the
processes of change aligning particularly with CBS and ACT. Other than
implicating treatment choices aligned with philosophical views, there were
also three pragmatic reasons for our choice.

First, from the body of evidence, we know that ACT works well in general for
chronic pain (Gloster et al., 2020; Hughes et al., 2017; Lai et al., 2023) and
that PI processes often mediate outcomes in psychological treatment for
chronic pain (Hayes et al., 2022; McCracken, 2024; Murillo et al., 2022).
Using interventions that are already considered evidence based for this
population, let us focus on the network application itself.

Second, each PI process has a natural skills training component coupled to it
in the theoretical ACT model (Hayes et al., 2014), which alleviates problems
that could emerge from including other variables. For instance, “worry” as a
network node, if not adhering to a particular treatment paradigm, could be
coupled with multiple interventions such as relaxation, cognitive
restructuring, defusion, metacognitive interventions, and so on. Creating
elaborate systems for how to handle these multiple alternatives was beyond
the scope of the research questions in the current studies. Relying on a
paradigm where the couplings are already established was most practical.

Third, for data driven networks specifically, one cannot have too many nodes
included (Mansueto et al., 2023). The ACT model was therefore suitable to
use as it is in nature restricted to six or three depending on the level of
variables one is interested in.

We also included pain interference in all networks, as it is a common outcome
in psychological treatment for chronic pain and one that often seems
susceptible to change from treatment (Buhrman et al., 2016; Hughes et al.,
2017; Lai et al., 2023). In study I and II, the three overarching components of
PI were included alongside pain interference in the networks. In study III, PI
as a global process was included in the main analysis, and the six separate PI
processes were included in a secondary analysis. The networks in study III
also included pain intensity, and due to the comorbidity between chronic pain
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and depression (Bair et al., 2003; Gerrits et al., 2014), depression was also
included.

Outcome variables in study I and II

In addition to being added to the networks, pain interference was also used as
a daily outcome variable, as was pain intensity. Some studies demonstrate no
effects from psychological treatment on pain intensity, but, since some people
do reach lower pain intensity levels through psychological treatment (Hughes
et al., 2017), it was included. Motivation was also included as an outcome
based on a hypothesis that interventions matching one’s needs should also
make one feel more inclined to keep going with the treatment.

Empirical research using SCD methodology

All studies were empirical in nature. This relates to the CBS stance that direct
observation is effective in order to detect which variables that relate to or
affect each other (Biglan & Hayes, 1996). More precisely, all three studies
were conducted utilizing SCD methodology, in which repeated assessments
are crucial (Smith, 2012); in this case either for generating data driven
networks as in study II and III, or for treatment evaluation as in study I and II.
Specifically, study I and II are experimental and thus utilize SCEDs. Study 11
instead utilized a single case observational design.

SCEDs of course deviate from what is normally considered gold standard for
evaluating psychological treatment, namely randomized controlled trials
(RCTs). RCTs have greatly contributed to the field of clinical psychology. For
instance, in a recent panoramic meta-analysis, Fordham et al. (2021) found
2052 RCTs conducted between the years of 1992 to 2019, demonstrating CBT
treatment effects for a vast variety of diagnosis, conditions, or problems. The
knowledge generated from these trials should in no way be undermined — we
need to preserve the knowledge gained from this impressive body of research.

Still, the problem of automatically generalizing from the group to the
individual remains. For instance, a certain treatment might be effective on
average in a sample studied, but this average beneficial effect might on the
individual level be due to some people benefitting largely, some not
benefitting at all, and some possibly even experiencing detrimental effects.
Indeed, Ebert et al. (2016) has shown that there are individuals deteriorating
in their conditions following psychological treatment. For our own evaluation,

41



using SCD methodology therefore followed naturally. Further, in the aim to
bridge the gap between science and practice, using methods that are also
practical to use in clinical settings is especially appropriate.

It is also possible to argue for using SCD methodology even from the point of
view of other philosophies. For instance, in a philosophy with a truth criterion
focused on correspondence between research findings and what is true in the
world, the problem of non-ergodicity could be phrased as yet another validity
problem that needs to be controlled in order for the scientific conclusions to
be generalizable. Indeed, non-ergodicity does not only mean that the group
results may not generalize to certain specific individuals, but also that even on
the group level, the findings might be more difficult to replicate in other study
samples (Mangalam & Kelty-Stephen, 2021). Thus, any research based on a
philosophy aiming to represent a true state of the world, should also consider
ergodicity.

Ecological momentary assessment

SCDs can be vastly different in the number of repeated measures used. At a
minimum, one phase should include four data points (Smith, 2012), and many
do not use daily assessments (Lavefjord et al., 2021). In recent years however,
it has been suggested that so called ecological momentary assessment (EMA)
goes well together with SCD methodology (Hofmann & Hayes, 2020;
McCracken, 2023). The point of EMA is that measures are filled out in real time
and in a participant’s everyday context, thus minimizing the recall bias that
comes with self-reports of behaviors or symptoms over the course of for
instance a whole week or two (Shiffman et al., 2008). From a contextual
perspective, it is indeed fitting to capture change as it occurs in a natural setting.

With assessments delivered to participant’s phones once a day in study I, five
times a day in study II and two times a day in study III, the assessment
methodology used gets close to EMA. We did however ask for some
retrospection for some items, since it can be difficult to assess such things as
for instance pain interference at one specific time if the participant is not
involved in a particular activity at that particular time. For such items, we
asked the participant to consider the time elapsed since the last measurement
occasion. Still, this kind of retrospection should theoretically lead to a lesser
degree of recall bias than when having to consider multiple days. Thus, while
critics may say that we did not exactly use EMA, I deem our usage of intense,
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repeated assessment as close enough to be considered EMA, but adapted to be
more practically feasible.

Network analysis

Network analysis, including the centrality hypothesis and the connectivity
hypothesis, has already been conceptually introduced. Here, I will introduce
more technical details and also highlight the similarities and differences in
how network analysis was employed across the three studies.

PECAN

PECAN idiographic networks only require one-time ratings of how certain
participants are in their perceptions of how variables affect each other
(Klintwall et al., 2021). In study I, this certainty was rated on a scale between
0-100, and the weight of the network edges represented these ratings. Edges
were also directed based on the direction of causality that the participant
perceived (Klintwall et al., 2021).

Data driven networks

Discrete time vector autoregressive networks

Networks based on discrete time (DT) vector autoregression (VAR) are
popular in psychology (Ryan & Hamaker, 2022). DT-VAR networks,
however, come with a big disadvantage in terms of statistical assumptions that
assessments have been collected with equal spacing (Ryan & Hamaker, 2022).
We used DT-VAR networks in study III where we had approximately equal
spacing between assessment, and also for exploratory purposes in study II. We
did not use DT-VAR for the main analyses for guiding treatment in study II.
Doing so would have been the easier choice, since the popularity of the
method means that there are more resources available in terms of example
studies, tutorials and previous code written to examine psychological research
questions in particular. However, in study II, we collected data five times a
day, during daytime only, clearly violating assumptions of equal spacing
between assessment points.

Continuous time vector autoregressive networks

In study II, we instead used idiographic continuous time (CT)-VAR network
analysis for creating the networks that guided treatment. These networks are
based on stochastic differential equations, modelling how variables
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continuously impact each other over the course of time (Ryan & Hamaker,
2022).

Group iterative multiple model estimation

In study III, in addition to DT-VAR networks, we also used group iterative
multiple model estimation (GIMME) (Beltz et al., 2016; Gates & Molenaar,
2012). GIMME is not exactly network analysis, but based on structural
equation modeling (Beltz et al., 2016), estimating causal paths between
variables. However, like network analysis, GIMME gives information about
the relations within a system of variables (Beltz et al., 2016).

GIMME can give us information about which relationships that seem to be the
same for a majority in the group, for a majority in subgroups, and which
correlations that are only individual specific (Lane et al., 2019). We used the
default settings that specified that at least 75 % of participants in the group
needed to show a particular path in order for it to be considered a group level
connection (Lane et al., 2019). Similarly, 50% of participants within a
subgroup needed to have a similar path in order for it to be considered a
subgroup level path (Lane et al., 2019). Since it can be debated whether 75%
is sufficient to be considered a group level path, in study III we also reported
on more exact percentages of participants that had a particular network path.
Additionally, GIMME also provides individual level networks. However, it
first estimates group level paths, and individual paths are only added if they
improve model fit (Lane & Gates, 2017; Gates & Molenaar, 2012).

Time frames for relationships in networks

In PECAN networks, time frames are not specified for participants. They
simply rate the degree to which one variable is thought to affect another in
general, rather than within a particular time frame. In DT-VAR networks,
network types are divided into contemporaneous networks and temporal
networks displaying lagged relations (Epskamp, Waldorp et al., 2018), here
specified as lag 1 relations. Contemporaneous networks summarize the partial
correlations between assessments collected at the same time point, for instance
if someone who is hungry in the morning also tends to be cranky at the same
time point. Temporal lag 1 networks summarize how, for instance, hunger in
the morning correlates with crankiness at the next measurement point.
Similarly, GIMME indicates contemporaneous paths as well as lag 1 paths
(Beltz & Gates, 2017).
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In CT-VAR networks, networks are generally not divided in this way, since
the very essence of this method is to see how relationships between variables
unfold continuously over time (Ryan & Hamaker, 2022). The centrality of a
node can therefore vary depending on the so-called ‘delta time’, meaning that
one node may be most central when considering a shorter time span while
another node may be more central when considering a longer time span.

Adapting treatment based on the dynamic centrality patterns would have been
ideal, but potentially tricky if one systematic principle was to be followed for
all individuals. We therefore looked specifically at centrality when delta time
was set to the median time interval between a participant’s assessments. While
thus not utilizing the strength of CT-VAR networks in demonstrating how
relationships and centrality unfold continuously over time, this was a
pragmatic choice making treatment planning simpler.

Number of data points

Naturally, PECAN only requires a one-time self-report on how variables are
perceived to affect each other. Data driven idiographic networks instead
require time series data (Epskamp, Waldorp et al., 2018). For best
performance in DT-VAR networks, if one wants to recover the full network
structure, one preferably needs more than 75-100 data points (Mansueto et al.,
2023). However, it is often more feasible to estimate contemporaneous
networks compared to temporal ones (Mansueto et al., 2023), and whenever
we employed DT-VAR in our studies it was in relation to contemporaneous
networks.

Further, in the simulation study by Mansueto et al. (2023), the sensitivity of
the estimation increased as the number of nodes decreased. Notably, the
authors (Mansueto et al., 2023) did not examine a number of nodes below six,
and we employed only four variables in the DT-VAR networks in study III in
order to increase sensitivity. In study II we explored four variable DT-VARs
as well as DT-VARs with more variables, but this was, as mentioned, purely
exploratory. In study III, we had time series data including a maximum of 84
data points. In order to balance the need for a large amount of data points while
striving for a large participant sample, we chose a cut off of at least 70 data
points in order for a participant to be included in study III analyses. Our main
aim in study III was to explore heterogeneity and generalizability — and only
getting to see each individual’s strongest edges rather than all edges in a full
network model, was deemed sufficient for this aim. Further, study III also
utilized GIMME, that estimated group level paths first and where a larger
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sample size compensates for lower number of repeated measures. GIMME
requires only 60 data points at a minimum (Lane & Gates, 2017), a
requirement met in study I11.

For CT models more broadly speaking, it has been suggested that 100 data
points as a minimum is needed for single person modelling if one wants to
recover a full model (Hecht & Zitzmann, 2021). In study 1I, we had 70-87
baseline data points for informing our CT-VAR networks. While using a
number of data points that can be critiqued for being on the lower side, the
point of study Il was not necessarily to recover full network models, but to
hopefully find sufficient information in order to test the utility of network
analysis in clinical practice. If networks are going to be useful in a clinical
setting, the methods for collecting data cannot be too unrealistic (although
even 70 data points for a baseline period is quite a lot). If networks based on
slightly more feasible amounts of data fail to be useful due to insufficient
power, then this too tells us something about the clinical utility of networks.

Centrality indices

Network analysis gives us information about so called node centrality
(Robinaugh et al., 2016), indicating which nodes that seem to be the most
associated with the other nodes in the network. In study III and in the
exploratory analyses of study II, we estimated contemporaneous DT-VAR
networks, for which there are four different centrality indices: strength,
closeness, betweenness, and expected influence.

