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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
III 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 (Ramnerö & Törneke, 2006). Interventions are 
therefore focused on extinction processes and engaging in new behavioral 
patterns (Ramnerö & Törneke, 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 & Díaz, 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 & Díaz, 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; Sundström 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 



 

 19

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, I 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 



 

 22 

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 
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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 
et al., 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).  



 

 27

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 
(Sundström 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 (Sundström 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 



 

 30 

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 & Sundström, 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 & 
Sundström, 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 & Sundström, 
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 
II 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 
et al., 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 (Mårtensson 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 Martínez 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. Idiographic 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 III 
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, 
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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 III. 

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 II, 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 II 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 I 
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 & 
Lüke, 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 likelihood 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 & López-López, 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 
so, 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, I 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. 

 



 

 52 

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. 
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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 I. 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 III 
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 



 

 59

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 to 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 all 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 II, 
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 & Sundström, 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 I 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 (Sundström 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. 
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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. 
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