UvA-DARE (Digital Academic Repository)

Autism as a multicausal system
Deserno, M.K.
Publication date
2019
Document Version
Final published version
License
Other
Link to publication
Citation for published version (APA):
Deserno, M. K. (2019). Autism as a multicausal system. [Thesis, fully internal, Universiteit van
Amsterdam].

General rights
It is not permitted to download or to forward/distribute the text or part of it without the consent of the author(s)
and/or copyright holder(s), other than for strictly personal, individual use, unless the work is under an open
content license (like Creative Commons).
Disclaimer/Complaints regulations
If you believe that digital publication of certain material infringes any of your rights or (privacy) interests, please
let the Library know, stating your reasons. In case of a legitimate complaint, the Library will make the material
inaccessible and/or remove it from the website. Please Ask the Library: https://uba.uva.nl/en/contact, or a letter
to: Library of the University of Amsterdam, Secretariat, Singel 425, 1012 WP Amsterdam, The Netherlands. You
will be contacted as soon as possible.

UvA-DARE is a service provided by the library of the University of Amsterdam (https://dare.uva.nl)
Download date:09 Jan 2023

colophon
© Marie Katharina Deserno, 2018
This thesis was typeset using LATEX, and classicthesis, developed
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M E TA P H O R S W E T H I N K B Y

Traditionally, the stylistic device of the metaphor — a reference to an
object or action in terms of something similar — belongs to the realm
of rhetoric, which is a deﬁnitive feature of disciplines such as jurisdiction and literature. Within any scientiﬁc discourse, however, people
often engage in the use of well-established metaphors to translate
abstract relational or causal hypotheses into intuitive examples. In
the process of theory formation, experts systematically use inference
patterns from one conceptual domain to reason about another. From
studying such dominant metaphors, one can learn a great deal about
the ﬁeld-speciﬁc Zeitgeist of theoretical reasoning.
Metaphors for human complexity, for example, have a long history in drawing from mechanistic phenomena: the brain is wired like
a computer, the body resembles a clockwork and our psychological
well-being should be thought of in terms of charged or drained batteries. Thinking alongside these mechanistic metaphors has enabled
medical doctors and researchers to establish a highly successful account of the relation between what can be seen, i.e. symptoms, and
the underlying, or hidden, cause of these observables. This relational
account is a fundamental pillar of the diagnostic process in the medical sciences: doctors can link yellowish skin to a dysfunctional liver,
or coughing and sneezing to the presence of a virus. Along the same
line of thought, it is often assumed that co-occuring psychiatric problems stem from a common cause within individuals (Borsboom et al.,
2017). Mechanistic thinking about the human mind and body has
thus resulted in the reductionist assumption that a present set of
symptoms can be linked to some traceable etiological agent. These
metaphors, however, are usually highly time-dependent and change
alongside empirical advances and technological innovation (Lakoff &
Johnson, 1980). They nonetheless shape a great deal of how we study
the human mind in its so-called ’typical’ and ’atypical’ variants.
Now, the twenty-ﬁrst century has witnessed a shift away from
reductionist-inspired mechanistic metaphors towards a more
complexity-aspiring metaphorical framework (Barabasi, 2012). One
prominent example is the popular ecosystem metaphor for human
complexity in which complex higher-order phenomena, such as intelligence or psychopathology, emerge from the interplay of genetic,
neural and behavioral factors. What follows from this is that one can
conceptualize heterogeneity in human development as the result of
the many different outputs a complex biodiverse ecosystem can have
(Van de Leemput et al., 2014). This metaphorical framework has in-