Strength centrality looks at the sum of all edge weights connected to a
particular node (Robinaugh et al., 2016). Expected influence is very much like
strength centrality but preserves information about whether edges are negative
or positive (e.g., preserves + or — signs in the addition) (Robinaugh et al.,
2016). For strength centrality, it is the node with the highest positive value
that is most central, but for expected influence, a node with high negative
centrality is a node that has many negative edges to other nodes in the network
whereas a node with high positive centrality is a node that has many positive
edges to other nodes in the network (Robinaugh et al., 2016). For betweenness
and closeness centrality, it is good to first define that a high edge weight
between two nodes indicates a short distance between them in the network. In
that sense, betweenness centrality indicates how often a node is located at the
shortest path between two other nodes (Robinaugh et al., 2016). Closeness
centrality is calculated by looking at the average paths from variable X to all
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other network nodes, with the variable that has the shortest average path being
the most central (Robinaugh et al., 2016).

We reported only strength and expected influence in study III, since
betweenness and closeness have been deemed less relevant for psychological
research (Bringmann et al., 2019). In study II, where we only included DT-
VAR networks for exploratory purposes, we also included betweenness and
closeness, in order to include as many different parameters as possible in
generating hypotheses for future research. In study I, centrality was in
principle determined in terms of strength, but as edges were directed based on
participant perception of which nodes that cause which, it was more
specifically, out-Strength that was calculated; the sum of outgoing edge
weights from one node to all other nodes in the network (Klintwall et al.,
2021).

For the CT-VAR networks estimated in study II, centrality can be determined
through total effect centrality (TEC) and indirect effect centrality (IEC) (Ryan
& Hamaker, 2022). IEC represents how a particular node tends to affect
mediating nodes in the network, thus indicating an indirect influence on the
whole network. TEC represents the total effect that one node has on other
nodes in the network by considering both the direct effects it has on other
nodes and the indirect effects. In study II, we used TEC in the network guiding
the interventions, as affecting a node with high TEC is said to cause changes
in the network faster than when one affects a node with high IEC (Ryan &
Hamaker, 2022). We deemed this appropriate in order to decrease delayed
effects that would make phase changes more difficult to interpret. We lastly
note that GIMME does not yield centrality indices.

Single case data analyses

Evaluation of phase changes from single case data can be done in different
ways. Visual analysis is conventionally applied to SCEDs (Manolov &
Moeyaert, 2017). When considering statistical methods, one must take into
account that SCD data often demonstrate autocorrelation as well as baseline
trends (Moeyaert et al., 2020). The Tau-U specifically is a single case
statistical method that deals with these aspects (Manolov & Moeyaert, 2017).
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Visual analysis

We analyzed data visually, particularly in study I and II. We did also include
visual plots in study III when examining daily outcomes of depression and
pain interference across phases where different connectivity levels were seen,
but as study III already included more analyses than studies I and II, the study
III plots were summarized in a more condense manner compared to in study [
and II.

Visual analyses were based on looking at baseline stability, phase contrasts in
terms of means, trends, or variation, how immediate changes appeared, and
overlap of data points between phases. This was according to
recommendations by Wolfe et al. (2019). Baseline stability was deemed
present when the existing data points enabled a prediction of future data
points. Phase contrast was defined as means, trends, or variation differing
from predictions made from baseline data. More than 30% overlap of
datapoints across two phases was considered high. Lastly, Wolfe et al. (2019)
define an immediate change as a change from the last five data points in one
phase to the first five data points in a subsequent phase.

While we attempted to consider all these aspects, we particularly focused on
phase contrasts. This was because immediacy was not necessarily expected as
effects could be delayed. Also, high degrees of overlap can stem from, for
instance, overall variability even if there are general phase contrasts. We
implicitly included consideration of baseline stability, since phase contrasts
cannot be observed without comparison to the previous phase.

Tau-U

Non-overlap indices present the degree to which datapoints overlap, or rather,
don’t overlap, across the study phases (Manolov & Moeyaert, 2017). The
logic, of course, is that, if an intervention is effective, the data points at
baseline should not represent the same values as the data points after such an
effective intervention. More non-overlap is thus an indicator of a change
between baseline and the following phase(s) (Manolov & Moeyaert, 2017).

There are many slight variations of non-overlap indices (Manolov &
Moeyaert, 2017). Most established non-overlap indices do no deal with
baseline trends, but the Tau-U, as well as the ‘percentage of nonoverlapping
corrected data’ do (Manolov & Moeyart, 2017). Both of these have also been
seen to not be affected by autocorrelation in their performance (Brossart et al.,
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2018; Manolov & Moeyaert, 2017). However, the Tau-U specifically is
accompanied by p-values, whereas the percentage of nonoverlapping correct
data is not (Manolov & Moeyart, 2017). Thus, the Tau-U gives both an
estimated size of effect, where values can range between +- 1 depending on
direction and strength, but it can also be used for hypothesis testing, which
was relevant for the thesis studies.

Kendall (1938) introduced the Tau statistic as a rank correlation statistic, and
it was later updated to adjust for when ties in scores are present (Kendall,
1976, referred to in Brossart et al., 2018). However, this update still did not
account for trends within a particular phase (Brossart et al., 2018). As such,
Tau-U was created as an extension of Tau, merging methods from Tau with
methods from Mann-Whitney U (Parker et al., 2011), where pairwise
comparisons are conducted both within a particular phase and between phases.
Unfortunately, there are some Tau-U formulas available that one needs to be
wary about as they may inflate results and cause values to fall outside the
bounds of £1 (Brossart et al., 2018).

For the analyses conducted in the thesis studies, I used the default settings in
the ‘scan’ R package to calculate Tau-U, using the “Kendall’s Tau B” formula
that adjusts for tied scores, and using a formula not leading to inflated results
that may fall outside the =1 bounds (method set to “complete”) (Wilbert &
Liike, 2023). Results were reported based on the conservative Tau-Ua vs. B +
Trend B - Trend A that controls for trends. This was deemed suitable in order not to
overinflate results.

Missing data management

Naturally, collecting EMA data might lead to some level of missing data as
participants may not be able to respond to exactly all assessments. For
conducting idiographic DT-VAR networks and GIMME in study III, full
information maximum likelithood estimation was used, which seems to work
well for missing data in network analysis (Mansueto et al., 2023) and is the
default setting for GIMME (Beltz & Gates, 2017). Of course, in study III,
participants with less than 70 repeated measures had also been previously
removed before idiographic DT-VAR networks and GIMME were estimated.

In study II, with very low numbers of missing data (at most 8 missing values

out of 85 during baseline), listwise deletion was used before conducting
idiographic CT-VAR networks and the exploratory DT-VAR networks.
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In study II and III, in analyses evaluating phase differences with Tau-U, this
statistic was estimated once based on complete data only and once with
missing data linearly interpolated using the built-in argument for this in the
‘scan’-package. Importantly, sensitivity analyses indicated in principle the
same results from these two different procedures for Tau-U. In study I, there
was in principle no missing data, and so no interpolation was used for
evaluating phase differences.

Steps taken to examine generalizability across levels
of analyses

Idiographic research does not necessarily need to aim to generalize findings
to the group level. Still, science at large does aim for theory building, and this
includes science from a CBS perspective (Hayes et al., 2012). In CBS, it is
pointed out that these theories should have depth in the sense of being
applicable on several levels of analysis (Hayes et al., 2012). Generalization is
important — but equally from individual to group as from group to individual.

Study I and II were both SCEDs using multiple baseline designs across
participants, in essence striving to replicate findings across multiple
individuals (Kratochwill et al., 2010). This reflects early behavioral research;
through systematic replication, general patterns that seemed to fit most
individuals, were detected (Hurtado-Parrado & Lopez-Lopez, 2015). Of
course, our number of replications in both study I and II was limited and
should only be viewed as preliminary evidence where further replication is
still needed. Importantly, both study I and II employed randomization of
baseline length, a procedure known to increase internal validity (Tanious &
Onghena, 2020; Tate et al., 2013); if changes are consistently seen in any
particular phase, even though these phases occur after differently long
baseline periods, it makes sense to suspect that the experimental manipulation
is responsible for change. Naturally, this also enhances external validity; if
most, or all people have changes in one particular phase rather than another,
we might be able to see a general pattern after a sufficient number of
replications. Lastly, in study III, one of the aims was to examine
generalizability across levels. We did this by examining the most common
network patterns and clarifying for how many people such group level patterns
were relevant.
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Methodological evaluation

All studies were focused on examining the utility of network analysis as an
assessment tool for psychological treatment; studies I and II most explicitly
so0, and study III by examining whether idiographic networks give us anything
more than we can already get from group-based networks. It is no wonder then
that I was once asked whether this thesis informs methodological aspects of
psychological research, or whether it is more theoretically focused on
psychological treatment for chronic pain. I did not know the answer, and after
months of pondering, I still do not know.

Evaluating assessment methodology not commonly used in routine practice is
of course a task within the realm of methods development, and so all studies
were in that sense methodologically oriented. On the other hand, I did not
develop the network procedures per se, nor did I focus on their psychometric
properties, unless, of course, the work here was framed as examining a sort of
predictive validity. From a pragmatic point of view, | was trying to understand
if the application of network analysis had a chance of helping clinicians
provide better psychological treatments and bridge the scientist-practitioner
gap, and so the thesis was more theoretically oriented in that sense.

Importantly, I would argue that if I saw method and theory as two separate
things, I would probably be taking a more objectivistic take on research; where
theory might be the truths out in the world to discover, and where the
development of good methods would better help us find the evidence that best
corresponds to how things truly are whereas bad methods are do not help us
as much in find the evidence that best corresponds to how things truly are.
From a contextual perspective, I would argue that methods and theory ought
to be viewed as integrated. The methods used provide a context for the theories
built, and the theories we have provide context for the methods that we
develop and apply. For instance, the theoretical criticism of relying solely on
group data, has made researchers look for and develop idiographic methods,
such as idiographic network analysis. In turn, idiographic networks for
instance may require that the number of variables are low, if data driven
networks are used, in a sense restricting the breadth of which theoretical
insights that can be found. Similarly, other methods may come with other
limitations.

51



Ethical considerations

There were two main ethical considerations in this research. First, it was
important to consider the participant burden of asking for the intense, repeated
measures employed here. This was particularly the case for study II, with
assessments sent out five times a day, and study III, where, although
assessments were “only” sent out twice a day, the number of questions was
larger than in study I and II. While study I also asked for repeated assessments,
it did so only once a day, and with only three items a day. Second,
continuously measuring problems or inabilities, may bring a risk for a bigger
focus on these aspects, which, for some participants, may lead to some
discomfort.

While acknowledging the burden, and also the potential risk of discomfort,
the knowledge gained from these studies was deemed to outweigh these
issues. Clarifying heterogeneity and exploring individualization may be
important for improving psychological care for people in general.
Additionally, in studies I and II, participants went on to receive psychological
treatment after baseline, meaning that they were well taken care of, and,
importantly, in study II, the assessments they provided were used to inform
treatment. In the data collection that preceded study III, we made sure to
handle incidental findings of psychological ill health. We contacted
participants that indicated severe depression or suicidal thoughts at the start or
end of the study, did a suicide risk assessment and provided guidance to
relevant routine care clinics. Thus, although participation might have added a
burden, it also partly functioned as a screening procedure for offering
guidance to proper care.

Of course, it can also be discussed if it was ethical to provide treatment in
studies I and II that are based on assessment procedures deviating from the
research norm. However, as we have pointed out, such deviations are common
in clinical practice. Importantly, all participants received psycho-logical
interventions that on the group level are indicated as effective for helping
people. All studies were approved by the Swedish Ethical Review Authority
(DNR for each study can be found in the respective manuscripts).
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Studies

All studies will be summarized below, and an overview of methods and results
can also be found in Table 1.

Study I
Aim and hypotheses

The aim of study I was to test the centrality hypothesis within the context of
PECAN. We hypothesized that people who were randomized to receive
interventions based on their most central network node first, would
demonstrate treatment effects already in the first treatment phase. We also
hypothesized that they would not demonstrate any additional treatment effects
in the second treatment phase, when interventions targeted their least central
node. For people randomized to receive interventions based on their least
central node first, we were open to them demonstrating treatment effects in
the first treatment phase, solely due to them starting any intervention, but if
so, we hypothesized an additional treatment effect in the second phase when
interventions related to their most central node were given.

Method

Six participants were included. Baselines were randomized to between four
and ten days for all six included participants, as randomization of baseline
length increases internal validity (Tanious & Onghena, 2020; Tate et al.,
2013).

For generating an idiographic network, a PECAN survey was employed,
where participants were asked to rate the degree to which the three
overarching ACT inflexibility processes as well as the variable difficulties
conducting desired activities, all affected each other on scales of 0-100.
Higher ratings reflected stronger perceived causality. Specifically,
participants filled out how, for instance, lack of openness led to lack of
awareness, how lack of openness led to lack of engagement and so on for all
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possible pairs of variables. Importantly, the survey described each overarching
process at the top of the form, and the questions included a bit more concrete
examples of how such relations may look, in order to make it easier to fill out.
See study I supplementary materials A for details. Importantly, while
difficulties conducting desired activities was conceptualized as an outcome
rather than a process that we would manipulate in treatment, it was added to
the network since the overall treatment goal was to increase desired activities
and we wanted the associations between the PI processes and this outcome to
be taken into account when determining the most central PI process.

After constructing a participant’s network, we identified their most and least
central process node and randomized the order of their treatment phases; one
phase delivering interventions matching the most central node and one phase
delivering interventions matching the least central node. Therapists were blind
to the generated PECANS as well as to treatment conditions. Participants were
of course not blind to how they filled out the PECAN survey, but they did not
get to see the resulting PECAN. Throughout baseline and treatment,
participants filled out outcome measures once a day for evaluation purposes.
These outcomes included levels of pain interference since last measurement
point, in terms of a single item asking about difficulties conducting desired
activities since previous assessment, a single item asking about current
motivation to work towards treatment goals, and a single item asking the
participant to rate their current pain intensity. All single items were rated on a
0-100 scale, with higher ratings reflecting higher levels of pain interference,
higher motivation, or higher pain intensity.

Results

Based on statistical analyses, all six participants improved according to
hypotheses in at least one outcome variable, and overall, on the individual
level, we saw nine outcome changes in line with hypotheses. We saw two
outcome changes not in line with hypotheses. In one of these instances, the
participant reached decreased pain interference levels already in the first phase
when this first phase contained interventions guided by the least central node
and did not reach additional significant decreased pain interference in the
second phase. In the other instance of results contrary to hypotheses, the
participant felt less motivated to work towards their goals in the phase
delivering interventions related to the most central node. Of course, there were
also some outcomes for some participants not moving in either direction.
Changes were in general less clear in visual analyses, and we noted a lack of
baseline stability, indicating a need to not overstate the statistical results.

54



We retrospectively examined whether benefits from a particular phase
matched the node indicated to target based on association with the outcome in
particularly, based on baseline levels of PI, and based on letting participants
select only one particular inflexibility process that they believed caused them
most trouble. We did not find patterns that would indicate that these other
methods for guiding treatment would have been better than network centrality.
Of course, these explorations were not results per say and have not been
experimentally tested. Participants were generally happy with the treatment.
However, the pace was too fast and many felt that they did not have time to
practice the flexibility skills thoroughly.

Discussion

Study I found preliminary evidence for PECAN centrality to matter for
individualizing psychological treatment, or at least, for individualizing ACT.
Results were in line with previous network literature pointing towards the
promising use of network centrality (Levinson et al., 2023). However,
limitations included lack of phase stability, the fast pace of treatment
described by participants, and restricting the network to three overarching
components rather than including all six inflexibility subprocesses. Further,
since there were two results contrary to hypotheses, this method may not be
beneficial for everyone, in every circumstance.

Study II
Aim and hypotheses

The aim of study II was to test the centrality hypothesis within the context of
data driven networks, and more specifically CT-VAR networks. The
hypotheses were the same as in study II.

Method

Six participants were included in study II as well — a different set of
participants than in study . Baselines were randomized to between 14 and 21
days. Participants filled out measures five times a day, both in order to use the
baseline data for estimating the network, and for study evaluation purposes.

All six PI processes were rated in daily diary measures, with one item per

process created by the research group. The three overarching components
were then created using composite scores from each pair of processes. Similar
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to study I, daily single item rating of pain interference in terms of difficulties
conducting desired activities was also included in the network, but we focused
treatment planning around the three overarching PI components. Participants
were asked to rate items on 0-100 scales and to consider the time interval since
the previous assessment point. Higher ratings indicated higher PI levels or
higher pain interference.

CT-VAR networks were estimated based on baseline data. When estimating
the networks, a seed was set for reproducibility in the analysis. We also ran
each analysis multiple times without a seed being set, to see whether results
remained the same. We noticed that exact centrality values differed from time
to time, although the order of centrality remained the same.

The PI node with the highest TEC evaluated over a time interval
corresponding to the participant’s median time between assessments, was
used for guiding treatment in one of the treatment phases. The PI node with
lowest TEC was used for guiding treatment in the other treatment phase. The
order of treatment phase was randomized. Both therapists and participants
were blind to the generated networks and treatment conditions.

For treatment evaluation, the same single items used in study I, focusing on
pain interference in terms of difficulties conducting desired activities,
motivation, and pain intensity were administered. These were similarly rated
on a 0-100 scale. Pain interference and pain intensity were rated five times a
day, and motivation once a day. Higher ratings reflected higher degrees of
interference, motivation, or pain intensity.

Results

Results were overall not in line with hypotheses. Improvements were not
found particularly in the hypothesized phase. We found three participants who
at least showed consistency in terms of improving within a particular phase;
two of these improved in the phase focused on the most central node and one
improved in the phase focused on the least central node. For these three
participants, we retrospectively examined other guiding methods to see
whether these methods would have indicated interventions that were in line
with those offered in the phases where improvement was seen. In general, we
found a pattern in that DT-VAR contemporaneous networks seemed
promising. As in study I, we note that these retrospective explorations were
not results in themselves, but that they yielded hypotheses for further testing.
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Participant evaluations were similar to those in study I, where a fast pace of
treatment was noted. Some participants also found the number of repeated
measures to be burdensome.

Discussion

Network centrality has been problematized in terms of whether it truly is a
meaningful indicator of where to intervene (Bringmann et al., 2019), and this
study potentially reflected this. On the other hand, study I, although utilizing
PECAN rather than data driven networks, did point towards centrality being
potentially important, as did the study by Levinson et al. (2023). Whether
network centrality holds clinical utility thus remains a question in need of
further research.

There were methodological limitations in the current study that could have
influenced the results. These limitations for instance included the use of
composite scores for three overarching inflexibility components rather than
all six inflexibility processes, the fast pace of treatment, looking at TEC
particularly only over the time interval corresponding to the median time
between assessments, and utilizing TEC rather than IEC. Importantly,
robustness testing did indicate that centrality values differed from analysis to
analysis, indicating that our amount of data was potentially not sufficient for
generating stable values across the analyses, although the order of centrality
did remain consistent across analyses. Lastly, using DT-VAR instead would
have also been interesting considering that these seemed promising in the
retrospective explorations.

Study 111

Aims

The first aim of study III was to explore network heterogeneity and investigate
ergodic connections in multiple individual time series. The second aim was to
examine how well levels of connectivity predicted depression and pain
interference, thus testing the network connectivity hypothesis. This was
sought to be done through idiographic analyses of differences in outcomes
across study periods yielding two separate networks, and through nomothetic
hierarchical regression analyses controlling for baseline outcome levels.
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Method

Idiographic DT-VAR networks and GIMME were employed including 114
unique participants and focusing on daily measures of pain interference, pain
intensity, depression, and PI. Five pain interference items from the Brief Pain
Inventory (BPI), a validated standardized measure (Cleeland, 2009), were
rated daily and used to create a composite pain interference node. Two
depression items were also rated daily. These were selected from the validated
Patient Health Questionnaire (PHQ-9) (Hansson et al., 2009; Kroenke et al.,
2001), and were used to create a composite depression node. Six daily items
on PI were selected from the validated Multidimensional Psychological
Flexibility Inventory (Rolffs et al., 2018) and were used as a composite PI
node in most analyses, although the six subprocesses were all included
separately in a secondary analysis. For all of these items, participants were
asked to consider the time passed since the last assessment point. Lastly, a
daily single item on current pain intensity was also selected from the BPI. All
daily items were rated on a 0-10 scale, with higher scores indicating higher
levels of processes or symptoms.

GIMME was also employed in the secondary analyses that used the six PI
subprocesses. This single item level of variables however indicated a need to
remove certain individuals from this second analysis due to restricted variance
for some variables. The second GIMME therefore included 95 participants.

To examine the role of network connectivity on an idiographic level, we used
data from three participants who had entered the study twice, with 6-8 months
passing between the two study periods. Specifically, we treated each study
period as one SCD phase, determined which phase was associated with the
highest network connectivity level, and explored whether daily ratings of
depression and pain interference varied between phases. To examine the role
of network connectivity on a nomothetic level, we first looked at the group
level correlation between connectivity and an average of the daily pain
interference and depression outcomes. Then, we used hierarchical regression
to control for baseline levels of depression, as measured by the full PHQ-9,
and baseline levels of pain interference, as measured by the full BPI pain
interference subscale.

Results

In the idiographic DT-VAR networks, we saw that the strongest network edge
for 42 people was the edge between inflexibility and depression; for 28 it was
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the edge between intensity and interference, and for 31 it was interference and
depression. Thus, while these were the most commonly found strongest edges,
there was a relatively even split between these edges in particular regarding
which was strongest across participants. In terms of network centrality, pain
interference was most often the most central node across participants, and pain
intensity was most often the least central node. However, importantly, a
relatively substantial number of people differed from this pattern. In terms of
strength centrality, 19 % of participants did not have pain interference as their
most central node. For expected influence, 47% had another most central
node.

Using GIMME, we again saw that it was common among participants to have
a path between pain interference and pain intensity, as this was found for 95%
of participants. Depression and pain interference were also connected in 95%
of participants, and a path between depression and inflexibility was found for
87% of participants. This converges with the most commonly found strongest
edges in the individual DT-VAR networks. However, GIMME also indicated
that there are individual level paths beyond the group level paths. When
splitting up the PI variable in the second GIMME, the PI processes were most
strongly related to each other, but there was a contemporaneous directed path
from experiential avoidance to pain interference in 36% of participants.
Additionally, 41% of participants had a contemporaneous directed path from
pain interference fo experiential avoidance.

Using GIMME for examining individual level networks, we saw both
similarities and dissimilarities to idiographic DT-VAR networks. For
instance, some edges indicated by DT-VAR were not present in the
idiographic GIMME output.

For the examination of the network connectivity hypothesis, testing the effects
of connectivity on depression and pain interference in two SCD observational
phases, we did not find support that higher levels of network connectivity
yielded higher levels of depression or pain interference. In nomothetic
analyses, we did find a correlation between network connectivity and
depression as well as between network connectivity and pain interference.
However, this correlation disappeared when controlling for baseline
depression and baseline pain interference.
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Discussion

With GIMME reflecting common patterns in idiographic DT-VAR networks,
the strong associations identified by both methods seem to be fairly robust.
On the group level, we might feel fairly certain that pain intensity and pain
interference are highly correlated, as are depression and pain interference and
depression and PI.

These results can be somewhat optimistically interpreted, indicating that
aggregation based on longitudinal time series might indeed be a feasible way
to identify group level findings that seem to be fairly generalizable to the
individual level. However, these patterns are not generalizable to every single
person. In addition, GIMME indicated that there are several individual level
paths beyond the group level paths.

We also noted that the idiographic networks created by GIMME differed
somewhat from the idiographic DT-VAR networks. This is not surprising, as
GIMME first estimates group level paths that yield optimal model fit (Lane &
Gates, 2017; Gates & Molenaar, 2012), and individual paths may not be added
if they don’t improve fit. Relying upon GIMME is thus a potential method to
balance group level findings with individual patterns.

Considering the intuitively high correlation between outcome levels at the
start of study and average daily outcome levels throughout the study, it is not
surprising that network connectivity did not predict the average daily
outcomes when controlling for the baseline outcome levels. However, it does
bring into question what the use of network connectivity is, if we can predict
psychological ill health more easily simply by using baseline standardized
measures. This finding, in combination with not finding that daily ratings of
depression and pain interference were affected by network connectivity in the
idiographic analyses, led to questioning the utility of assessing network
connectivity.
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General discussion

The aim of this thesis was to examine the clinical utility of using idiographic
networks for individualizing psychological treatment in chronic pain. The
results presented in this thesis are somewhat ambiguous. In study I, PECAN
centrality did seem to hold utility for treatment planning, and the centrality
aspect in itself was hypothesized to be more useful than looking at for instance
baseline levels of variables or participant estimations of important processes
if these were not evaluated in a systems approach.