1

2

metaphors we think by

spired a relatively young branch of psychological research to focus
on complex interrelations, or networks, of psychological attributes to
accommodate the complex dynamics of the human mind (Van der
Maas et al., 2006; Cramer et al., 2010; Borsboom & Cramer, 2013).
1.1

autism

Recently, the metaphor of a complex ecosystem has also found its way
into the ﬁeld of (a)typical development. More and more researchers
argue that here might not be one deterministic cause but a variety of
causes that merely change the probability of an impairment to emerge
(Johnson, 2017; Kievit et al., 2017; Van der Maas et al., 2006; Kendler
et al., 2011). Essentially, atypically developing, autistic1 individuals
are diagnosed based on a mechanistic account of the co-occurence of
three characteristics: social impairment, communicative impairments
and repetitive motor and restricted interests (American Psychiatric
Association, 2013). It is important to note that these diagnostic criteria
make autism a behaviorally deﬁned condition.
Along the lines of the above-mentioned reductionist idea, it has
long been thought that these characteristics stem from one common
cause, a sometimes implicit assumption that still motivates various
researchers in the autism ﬁeld to keep looking for a single biomarker
(Anderson, 2015). Although multiple potential risk factors have been
identiﬁed, a replicable hierarchical cascade of events leading to an
autistic proﬁle has not yet been found (Johnson, 2017). Simultaneously, the ﬁeld is slowly moving away from the assumption that all
autistic individuals share one particular etiological agent.
A popular theoretical model by Happé and colleagues (2006), for
example, argues that the three core characteristics of autism are probably caused by distinct deﬁcits that can occur in isolation. The often
observed intra-individual co-occurrence of these deﬁcits, however, remains difﬁcult to explain from such a theoretical stance (Brunsdon
& Happé, 2014). A growing body of literature is now picking up on
a more complexity-aspiring framework and toolbox to study atypical development, its antecedents, risk factors, and outcome (Johnson,
2017; Anderson, 2015). This theoretical shift leaves us with a new focus on multicausal, multivariate patterns that span several levels of interest (e.g., environment, behavior, neuropsychology etc.) and forms
the methodological and theoretical basis of this thesis. With this novel
focus we seek to investigate the two biggest issues in the atypical development realm, and autism speciﬁcally: the development of autistic

1 The appropriate terminology used to describe autism is a topic of recent debate
(Kenny et al., 2015) and remains a matter of personal opinion. In this thesis, we use
person-ﬁrst (e.g., individual with autism) and identity-ﬁrst language (e.g., autistic
individuals) interchangeably to refer to people with an autism diagnosis.

1.2 dynamics in outcome

characteristics and the generally low quality of life (QoL) of this population.
1.2