In study II, the data driven networks in terms of CT-VAR networks, looking
at TEC centrality, did instead not demonstrate utility for treatment planning.
We did note that multiple methodological choices could be cause for this, and
we hypothesized that other ways of conducting data driven networks could
potentially be more useful, particularly DT-VAR contemporaneous networks.

While study III illustrated that group-based data driven networks that take
individual time series into account may find patterns that are relatively
generalizable across levels of analysis, these methods do not capture all
individual variability. Thus, idiographic data-driven networks may potentially
have a place in terms of illustrating the unique connections lost in group-based
methods, but the question remains if data driven idiographic networks will
prove more clinically useful than relying on other methods for case
conceptualization. Finally, the results in study III led us to question the clinical
utility of network connectivity.
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Is idiographic network analysis the future for
individualized psychological treatment?
Data driven networks

As Ong et al. (2025) and Levinson et al. (2023) found promising results for
using idiographic data driven networks for treatment planning, it is absolutely
possible that data driven networks hold utility. At the same time, I must
acknowledge that the results from study II were not as promising. These
findings are particularly telling as they included blinding as well as an active
control in terms of providing treatment in an opposite way than the network
centrality hypothesis would indicate.

Besides the lack of evidence for data driven networks found in study II, there
are also several problems with data driven networks. The first is obviously the
amount of data needed for sufficient power in detecting all connections
(Mansueto et al., 2023; Hecht & Zitzmann, 2021). But, detecting all
connections and detecting sufficient connections for informing treatments may
not necessarily indicate exactly the same need in terms of amount of data.

In study II, robustness checks indicated that the exact values changed from
analysis to analysis, potentially indicating that our baseline 70-87 data points
might not have yielded a stable enough data base for the analyses to run more
similarly. However, the order of centrality did remain the same in our
robustness checks. It is thus not possible to determine if the failure of network
guided treatments was due to an insufficient amount of data or not, but this is
definitely one possibility. If it was due to insufficient data, that is troublesome,
since the amount of data collected for study II already placed a large burden
on participants. However, various suggestions already exist on how to boost
data driven networks, for example by combining them with perceived causal
ratings (Scholten, Klintwall et al., 2025) or with clinician information (Burger,
Epskamp et al., 2022; Burger, Ralph-Nearman et al., 2022).

Second, different methods for estimating data driven networks can sometimes
yield somewhat different results. In the exploratory analyses of study II, for
instance, contemporaneous DT-VAR networks were hypothesized to be
worthy of future utility testing, since the most central nodes for the subset of
participants included in the exploratory analyses seemed to converge with the
phase in which these participants fared better.

In study III, we saw that the idiographic networks as estimated with DT-VAR
sometimes differed from the idiographic networks estimated by GIMME,
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where GIMME idiographic networks are influenced by the group level paths
found (Lane & Gates, 2017; Gates & Molenaar, 2012). These differences may
create confusion regarding which network method to use when estimating
idiographic networks, as differing results will lead to different
individualization decisions. It may simply be a question of having patience
and systematically evaluate each method, one by one, for utility.

Third, it is not always clear how to interpret these networks. For instance, in
Lavefjord et al. (in prep) we included variables that were measured in similar
directions, meaning that higher levels on each node indicated more
problematic behaviors. Even so, whether edges were positive or negative
varied, sometimes indicating that increasing a PI process could decrease other
processes or the outcome (Lavefjord et al., in prep.). Centrality can also be
tricky to interpret, especially expected influence, which is the recommended
centrality index when both positive and negative correlations appear in the
network (Robinaugh et al., 2016).

For an example of when interpretation can become difficult, we can imagine
a network including a) depression, where higher levels indicate more
depression, b) sleep quality, where higher levels indicate better sleep, and c)
eating quality, where higher levels indicate better quality of foods eaten. In
this example, there is an unexpected positive edge between depression and
sleep quality, and an additional one between depression and food quality. This
is because the individual has learnt to manage depressive states by attempting
to eat and sleep better, although this has not yet had effects in terms of
decreasing their depressive symptoms. In this example network, the most
central node in terms of both strength and expected influence is depression,
and notably, the expected influence value is positive, indicating that increases
in depression have a central role for increasing sleep and food quality. While
true that, for this person, an increase in depressive symptoms did lead to better
food intake and better sleep, this was not thanks to the depressive symptoms
themselves — increasing depression further would probably not in itself in the
long run make sleeping and eating better. Potentially, there is a motivation
variable mediating the correlation, and this motivation variable could perhaps
be increased by something other than by always increasing depression. This
motivation variable may not be so easily captured beforehand due to the
limited number of variables that can be included in the data driven networks.

Fourth, clinicians may be skeptical about network analysis (Lavefjord et al.,
in prep). This is partly based on the aforementioned illogical edges emerging
that are not easily explained besides potential third variables affecting certain
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associations. Some clinicians also highlight the limitations of data driven
networks in that not every aspect of relevance will be able to be included in
the network and that clinician expertise may not be utilized in full due to the
network model being reductionistic (Lavefjord et al., in prep). Here, we risk
ending up with a new scientist-practitioner gap. If the gap between what
clinicians find useful to do and what network research is proposing, we have
a problem in that the bridge between science and practice might be more of a
rope thrown into the gap rather than an actual bridge to the other side.

I do believe that if it was clear cut that being guided by idiographic data driven
networks did in fact turn out to yield much better results than other methods,
clinicians would probably be inclined to want to learn to use and interpret the
networks as guiding tools. And, again, the number of data points needed for
detecting a// connections might potentially not be the same for detecting useful
connections. Thus, clear evidence of utility in spite of the limitation of the
method could potentially motivate clinicians to jump to the rope thrown into
the gap and latch on. And, if one is to continue using data driven networks for
individualizing treatment, measures can be taken to address the clinician
concerns, such as not using the networks as a stand-alone guide — similar to
how Ong et al. (2025) used their networks as a complement rather than a main
guiding principle — and such as incorporating clinician ratings as proposed by
(Burger, Epskamp et al., 2022; Burger, Ralph-Nearman et al., 2022).

All in all, there are multiple problems with data driven networks, and some
suggestions for overcoming these. Based on study II, we suggested that
treatments guided by DT-VAR contemporaneous network centrality should
also be examined. I must however note that the pessimistic results in study I,
in combination with all known problems, indicate a possibility that data driven
networks may not end up with demonstrated clinical utility. Of course, only
time will tell.

PECAN

On a more optimistic note, as seen in study I, having participants themselves
rate which processes that cause most issues for them in a systems perspective,
preliminarily looks promising and definitely worthy of further examination.
While PECAN ratings may be biased, and not yield “objective” networks, this
is after all not the most important thing from a pragmatic point of view. As a
CBS perspective would remind us of; a true case conceptualization is one that
best helps the participant. As participants received group level evidence-based
interventions in all phases, but there was a pattern that they generally
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improved best in phases matching the most central node in their PECAN, such
individualized models may give us important information that we do not get
from group-based models; information that can improve the precision of
treatment.

Whether treatment based on PECAN would yield better results than treatments
based on traditional case conceptualizations such as functional analysis
remains an empirical question. If, however, further research continues to
indicate that PECAN in particular outperforms traditional behavioral analysis,
PECAN is also quite easy to use and could much more easily be integrated in
clinical practice compared to data driven networks. PECAN thus has a better
chance of actually being used as a bridge over the gap between science and
practice.

Are centrality indices needed?

Relying on network centrality per se to finding the node to intervene upon has
been problematized (Bringmann et al., 2019). It is not clear whether the node
that is most central in statistical terms also indicates the node that is clinically
most meaningful to target. A central node may, for instance, be one that is
difficult to manipulate, for any given reason. However, if guided by centrality,
it is possible to do what we did in study I and II and pre-define which variables
that are manipulable and to be guided by centrality related only to those
variables.

The study by Ong et al. (2025) did not focus on centrality per se, but found
promising results from guiding treatments partly based on networks. This
could indicate that centrality itself may not be the most important thing. On
the other hand, in study I, PECAN centrality did appear to be important.
Specifically, participants generally did better in the phase corresponding to
their most central node, and the most central nodes were not necessarily the
same as the nodes that were most strongly connected to the outcomes or the
nodes that participants believed in when using simpler ratings of what they
perceived to cause them most troubles. Thus, centrality itself, considering how
all variables relate to each other and which node that affects this system the
most, was concluded to be something to continue to examine. Whether such
assessments need to be summarized as network centrality per se, or whether it
could conceptually similarly be summarized in another way, could be further
researched.
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Time frames of relationships

One strength of PECAN in study I may be that time frames for relationships
are not specified for participants. Thus, potential associations may be captured
regardless of the time it takes for one variable to affect another. In temporal
DT-VAR networks, we only look at how variables at one point correlate with
variables at the next. In CT-VAR networks we model how variables affect
each other continuously over time, but when zooming in on one specific delta
time as we did for pragmatic reasons, immediate associations may not be
reflected in centrality for that delta time.

For instance, whether a PI process affects an outcome, such as fusion causing
one to not engage in a desired activity, could be something that happens more
instantly than what can be detected in the temporal or continuous time
networks. In line with this, in the retrospective explorations in study II,
contemporaneous DT-VAR networks potentially looked promising. This
finding brings us closer to the clinician thinking in functional analysis, where
we assess a behavior in relation to a discriminative stimulus that is present just
before the behavior occurs.

Of course, more long-term relations between problems or behaviors are also
investigated by clinicians, but these time frames for which correlations can
appear within are seldom pre-defined. Thus, focusing either on more
instantaneous relationships, or being more open to any time frames such as in
the PECAN, may be both more useful, and also be closer to clinical practice,
compared to considering connections in the slightly more confined time
frames defined in data driven networks. Of course, one of the advantages of
CT-VAR networks is to see how variables affect each other not at discrete
lapses of time, but rather continuously over time, but this flexibility
complicates interpretation — should one focus on a node that is central in the
short term or in the long term?

Network analysis combined with conventional case
conceptualization

In an earlier example network, I discussed potential illogical connections and
centrality results that may emerge from, for instance, confounding variables.
This problem may be relevant in any statistical model, but it can be
particularly challenging to account for all potential confounders on an
idiographic level if an elaborate case conceptualization, where problems can
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be contextualized, is not conducted prior to network modeling. For instance,
when asking the example participant that handles depression by eating and
sleeping better, they will probably be able to tell us that this is their strategy.
Still, with the problem of needing to restrict the number of variables in data
driven networks, selecting all relevant variables to include in the network may
be difficult.

Here as well, PECAN may potentially be more promising. PECAN does not
have the same definite restrictions on number of variables (at least not at the
moment), and hypothetically, our example participant might not rate that
depression per se causes better eating and sleeping. Still, even when
employing PECAN, one cannot include too many variables, as it at some point
would become tedious to rate the perceived causality between each possible
pair. Thus, PECAN will also probably be of higher quality if combined with
conventional case conceptualizations. However, the question then becomes —
do the networks add value beyond such case conceptualizations? Considering
the results from study I, some sort of added assessment of how variables relate
in a systems perspective may have value, but again, time will tell if this is the
case or not.

Balancing individual level evidence with group level
evidence

The aforementioned problem of confounders in the idiographic networks,
particularly the data driven ones, could be used as an argument against the
very idea of data driven idiographic models, as these potential confounder
driven connections in idiographic networks may disappear in group level
networks when they are not seen in multiple people. On the other hand, such
group level networks may miss potentially useful idiographic level
connections. Thus, there is a case for finding a way to balance the idiographic
perspective with a nomothetic one.

In the thesis studies, we did for instance use group level evidence for
informing methodological and treatment choices, such as in deciding to use
pain interference as an outcome. In clinical practice, clinicians also indeed
have group level evidence in mind while striving to conclude which parts that
are relevant for the person in front of them when creating a case
conceptualization. However, it might be particularly useful to be guided by
group level research that is fairly generalizable to the individual level.
Continuing with idiographic research and employing methods to investigate
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generalizability, such as when using GIMME, will bring us more knowledge
about which group level findings that are valid for more people. Even so, as
we saw in study III, such findings may not be generalizable to each and every
person, and so the question remains regarding how to adapt this group level
evidence to the individual level in the best way possible. Combining group
level evidence with individual level PECAN could be one potential method
for doing so, but probably not the only option.

Is it helpful to individualize?

There is some preliminary evidence that non-manualized treatment is at least
not worse than manualized treatment (Truijens et al., 2019). In chronic pain,
modern individualization of treatment tends to mostly individualize based on
nomothetic subgroups or by letting people decide on orders of modules
themselves (Lavefjord & Sundstrém, 2025). There is thus a gap in the
evidence for individualizing based on systematic assessment of individual
level information. Studies such as the one by Vroegindeweij et al. (2024)
where interventions for youth with fatigue syndrome or a rheumatic condition
were individualized based on baseline data is one example of systematic
individualization showing promise. Study I in this thesis is another example.
However, the basic idea of individualizing treatment in chronic pain in itself
needs much more research. If providing therapy based on individualization
ends up not yielding better results than can be found when relying on
standardized manuals, then it would be very unpragmatic to stick to
idiographic research and treatment perspectives.

I will also remind myself that, just as methodological behaviorists were
influenced by the methodological practices suggested in the positivistic
philosophy of the times (O’Donohue & Smith, 1992), we are in an era in
history where individualistic self-expression is central, at least in Western
countries (Inglehart & Baker, 2000). Hofmann et al. (2020) argued that now
is the time when we have proven that treatment packages are useful in general
and we can finally turn to more intricate research questions. I do not doubt this
notion, but [ would also want to add that psychology is not immune to societal
discourse, and for an idiographic focus to grow at this time is not surprising.

This does by no means, however, mean that idiographic perspectives and
individualized treatments are wrong just because there is an influence by the
current state of society. If these perspectives lead to more people getting
higher quality psychological treatment, then that is wonderful. It is simply
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good to remind oneself that one’s methods might work better when they align
with current views. As such, if individualization ends up working well, it
might be within this time and context, and would need to be evaluated
continuously as society might potentially move to other views, rather than
being taken for granted to be effective in all societal contexts.

General limitations and strengths

The studies included in this thesis of course have limitations, most of them
already addressed. For instance, our network variables were restricted in terms
of number and content, meaning that the utility of networks when focusing on
other variables may prove different than the current results. Related to this,
from an idiographic perspective, we could have included more idiographically
developed variables, especially in terms of the pain interference outcome
variable in study I and II — both making the outcome more individually valid
and also distinguishing it more from the inaction PI process. Further, both
study I and II are limited in that PI facets are represented within the three
composite PI components rather than the six-sublevel facet level.

The daily measures used in study I and II were not validated psychometrically,
although group level psychometric validation has been questioned regarding
application to how items work for particular individuals (Gomes et al., 2019).
For increasing face validity, we did however go through the items with each
participant in study I and II. The daily diary used in study III is currently
undergoing validation (Sundstréom et al., in prep).

The randomization procedure in studies I and II also, by chance (of course!)
yielded an uneven number of participants that received the most central node
intervention first compared to those that received the least central node
intervention first. A block randomization protocol could have been a stronger
methodological choice.

In study II, there were multiple statistical choices made that may not have been
the optimal ones; such as relying on TEC and such as only focusing on
centrality at one delta time. Each choice was made basically for pragmatic
reasons, but in retrospect, it is difficult not to wonder if other choices had
yielded other results. For study III, the main limitation is of course the
observational nature of the study. Thus, the potentially ergodic connections
found are correlational in nature.

70



On the other hand, study I and II are the first experimental, randomized, and
blinded studies actually testing the network centrality hypothesis, after many
years of pure speculation and hype. Further, we do this with fairly
conservative methods. For instance, our hypothesis that people receiving the
most central node intervention first would have treatment effects in that phase
only and not in a subsequent phase, could potentially be quite difficult to reach
—the interventions given in the least central node intervention phase were after
all evidence-based interventions, on the group level found to be useful. Is it
really feasible to only get effects in the first phase then, when the second phase
also has potentially potent interventions being delivered? We also used the
most conservative version of Tau-U, adjusting for phase trends. With these
conservative choices in mind, the promising results from study I should
therefore be highlighted as indeed being promising.

While our number of data points may have been small for creating data driven
networks, it was large for treatment evaluation in study I and II. This means
that conclusions are not based on a limited period of time or one specific
context for an individual, but rather representative of the within person
variation over time for that person.

Conclusion and future directions

While group-based evidence should still be used to form treatment
hypotheses, idiographic network analysis can potentially provide individual
level information otherwise lost. In particular, idiographic PECAN centrality
seems promising for guiding intervention selection. While the current thesis
adds to the literature on data driven networks in the form of refined
hypotheses, we did not find utility of centrality in data driven networks in the
particular study conducted here. Further, we question the usefulness of data
driven network connectivity information.

We also question the burden placed on clinicians and therapists in collecting
the data needed for data driven networks, in essence concluding that the
method of data driven networks has a lower chance of being the bridge
between science and practice. Adding PECAN to clinical practice is instead
quite feasible as it only requires a relatively short measure filled out once.
Thus, PECAN holds promise for bridging the gap between science and
practice — guiding individualizations such as clinicians wish to do, but
providing a systematic method for doing so limiting clinician bias, as science
wishes to do.
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Still, we do not know yet whether PECAN guides treatment better than a
traditional case conceptualization does. This should be investigated next. We
do need to keep developing assessment methods that are less focused on
diagnosis, and more focused on individual specific problems and contexts,
preferably methods that are not too far away from what clinicians are doing.
For instance, conventional behavioral analysis with add-ons of perceived
ratings of how behaviors and symptoms are influencing each other in a
systems perspective, and on what time scales, should be further explored.
Other data driven methods, apart from data driven networks per se, could also
be explored. Importantly, the scientific evaluation of treatments based on these
methods should be conducted on both nomothetic and idiographic levels, and
preferably, the generalizability between levels of analysis should be explored.

72



Declaration of Al use

The work in this thesis has been assisted by Al in two ways. First, when
writing the R scripts used for statistical analyses in the included studies, I have
used Al for suggestions on useful packages and functions, for debugging, and
for enhancing code efficiency. The second help that I have gotten from Al, is
to complement my conventional literature search with help from Al, such as
asking for studies on a particular topic, or to localize articles that I have read
but not saved, thus getting assisted in completing my reference list.

I have critically reviewed the suggestions made by Al, and take full
responsibility for the content in this thesis. I have not used Al for help in
generating text content; writing and synthesizing is a joy that I will keep for
myself to do.

73



Acknowledgements

While being cliché, for as long as I can remember, gazing upon the stars has
always given rise to an immense sense of wonder in me. As a child I remember
feeling in awe of the universe, wondering about existence and life. Growing
up, I turned, or widened, this gaze towards the human mind and human
behavior. I found that it evoked a similar sense of wonder in me. The desperate
curiosity that I had previously felt when thinking about the universe, was the
same as when studying psychology.

Desperate curiosity — 1 guess that is it. I don’t simply enjoy learning. I crave
it. Therefore, I have never felt more peaceful and at home than during these
years of being surrounded by knowledge, just waiting to be absorbed, created,
and developed.

So, thank you for having me. Thank you, Lance, for seeing researcher
potential in me and taking me under your wings, and for every stimulating
conversation. Thank you, Monica, for perspective, and, importantly, for not
giving me a voice but for encouraging me to use and to develop the one that I
already have.

Thank you, Cecilia and Nicole, for your help throughout the PhD journey.
Thank you, Ebba, for encouragement that has been out of this world — you
believing in me has truly helped me to believe in myself as a scientist. Thank
you, Hakan — each time you have examined students within my projects, I
have made notes for myself of your feedback. So, thanks for the indirect
feedback! Thank you, Karin, for support and for collaboration on our dear
little side-project. Thank you, Péar and Tomas, for excellent feedback. Thank
you, Saskia, for all the advice and support.

Thank you, Hanna, for going out of your way as my high school psychology
teacher, being so patient with, and supportive of, an annoying teenager
wanting to talk to you after every class and for stimulating my psychology
interest early on. Thank you, Marie-France, for showing me long ago that
this path could be mine.

74



Thank you to each and every friend, for enriching my life with laughter,
support, and companionship. An extra thank you to Jessica, for being
constantly by my side and inspiring bravery, insight, and creativity, and for
being proud of me, and to Tess, for changing me profoundly in the best way
possible and helping me find my way.

Thank you to each and every family member, and especially to my mother,
for being a role model in never giving up and for all her sacrifices to our
family. Thank you, Patrik, for the compromises needed to get me here, for
constant encouragement, and for handling late night rants about nothing and
everything. Thank you to my son, Widar, for being the biggest love of my
life. Your mind and heart are the most vibrant of them all. Thank you to my
parents-in-law for all the baby-sitting.

Thank you to each and every colleague, for all the inspiration, and for all the
laughs. You are all brilliant. A special thank you to my behavioral lab
colleagues; Amanda, Filip, Jakob, Lovisa, Nils, Sanna, Simon, and of
course, without whom this thesis, and the overall PhD journey, would have
been something else entirely — Felicia. My highly regarded partner in research
who has been by my side throughout this entire thing. Thank you, Emma, for
lovely collaboration.

Thank you to every research participant, for giving your time and energy to
research and thus helping out with trying to better psychological treatment for
those suffering from chronic pain. Thank you to every student who has been
involved with my studies, especially to Alba and Loella for their help with
paper I and II. You were amazing.

75



References

Ali, I. M. (2024). A guide for positivist research paradigm: From philosophy to
methodology. Idealogy Journal, 9(2), 187-196.
https://doi.org/10.24191/idealogy.v9i2.596

American Psychological Association (APA) (2006). Evidence-based practice in
psychology. American Psychologist, 61(4), 271-285.
https://doi.org/10.1037/0003-066X.61.4.271

Andrade, C. (2025). Poorly recognized and uncommonly acknowledged limitations
of randomized controlled trials. Indian Journal of Psychological Medicine,
47(1), 83-85. https://doi.org/10.1177/02537176241297953

Andreasson, M., Schenstrom, J., Bjureberg, J., & Klintwall, L. (2023). Perceived
causal networks: Clinical utility evaluated by therapists and patients. Journal
for Person-Oriented Research, 9(1), 29-41.
https://doi.org/10.17505/jpor.2023.25260

Ashaie, S. A., Hung, J., Funkhouser, C. J., Shankman, S. A., & Cherney, L. R.
(2021). Depression over time in persons with stroke: A network analysis
approach. Journal of Affective Disorders Reports, 4, 100131.
https://doi.org/10.1016/j.jadr.2021.100131

Bair, M. J., Robinson, R. L., Katon, W., & Kroenke, K. (2003). Depression and pain
comorbidity: A literature review. Archives of Internal Medicine, 163(20),
2433-2445. https://doi.org/10.1001/archinte.163.20.2433

Beck, J.S. & Beck, A. (2011). Cognitive behavior therapy — Basics and beyond.
(2nd ed.) New York: Guilford Press.

Beltz, A. M., & Gates, K. M. (2017). Network Mapping with GIMME. Multivariate
Behavioral Research, 52(6), 789-804.
https://doi.org/10.1080/00273171.2017.1373014

Beltz, A. M., Wright, A. G. C., Sprague, B. N., & Molenaar, P. C. M. (2016).
Bridging the nomothetic and idiographic approaches to the analysis of
clinical data. Assessment, 23(4), 447—458.
https://doi.org/10.1177/1073191116648209

Bentes de Carvalho Neto (2013). We are all methodological behaviorists. Behavior
and Philosophy, 41, 1-10

Biglan, A., & Hayes, S. C. (1996). Should the behavioral sciences become more
pragmatic? The case for functional contextualism in research on human
behavior. Applied and Preventive Psychology, 5(1), 47-57.
https://doi.org/10.1016/S0962-1849(96)80026-6

Borkenau, P., & Ostendorf, F. (1998). The Big Five as states: How useful is the
Five-Factor Model to describe intraindividual variations over time? Journal
of Research in Personality, 32(2), 202-221.
https://doi.org/10.1006/jrpe.1997.2206

76



Bowes, S. M., Ammirati, R. J., Costello, T. H., Basterfield, C., & Lilienfeld, S. O.
(2020). Cognitive biases, heuristics, and logical fallacies in clinical practice:
A brief field guide for practicing clinicians and supervisors. Professional
Psychology: Research and Practice, 51(5), 435-445.
https://doi.org/10.1037/pro0000309

Brain, K., Burrows, T. L., Bruggink, L., Malfliet, A., Hayes, C., Hodson, F. J., &
Collins, C. E. (2021). Diet and chronic non-cancer pain: The state of the art
and future directions. Journal of Clinical Medicine, 10(21), 5203.
https://doi.org/10.3390/jcm10215203

Bringmann, L. F. (2021). Person-specific networks in psychopathology: Past,
present, and future. Current Opinion in Psychology, Psychopathology, 41,
59-64. https://doi.org/10.1016/j.copsyc.2021.03.004

Bringmann, L. F., Elmer, T., Epskamp, S., Krause, R. W., Schoch, D., Wichers, M.,
Wigman, J. T. W., & Snippe, E. (2019). What do centrality measures
measure in psychological networks? Journal of Abnormal Psychology,
128(8), 892-903. https://doi.org/10.1037/abn0000446

Brose, A., Schmiedek, F., Lévdén, M., Molenaar, P. C. M., & Lindenberger, U.
(2010). Adult age differences in covariation of motivation and working
memory performance: Contrasting between-person and within-person
findings. Research in Human Development, 7(1), 61-78.
https://doi.org/10.1080/15427600903578177

Brose, A., Voelkle, M. C., Lévdén, M., Lindenberger, U., & Schmiedek, F. (2015).
Differences in the between—person and within—person structures of affect are
a matter of degree. European Journal of Personality, 29(1), 55-71.
https://doi.org/10.1002/per.1961

Brossart, D. F., Laird ,Vanessa C., & and Armstrong, T. W. (2018). Interpreting
Kendall’s Tau and Tau-U for single-case experimental designs. Cogent
Psychology, 5(1), 1518687. https://doi.org/10.1080/23311908.2018.1518687

Buhrman, M., Gordh, T., & Andersson, G. (2016). Internet interventions for chronic
pain including headache: A systematic review. Internet Interventions, 4, 17—
34, https://doi.org/10.1016/j.invent.2015.12.001

Burger, J., Epskamp, S., van der Veen, D. C., Dablander, F., Schoevers, R. A., Fried,
E. I, & Riese, H. (2022). A clinical PREMISE for personalized models:
Toward a formal integration of case formulations and statistical networks.
Journal of Psychopathology and Clinical Science, 131(8), 906-916.
https://doi.org/10.1037/abn0000779

Burger, J., Ralph-Nearman, C., & Levinson, C. A. (2022). Integrating clinician and
patient case conceptualization with momentary assessment data to construct
idiographic networks: Moving toward personalized treatment for eating
disorders. Behaviour Research and Therapy, 159, 104221.
https://doi.org/10.1016/j.brat.2022.104221

Caneiro, J. P., O’Sullivan, P., Tan, J.-S., Klem, N.-R., de Oliveira, B. I. R., Choong,
P. F., Dowsey, M., Bunzli, S., & Smith, A. (2024). Process of change for
people with knee osteoarthritis undergoing cognitive functional therapy: A
replicated single-case experimental design study. Disability and
Rehabilitation, 46(11), 2348-2364.
https://doi.org/10.1080/09638288.2023.2221459

Carona, C. (2023). The philosophical assumptions across the ‘three waves’ of
cognitive—behavioural therapy: How compatible are they? BJPsych
Advances, 29(3), 213-217. https://doi.org/10.1192/bja.2022.12

77



Clark, D. M., & Wells, A. (1995). A cognitive model of social phobia. In R. G.
Heimberg, M. R. Liebowitz, D. A. Hope, & F. R. Schneier (Eds.), Social
phobia: Diagnosis, assessment, and treatment (pp. 69-93). The Guilford
Press.

Cleeland, C. S. (2009). The Brief Pain Inventory: User guide. The University of
Texas MD Anderson Cancer Center. Retrieved April 25, 2026, from
https://www.mdanderson.org/documents/Departments-and-
Divisions/Symptom-Research/BPI_UserGuide.pdf

De Ruddere, L., & Craig, K. D. (2016). Understanding stigma and chronic pain: A-
state-of-the-art review. Pain, 157(8), 1607-1610.
https://doi.org/10.1097/j.pain.0000000000000512

Dietvorst, E., Hiemstra, M., Hillegers, M. H. J., & Keijsers, L. (2018). Adolescent
perceptions of parental privacy invasion and adolescent secrecy: An
illustration of Simpson’s paradox. Child Development, 89(6), 2081-2090.
https://doi.org/10.1111/cdev.13002

Dominick, C. H., Blyth, F. M., & Nicholas, M. K. (2012). Unpacking the burden:
Understanding the relationships between chronic pain and comorbidity in the
general population. Pain, 153(2), 293-304.
https://doi.org/10.1016/j.pain.2011.09.018

Ebert, D. D., Donkin, L., Andersson, G., Andrews, G., Berger, T., Carlbring, P.,
Rozenthal, A., Choi, 1., Laferton, J. a. C., Johansson, R., Kleiboer, A., Lange,
A., Lehr, D., Reins, J. A., Funk, B., Newby, J., Perini, S., Riper, H.,
Ruwaard, J., ... Cuijpers, P. (2016). Does internet-based guided-self-help for
depression cause harm? An individual participant data meta-analysis on
deterioration rates and its moderators in randomized controlled trials.
Psychological Medicine, 46(13), 2679-2693.
https://doi.org/10.1017/S0033291716001562

Eccleston, C., & Crombez, G. (1999). Pain demands attention: A cognitive-affective
model of the interruptive function of pain. Psychological Bulletin, 125(3),
356-366. https://doi.org/10.1037/0033-2909.125.3.356

Epskamp, S. (2020). Psychometric network models from time-series and panel data.
Psychometrika, 85(1), 206-231. https://doi.org/10.1007/s11336-020-09697-3

Epskamp, S., van Borkulo, C. D., van der Veen, D. C., Servaas, M. N., Isvoranu, A.-
M., Riese, H., & Cramer, A. O. J. (2018). Personalized network modeling in
psychopathology: The importance of contemporaneous and temporal
connections. Clinical Psychological Science, 6(3), 416—427.
https://doi.org/10.1177/2167702617744325

Epskamp, S., Waldorp, L. J., Mottus, R., & Borsboom, D. (2018). The Gaussian
Graphical Model in cross-sectional and time-series data. Multivariate
Behavioral Research, 53(4), 453-480.
https://doi.org/10.1080/00273171.2018.1454823

Ezawa, 1. D., & Hollon, S. D. (2023). Cognitive restructuring and psychotherapy
outcome: A meta-analytic review. Psychotherapy (Chicago, 11l.), 60(3), 396—
406. https://doi.org/10.1037/pst0000474

Fisher, A. J., Medaglia, J. D., & Jeronimus, B. F. (2018). Lack of group-to-
individual generalizability is a threat to human subjects research.
Proceedings of the National Academy of Sciences, 115(27), E6106-E6115.
https://doi.org/10.1073/pnas.1711978115

78



Fordham, B., Sugavanam, T., Edwards, K., Hemming, K., Howick, J., Copsey, B.,
Lee, H., Kaidesoja, M., Kirtley, S., Hopewell, S., das Nair, R., Howard, R.,
Stallard, P., Hamer-Hunt, J., Cooper, Z., & Lamb, S. E. (2021). Cognitive-
behavioural therapy for a variety of conditions: An overview of systematic
reviews and panoramic meta-analysis. Health Technology Assessment, 25(9),
1-378. https://doi.org/10.3310/hta25090

Frumkin, M. R., Piccirillo, M. L., Beck, E. D., Grossman, J. T., & Rodebaugh, T. L.
(2021). Feasibility and utility of idiographic models in the clinic: A pilot
study. Psychotherapy Research, 31(4), 520-534.
https://doi.org/10.1080/10503307.2020.1805133

Garfield, S. L. (1996). Some problems associated with “validated” forms of
psychotherapy. Clinical Psychology: Science and Practice, 3(3), 218-229.
https://doi.org/10.1111/1.1468-2850.1996.tb00073.x

Gatchel, R. J., Peng, Y. B., Peters, M. L., Fuchs, P. N., & Turk, D. C. (2007). The
biopsychosocial approach to chronic pain: Scientific advances and future
directions. Psychological Bulletin, 133(4), 581-624.
https://doi.org/10.1037/0033-2909.133.4.581

Gates, K. M., & Molenaar, P. C. M. (2012). Group search algorithm recovers
effective connectivity maps for individuals in homogeneous and
heterogeneous samples. Neurolmage, 63(1), 310-319.
https://doi.org/10.1016/j.neuroimage.2012.06.026

Geneen, L. J., Moore, R. A., Clarke, C., Martin, D., Colvin, L. A., & Smith, B. H.
(2017). Physical activity and exercise for chronic pain in adults: An overview
of Cochrane Reviews. The Cochrane Database of Systematic Reviews,
2017(4), CD011279. https://doi.org/10.1002/14651858.CD011279.pub3

Gerrits, M. M. J. G., van Oppen, P., van Marwijk, H. W. J., Penninx, B. W.J. H., &
van der Horst, H. E. (2014). Pain and the onset of depressive and anxiety
disorders. Pain, 155(1), 53-59. https://doi.org/10.1016/j.pain.2013.09.005

Gilboa-Schechtman, E. (2024). Case conceptualization in clinical practice and
training. Clinical Psychology in Europe, 6, ¢12103.
https://doi.org/10.32872/cpe.12103

Gloster, A. T., Walder, N., Levin, M. E., Twohig, M. P., & Karekla, M. (2020). The
empirical status of acceptance and commitment therapy: A review of meta-
analyses. Journal of Contextual Behavioral Science, 18, 181-192.
https://doi.org/10.1016/j.jcbs.2020.09.009

Gomes, C. M. A., de Araujo, J., do Nascimento, E., & Jelihovschi, E. G. (2019).
Routine psychological testing of the individual is not valid. Psychological
Reports, 122(4), 1576-1593. https://doi.org/10.1177/0033294118785636

Groen, R. N., Wichers, M., Wigman, J. T. W., & Hartman, C. A. (2019). Specificity
of psychopathology across levels of severity: A transdiagnostic network
analysis. Scientific Reports, 9(1), 18298. https://doi.org/10.1038/s41598-019-
54801-y

Gureje, O., Von Korff, M., Kola, L., Demyttenaere, K., He, Y., Posada-Villa, J.,
Lepine, J. P., Angermeyer, M. C., Levinson, D., de Girolamo, G., Iwata, N.,
Karam, A., Guimaraes Borges, G. L., de Graaf, R., Browne, M. O., Stein, D.
J., Haro, J. M., Bromet, E. J., Kessler, R. C., & Alonso, J. (2008). The
relation between multiple pains and mental disorders: Results from the World
Mental Health Surveys. Pain, 135(1), 82-91.
https://doi.org/10.1016/j.pain.2007.05.005

79



Hansson, M., Chotai, J., Nordstom, A., & Bodlund, O. (2009). Comparison of two
self-rating scales to detect depression: HADS and PHQ-9. British Journal of
General Practice, 59(566), €283—e288.
https://doi.org/10.3399/bjgp09X454070

Harris, R. (2011). ACT helt enkelt: en introduktion till Acceptance and Commitment
Therapy. (1. utg.) Stockholm: Natur & kultur.

Harris, L. M., Vanzhula, I. A., Cash, E. D., Levinson, C. A., & Smith, A. R. (2025).
Using network analysis to personalize treatment for individuals with co-
occurring restrictive eating disorders and suicidality: A proof-of-concept
study. Journal of Eating Disorders, 13(1), 156.
https://doi.org/10.1186/s40337-025-01259-1

Hayes, S., & Barnes-Holmes, D. (2012). Contextual Behavioral Science: Creating a
science more adequate to the challenge of the human condition. Journal of
Contextual Behavioral Science, 1, 1-16.
https://doi.org/10.1016/j.jcbs.2012.09.004

Hayes, S. C., Ciarrochi, J., Hofmann, S. G., Chin, F., & Sahdra, B. (2022). Evolving
an idionomic approach to processes of change: Towards a unified
personalized science of human improvement. Behaviour Research and
Therapy, 156, 104155. https://doi.org/10.1016/j.brat.2022.104155

Hayes, S. C., Levin, M. E., Plumb-Vilardaga, J., Villatte, J. L., & Pistorello, J.
(2013). Acceptance and commitment therapy and contextual behavioral
science: Examining the progress of a distinctive model of behavioral and
cognitive therapy. Behavior Therapy, 44(2), 180—198.
https://doi.org/10.1016/j.beth.2009.08.002

Hayes, S. C., Luoma, J. B., Bond, F. W., Masuda, A., & Lillis, J. (2006).
Acceptance and Commitment Therapy: Model, processes and outcomes.
Behaviour Research and Therapy, 44(1), 1-25.
https://doi.org/10.1016/j.brat.2005.06.006

Hayes, S. C., Nelson, R. O., & Jarrett, R. B. (1987). The treatment utility of
assessment — A functional approach to evaluating assessment quality.
American Psychologist, 42(11), 963-974. https://doi.org/10.1037/0003-
066X.42.11.963

Hayes, S.C., Strosahl, K.D. & Wilson, K.G. (2014). ACT i teori och tilldmpning:
vdgen till psykologisk flexibilitet. Stockholm: Natur & kultur.

Hayes, S., Villatte, M., Levin, M., & Hildebrandt, M. (2010). Open, aware, and
active: Contextual approaches as an emerging trend in the behavioral and
cognitive therapies. Annual Review of Clinical Psychology, 7, 141-168.
https://doi.org/10.1146/annurev-clinpsy-032210-104449

Hecht, M., & Zitzmann, S. (2021). Sample size recommendations for continuous-
time models: Compensating shorter time series with larger numbers of
persons and vice versa. Structural Equation Modeling: A Multidisciplinary
Journal, 28(2), 229-236. https://doi.org/10.1080/10705511.2020.1779069

Herbert, J. D., Gaudiano, B. A., Rheingold, A. A., Myers, V. H., Dalrymple, K., &
Nolan, E. M. (2005). Social skills training augments the effectiveness of
cognitive behavioral group therapy for social anxiety disorder. Behavior
Therapy, 36(2), 125-138. https://doi.org/10.1016/S0005-7894(05)80061-9

Hofmann, S. G., Curtiss, J. E., & Hayes, S. C. (2020). Beyond linear mediation:
Toward a dynamic network approach to study treatment processes. Clinical
Psychology Review, 76, 101824. https://doi.org/10.1016/j.cpr.2020.101824

Hofmann, S. G., & Hayes, S. C. (2019). The future of intervention science: Process-
based therapy. Clinical Psychological Science, 7(1), 37-50.
https://doi.org/10.1177/2167702618772296

80



Hughes, L. S., Clark, J., Colclough, J. A., Dale, E., & McMillan, D. (2017).
Acceptance and commitment therapy (ACT) for chronic pain: A systematic
review and meta-Analyses. The Clinical Journal of Pain, 33(6), 552-568.
https://doi.org/10.1097/AJP.0000000000000425

Hurtado-Parrado, C., & Lopez-Lopez, W. (2015). Single-case research methods:
History and suitability for a psychological science in need of alternatives.
Integrative Psychological and Behavioral Science, 49.
https://doi.org/10.1007/s12124-014-9290-2

Inglehart, R., & Baker, W. E. (2000). Modernization, cultural change, and the
persistence of traditional values. American Sociological Review, 65(1), 19—
51. https://doi.org/10.2307/2657288

Jover Martinez, A., Lemmens, L. H. J. M., Fried, E. 1., Haslbeck, J. M. B., & Roefs,
A. (2025). Does the structure of dynamic symptom networks depend on
baseline psychopathology in students? Behaviour Research and Therapy,
195, 104888. https://doi.org/10.1016/j.brat.2025.104888

Kashdan, T. B., Barrios, V., Forsyth, J. P., & Steger, M. F. (2006). Experiential
avoidance as a generalized psychological vulnerability: Comparisons with
coping and emotion regulation strategies. Behaviour Research and Therapy,
44(9), 1301-1320. https://doi.org/10.1016/j.brat.2005.10.003

Kendall, M. G. (1938). A New Measure of Rank Correlation. Biometrika, 30(1/2),
81-93. https://doi.org/10.2307/2332226

Klintwall, L., Bellander, M., & Cervin, M. (2021). Perceived causal problem
networks: Reliability, central problems, and clinical utility for depression.
Assessment, 10731911211039281.
https://doi.org/10.1177/10731911211039281

Kratochwill, T. R., Hitchcock, J., Horner, R. H., Levin, J. R., Odom, S. L.,
Rindskopf, D. M., & Shadish, W. R. (2010). Single-case designs technical
documentation. Retrieved on May 5 2026 from What

Works Clearinghouse website: http://ies.ed.gov/ncee/wwc/pdf/iwwe_scd.pdf.

Kroenke, K., Spitzer, R. L., & Williams, J. B. W. (2001). The PHQ-9: Validity of a
brief depression severity measure. Journal of General Internal Medicine,
16(9), 606-613. https://doi.org/10.1046/j.1525-1497.2001.016009606.x

Lai, L., Liu, Y., McCracken, L. M., Li, Y., & Ren, Z. (2023). The efficacy of
acceptance and commitment therapy for chronic pain: A three-level meta-
analysis and a trial sequential analysis of randomized controlled trials.
Behaviour Research and Therapy, 165, 104308.
https://doi.org/10.1016/j.brat.2023.104308

Lane, S. T., & Gates, K. M. (2017). Automated selection of robust individual-level
structural equation models for time series data. Structural Equation
Modeling: A Multidisciplinary Journal, 24(5), 768—782.
https://doi.org/10.1080/10705511.2017.1309978

Lane, S. T., Gates, K. M., Pike, H. K., Beltz, A. M., & Wright, A. G. C. (2019).
Uncovering general, shared, and unique temporal patterns in ambulatory
assessment data. Psychological Methods, 24(1), 54—69.
https://doi.org/10.1037/met0000192

Lavefjord, A., Sundstrom, F., Buhrman, M., & McCracken, L. (2023). The role of
stigma in health and functioning in chronic pain: Not just catastrophizing.
European Journal of Pain (London, England).
https://doi.org/10.1002/ejp.2207

Lavefjord, A., & Sundstrom, F. T. A. (2025). Considerations for idiographic chronic
pain treatment. Current Opinion in Psychology, 61, 101946.
https://doi.org/10.1016/j.copsyc.2024.101946

81



Lavefjord, A., Sundstrom, F. T. A., Buhrman, M., & McCracken, L. M. (2021).
Assessment methods in single case design studies of psychological
treatments for chronic pain: A scoping review. Journal of Contextual
Behavioral Science, 21, 121-135. https://doi.org/10.1016/].jcbs.2021.05.005

Lavefjord, A., Ploessl, C., Sundstrom, F. T. A., Forslund, S., Buhrman, M., &
McCracken, L. M. Clinicians’ perceptions on the clinical utility of network
analysis. [Manuscript in preparation].

Lee, C. T., Kelley, S. W., Palacios, J., Richards, D., & Gillan, C. M. (2024).
Estimating the prognostic value of cross-sectional network connectivity for
treatment response in depression. Psychological Medicine, 54(2), 317-326.
https://doi.org/10.1017/S0033291723001368

Levinson, C. A., Hunt, R. A., Keshishian, A. C., Brown, M. L., Vanzhula, I.,
Christian, C., Brosof, L. C., & Williams, B. M. (2021). Using individual
networks to identify treatment targets for eating disorder treatment: A proof-
of-concept study and initial data. Journal of Eating Disorders, 9(1), 147.
https://doi.org/10.1186/s40337-021-00504-7

Levinson, C. A., Vanzhula, ., & Brosof, L. C. (2018). Longitudinal and
personalized networks of eating disorder cognitions and behaviors: Targets
for precision intervention a proof of concept study. International Journal of
Eating Disorders, 51(11), 1233—1243. https://doi.org/10.1002/eat.22952

Levinson, C. A., Williams, B. M., Christian, C., Hunt, R. A., Keshishian, A. C.,
Brosof, L. C., Vanzhula, I. A., Davis, G. G., Brown, M. L., Bridges-Curry,
Z., Sandoval-Araujo, L. E., & Ralph-Nearman, C. (2023). Personalizing
eating disorder treatment using idiographic models: An open series trial.
Journal of Consulting and Clinical Psychology, 91(1), 14-28.
https://doi.org/10.1037/ccp0000785

Lilienfeld, S. O., & Lynn, S. J. (2014). Errors/biases in clinical decision making. In
R. L. Cautin & S. O. Lilienfeld (Eds.), The Encyclopedia of Clinical
Psychology (1st ed., pp. 1-9). Wiley.
https://doi.org/10.1002/9781118625392.wbecp567

Makhubela, M. (2021). Comorbid anxiety and depression psychopathology in
university students: A network approach. South African Journal of
Psychology, 51(1), 35-53. https://doi.org/10.1177/0081246320973839

Mangalam, M., & Kelty-Stephen, D. G. (2021). Point estimates, Simpson’s paradox,
and nonergodicity in biological sciences. Neuroscience & Biobehavioral
Reviews, 125, 98-107. https://doi.org/10.1016/j.neubiorev.2021.02.017

Manolov, R., & Moeyaert, M. (2017). Recommendations for choosing single-case
data analytical techniques. Behavior Therapy, 48(1), 97-114.
https://doi.org/10.1016/j.beth.2016.04.008

Mansueto, A. C., Wiers, R. W., Van Weert, J. C. M., Schouten, B. C., & Epskamp,
S. (2023). Investigating the feasibility of idiographic network models.
Psychological Methods, 28(5), 1052—1068.
https://doi.org/10.1037/met0000466

Martensson, G., Johansson, F., Buhrman, M., Ahs, F., & Clason van de Leur, J.
(2024). A network analysis of exhaustion disorder symptoms throughout
treatment. BMC Psychiatry, 24(1), 389. https://doi.org/10.1186/s12888-024-
05842-9

McCracken, L. M. (2023). Personalized pain management: Is it time for process-
based therapy for particular people with chronic pain? European Journal of
Pain, 27(9), 1044-1055. https://doi.org/10.1002/ejp.2091

82



McCracken, L. M. (2024). Psychological flexibility, chronic pain, and health.
Annual Review of Psychology, 75, 601-624. https://doi.org/10.1146/annurev-
psych-020223-124335

McCracken, L. M., & Eccleston, C. (2005). A prospective study of acceptance of
pain and patient functioning with chronic pain. Pain, 118(1-2), 164—169.
https://doi.org/10.1016/j.pain.2005.08.015

McElroy, E., Napoleone, E., Wolpert, M., & Patalay, P. (2019). Structure and
connectivity of depressive symptom networks corresponding to early
treatment response. EClinicalMedicine, 8, 29-36.
https://doi.org/10.1016/j.eclinm.2019.02.009

Moeyaert, M., Manolov, R., & Rodabaugh, E. (2020). Meta-analysis of single-case
research via multilevel models: Fundamental concepts and methodological
considerations. Behavior Modification, 44(2), 265-295.
https://doi.org/10.1177/0145445518806867

Molenaar, P. (2004). A manifesto on psychology as idiographic science: Bringing
the person back into scientific psychology, this time forever. Measurement:
Interdisciplinary Research & Perspective, 2,201-218.
https://doi.org/10.1207/s15366359mea0204 1

Molenaar, P. C. M., & Campbell, C. G. (2009). The new person-specific paradigm
in psychology. Current Directions in Psychological Science, 18(2), 112—117.
https://doi.org/10.1111/j.1467-8721.2009.01619.x

Moore, J. (2013). Methodological behaviorism from the standpoint of a radical
behaviorist. The Behavior Analyst, 36(2), 197-208.
https://doi.org/10.1007/BF03392306

Murguia, E., & Diaz, K. (2015). The philosophical foundations of cognitive
behavioral therapy: stoicism, buddhism, Taoism, and existentialism. Journal
of Evidence-Based Psychotherapies, 15(1), 37-59.

Murillo, C., Vo, T.-T., Vansteelandt, S., Harrison, L. E., Cagnie, B., Coppieters, 1.,
Chys, M., Timmers, 1., & Meeus, M. (2022). How do psychologically based
interventions for chronic musculoskeletal pain work? A systematic review
and meta-analysis of specific moderators and mediators of treatment. Clinical
Psychology Review, 94, 102160. https://doi.org/10.1016/j.cpr.2022.102160

Murphy, J. L., Cordova, M. J., & Dedert, E. A. (2022). Cognitive behavioral therapy
for chronic pain in veterans: Evidence for clinical effectiveness in a model
program. Psychological services, 19(1), 95-102.
https://doi.org/10.1037/ser0000506

O’Donohue, W., & Smith, L. D. (1992). Philosophical and psychological
epistemologies in behaviorism and behavior therapy. Behavior Therapy,
23(2), 173—194. https://doi.org/10.1016/S0005-7894(05)80380-6

Ong, C. W, Hayes, S. C., & Hofmann, S. G. (2022). A process-based approach to
cognitive behavioral therapy: A theory-based case illustration. Frontiers in
Psychology, 13. https://doi.org/10.3389/fpsyg.2022.1002849

Ong, C. W, Sheehan, K., Mann, A. J. D., & Fox, E. (2025). Examining the effects
of process-based therapy: A multiple baseline study. Journal of Contextual
Behavioral Science, 35, 100875. https://doi.org/10.1016/j.jcbs.2025.100875

Ormerod, R. (2009). The history and ideas of critical rationalism: The philosophy of
Karl Popper and its implications for OR. Journal of the Operational
Research Society, 60, 441-460.
https://doi.org/10.1057/palgrave.jors.2602573

Parker, R. 1., Vannest, K. J., Davis, J. L., & Sauber, S. B. (2011). Combining
nonoverlap and trend for single-case research: Tau-U. Behavior Therapy,
42(2), 284-299. https://doi.org/10.1016/j.beth.2010.08.006

&3



Ramnerd, J. & Torneke, N. (2006). Beteendets ABC: en introduktion till
behavioristisk psykoterapi. Lund: Studentlitteratur.

Robinaugh, D. J., Hoekstra, R. H. A., Toner, E. R., & Borsboom, D. (2020). The
network approach to psychopathology: A review of the literature 2008-2018
and an agenda for future research. Psychological Medicine, 50(3), 353-366.
https://doi.org/10.1017/S0033291719003404

Robinaugh, D. J., Millner, A. J., & McNally, R. J. (2016). Identifying highly
influential nodes in the complicated grief network. Journal of Abnormal
Psychology, 125(6), 747-757. https://doi.org/10.1037/abn0000181

Rolffs, J. L., Rogge, R. D., & Wilson, K. G. (2018). Disentangling components of
flexibility via the Hexaflex model: Development and validation of the
Multidimensional Psychological Flexibility Inventory (MPFI). Assessment,
25(4), 458-482. https://doi.org/10.1177/1073191116645905

Ryan, O., & Hamaker, E. L. (2022). Time to intervene: A continuous-time approach
to network analysis and centrality. Psychometrika, 87(1), 214-252.
https://doi.org/10.1007/s11336-021-09767-0

Sanabria-Mazo, J. P., Giné-Vazquez, 1., Cristobal-Narvéez, P., Suso-Ribera, C.,
Garcia-Palacios, A., McCracken, L. M., Hayes, S. C., Hofmann, S. G.,
Ciarrochi, J., & Luciano, J. V. (2024). Relationship between outcomes and
processes in patients with chronic low back pain plus depressive symptoms:
Idiographic analyses within a randomized controlled trial. Psychotherapy
Research. (2025-10300-001).
https://doi.org/10.1080/10503307.2024.2382429

Santos Jr., H., Fried, E. 1., Asafu-Adjei, J., & Ruiz, R. J. (2017). Network structure
of perinatal depressive symptoms in Latinas: Relationship to stress and
reproductive biomarkers. Research in Nursing & Health, 40(3), 218-228.
https://doi.org/10.1002/nur.21784

Schaffer, J. (2018). Monism. In E. N. Zalta (Ed.), The Stanford encyclopedia of
philosophy (Winter 2018 ed.). Retrieved April 24 on
https://plato.stanford.edu/archives/win2018/entries/monism

Scholten, S., Herzog, P., Glombiewski, J. A., & Kaiser, T. (2025). Is personalization
of psychological pain treatments necessary? Evidence from a Bayesian
variance ratio meta-analysis. Pain, 166(2), 420—427.
https://doi.org/10.1097/1.pain.0000000000003363

Scholten, S., Klintwall, L., Glombiewski, J. A., & Burger, J. (2025). Updating
patient perceptions with intensive longitudinal data for enhanced case
conceptualizations: An approach with Bayesian informative priors. Journal
of Psychopathology and Clinical Science, 134(5), 585-599.
https://doi.org/10.1037/abn0000993

Scholten, S., Lischetzke, T., & Glombiewski, J. A. (2022). Integrating theory-based
and data-driven methods to case conceptualization: A functional analysis
approach with ecological momentary assessment. Psychotherapy Research,
32(1), 52-64. https://doi.org/10.1080/10503307.2021.1916639

Shean, G. (2014). Limitations of Randomized Control Designs in Psychotherapy
Research. Advances in Psychiatry, 2014(1), 561452.
https://doi.org/10.1155/2014/561452

Shiffman, S., Stone, A., & Hufford, M. (2008). Ecolocial Momentary Assessment.
Annual Review of Clinical Psychology, 4, 1-32.
https://doi.org/10.1146/annurev.clinpsy.3.022806.091415

Skinner, B. F. (1984). Selection by Consequences. Behavioral and Brain Sciences,
7(4), 477-481. https://doi.org/10.1017/s0140525x0002673x

&4



Smith, J. D. (2012). Single-case experimental designs: A systematic review of
published research and current standards. Psychological Methods, 17(4),
510-550. https://doi.org/10.1037/a0029312

Sundstrom, F. T. A., Lavefjord, A., Buhrman, M., & McCracken, L. M. (2025). Are
people with chronic pain more diverse than we think? An investigation of
ergodicity. Pain. https://doi.org/10.1097/j.pain.0000000000003573

Sundstrom, F. T., Lavefjord, A., Buhrman, M., & McCracken, L. M. (2023).
Assessing psychological flexibility and inflexibility in chronic pain using the
Multidimensional Psychological Flexibility Inventory (MPFI). The Journal of
Pain, 24(5), 770-781. https://doi.org/10.1016/j.jpain.2022.11.010

Sundstrom, F. T., Lavefjord, A., Buhrman, M., & McCracken, L. M. When
sensitivity matters: An exploratory investigation of the adequacy of a chronic
pain diary. [Manuscript in preparation].

Tanious, R., & Onghena, P. (2020). A systematic review of applied single-case
research published between 2016 and 2018: Study designs, randomization,
data aspects, and data analysis. Behavior Research Methods.
https://doi.org/10.3758/s13428-020-01502-4

Tate, R., Perdices, M., Rosenkoetter, U., Wakim, D., Godbee, K., Togher, L., &
Mcdonald, S. (2013). Revision of a method quality rating scale for single-
case experimental designs and N-of-1 trials: The 15-item Risk of Bias in N-
of-1 Trials (RoBiNT) Scale. Neuropsychological Rehabilitation, 23, 619—
638. https://doi.org/10.1080/09602011.2013.824383

Truijens, F., Ziithlke-van Hulzen, L., & Vanheule, S. (2019). To manualize, or not to
manualize: Is that still the question? A systematic review of empirical
evidence for manual superiority in psychological treatment. Journal of
Clinical Psychology, 75(3), 329-343. https://doi.org/10.1002/jclp.22712

van Borkulo, C., Boschloo, L., Borsboom, D., Penninx, B. W. J. H., Waldorp, L. J.,
& Schoevers, R. A. (2015). Association of symptom network structure with
the course of depression. JAMA Psychiatry, 72(12), 1219-1226.
https://doi.org/10.1001/jamapsychiatry.2015.2079

Villatte, J. L., Vilardaga, R., Villatte, M., Plumb Vilardaga, J. C., Atkins, D. C., &
Hayes, S. C. (2016). Acceptance and commitment therapy modules:
differential impact on treatment processes and outcomes. Behaviour Research
and Therapy, 77, 52—61. https://doi.org/10.1016/j.brat.2015.12.001

Virués-Ortega, J., & Haynes, S. N. (2005). Functional analysis in behavior therapy:
Behavioral foundations and clinical application. International Journal of
Clinical and Health Psychology, 5(3), 567-587,

Vlaeyen, J. W. S., & Linton, S. J. (2000). Fear-avoidance and its consequences in
chronic musculoskeletal pain: A state of the art. PAIN, 85(3), 317.
https://doi.org/10.1016/S0304-3959(99)00242-0

Vogel, F., Fromm, C., Reichert, J., Schwenck, C. M., & Rupp, S. (2025). An
adaptation of perceived causal networks for children and adolescents
(PECAN-CA): An evaluation of its reliability and feasibility. Child
Psychiatry & Human Development. https://doi.org/10.1007/s10578-025-
01900-9

Vroegindeweij, A., Houtveen, J., Lucassen, D. A., Van De Putte, E. M., Wulffraat,
N. M., Nijhof, S. L., & Swart, J. F. (2024). Individual outcomes after tailored
versus generic self-management strategies for persistent fatigue in youth with
a fatigue syndrome or rheumatic condition: A multiple single-case study.
British Journal of Health Psychology, 29(3), 712-730.
https://doi.org/10.1111/bjhp.12722

&5



Watson, J. B. (1913). Psychology as the behaviorist views it. Psychological Review,
20, 158-177. https://doi.org/10.1037/h0074428

Wilbert, J. & Liike, T. (2023). Scan: Single-Case Data Analyses for Single and
Multiple Baseline Designs. (0.60) [English]. CRAN. https://CRAN.R-
project.org/package=scan.

Williams, A. C. de C., Fisher, E., Hearn, L., & Eccleston, C. (2020). Psychological
therapies for the management of chronic pain (excluding headache) in adults.
The Cochrane Database of Systematic Reviews, 8(8), CD007407.
https://doi.org/10.1002/14651858.CD007407.pub4

Williams, L. J., Jacka, F. N., Pasco, J. A., Dodd, S., & Berk, M. (2006). Depression
and pain: An overview. Acta Neuropsychiatrica, 18(2), 79-87.
https://doi.org/10.1111/1.1601-5215.2006.00130.x

Wolfe, K., Barton, E. E., & Meadan, H. (2019). Systematic protocols for the visual
analysis of single-case research data. Behavior Analysis in Practice, 12(2),
491-502. https://doi.org/10.1007/s40617-019-00336-7

86






Acta Universitatis Upsaliensis

Digital Comprehensive Summaries of Uppsala Dissertations from
the Faculty of Social Sciences 245

Editor: The Dean of the Faculty of Social Sciences

A doctoral dissertation from the Faculty of Social Sciences,
Uppsala University, is usually a summary of a number of
papers. A few copies of the complete dissertation are kept

at major Swedish research libraries, while the summary

alone is distributed internationally through the series Digital
Comprehensive Summaries of Uppsala Dissertations from the
Faculty of Social Sciences. (Prior to January, 2005, the series
was published under the title “Comprehensive Summaries of
Uppsala Dissertations from the Faculty of Social Sciences”.)

U I ACTA UNIVERSITATIS
Distribution: publications.uu.se UPSALIENSIS

urn:nbn:se:uu:diva-591557 2026



	Abstract
	List of Studies
	Additional studies
	Contents
	Abbreviations
	Introduction
	The role of psychology in chronic pain
	The anti-dualism, the a-ontology, or the monism of not separating psychology from physiology

	Psychological treatment for chronic pain
	CBT
	ACT
	Evidence-base

	Lack of generalizability between the mean and theindividual
	Implications for psychological treatment
	The scientist-practitioner gap

	From manual-based treatment to individualization inprocess- based therapy
	Idiographic network analysis

	General aim
	General methods
	Chronic pain sample
	Variables assessed
	Variables in networks
	Outcome variables in study I and II

	Empirical research using SCD methodology
	Ecological momentary assessment
	Network analysis
	PECAN
	Data driven networks
	Time frames for relationships in networks
	Number of data points
	Centrality indices

	Single case data analyses
	Visual analysis
	Tau-U

	Missing data management
	Steps taken to examine generalizability across levels of analyses
	Methodological evaluation
	Ethical considerations

	Studies
	Study I
	Aim and hypotheses
	Method
	Results
	Discussion

	Study II
	Aim and hypotheses
	Method
	Results
	Discussion

	Study III
	Aims
	Method
	Results
	Discussion


	General discussion
	Is idiographic network analysis the future for individualized psychological treatment?
	Data driven networks
	PECAN

	Are centrality indices needed?
	Time frames of relationships
	Network analysis combined with conventional case conceptualization
	Balancing individual level evidence with group level evidence
	Is it helpful to individualize?
	General limitations and strengths
	Conclusion and future directions

	Declaration of AI use
	Acknowledgements
	References