dynamics in outcome

In the past decades, many studies have reported on a variety of outcome variables for the autism population. Traditionally, the focus has
been on percentages of individuals who live independently, work for
their own income, or engage in long-term relationships. Focusing on
these outcome parameters has resulted in the assumption that autistic individuals show a relatively low outcome (Kuhltau et al., 2010;
Billstedt et al., 2005; Howlin et al., 2004), also in comparison to other
clinical populations. Discussions concerned with what objective and
subjective parameters to include in a proper evaluation of a ’good
life’ date back to ancient Greek philosophers such as Aristotle (see
Franklin (2010) for a historical perspective on the deﬁnition of a good
life). With our scientiﬁc thinking shifting towards more multivariate
conceptualizations, however, we can now evaluate the direct interplay
between those traditional, or ’objective’, parameters of QoL versus
someone’s subjective evaluation of their QoL (Constant et al., 2018;
Stokes et al., 2017; Begeer et al., 2017; Van Heijst & Geurts, 2015).
The call for this shift of focus stems from the ﬁnding that wellresearched predictors of better outcome in autism, such as autism
severity (Eaves & Ho, 2008), IQ and language development, do not
seem to be related to QoL in a replicable and straight-forward pattern (Van Heijst & Geurts, 2015; Kuhltau et al, 2013; Renty & Roeyers, 2006). It has, therefore, been argued that extending traditionally
assessed outcome variables with self-reported subjective well-being
would do justice to the complex patterns of interrelated factors that
together constitute an individual’s QoL. The theoretical shift towards
conceptualizing autism as an adaptive developmental pathway led to
a growing focus on investigating multivariate patterns surrounding
atypical developmental outcomes, which can be seen as the second
building block of this PhD thesis.
In Chapter 2, we created the ﬁrst network of interrelations among
subjective evaluations of QoL in adults with autism to learn that there
are differentially related direct predictors of the general life satisfaction of adults with autism. Based on this ﬁrst orientational study,
we conducted a second study, reported in Chapter 3, combining selfreported subjective well-being measures with measures of (objectively
deﬁned) good outcome in adults with clinically identiﬁed autism.
We were interested to see what aspects of autism symptomatology
do (directly) relate to aspects of more subjectively deﬁned QoL measures (e.g., general life satisfaction) versus more objectively deﬁned
measures of functioning (e.g. someone’s living situation). In addition, we aimed to illustrate how representing psychological variables
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as higher-order (i.e. sum-scores) or lower-order (i.e. sub-scales) constructs can clarify their functional interdependencies on different levels. Discussions about these different construct levels of psychological
phenomena led to a collaborative methodological project, reported on
in Chapter 4, in which we proposed community detection as a means
to study the role of speciﬁc elements in multivariate patterns and
their organization into communities. This novel focus on the community level of psychological network structures offers a framework to
study essential clinical concepts such as comorbidity, heterogeneity
and hallmark symptoms.
By exploring the potential of this novel theoretical and statistical
approach to investigate multivariate systems (such as QoL in autism),
we laid the groundwork for the projects to follow: digging deeper
into the ﬁeld of QoL in autism, its bottlenecks became exceedingly
clear as well. First, there is an ongoing discussion about the respective incongruence between self- and proxy-reported assessments of
QoL in individuals with autism. Second, there is a persistent lack of
large-scale longitudinal data providing insights on factors relevant to
developmental trajectories of QoL in autism. We address both issues
in two subsequent projects: in Chapter 5 we took the factors included
in the network structure in Chapter 3 and constructed a symptom network on the basis of clinicians’ judgments (Perceived Causal Relation
methodology; Frewen et al., 2012). In a next step, we looked at the congruency of clinicians’ rated causal relationships among characteristics
of autism and well-being with the network structure obtained from
statistical analyses of the survey data in Chapter 3. In Chapter 6 we
took a data-driven approach to uncovering subtypes in multivariate
patterns associated with longitudinal changes in QoL. The analysis
reported on in this chapter is executed on unique longitudinal data
from the Netherlands Autism Register (NAR).
1.3

dynamics in development

The ﬁnal project of this thesis arose from the synergy of complexityinspired theoretical advances in the developmental ﬁeld and unique
developmental data on children ’at risk’ for atypical development,
and autism speciﬁcally. With autism being behaviorally deﬁned, we
propose that the ﬁeld can beneﬁt from the developmental branch of
the network approach to psychological constructs. Within this branch,
the mutualism model is most prominent, introducing a network of
multiple interacting and mutually reinforcing traits and factors to
describe human development (Van der Maas, 2006). This model has
originally been developed to explain the positive manifold of correlations seen for cognitive processes contributing to IQ (Van der Maas
et al., 2006). More recently, it has also been suggested that the mutualism model might offer a fruitful theoretical framework for the

1.3 dynamics in development

’multiﬁnality’ concept in developmental psychology, and more specifically autism (Anderson, 2015). Based on this model, one would hypothesize that the observed heterogeneity in autism should be interpreted as a result of the potential for small change to produce large
non-linear effects on emergent phenotypes, similar to the heterogeneity we observe in typically developing individuals. Combining the
lessons learned from previous projects, where we showed the importance of zooming in on a detailed description of functional interdependencies, the mutualism model offers a framework to investigate
the role of speciﬁc parameters for longitudinal dynamics in atypical development. In Chapter 7 we, therefore, adopt a longitudinal
approach to investigate how different characteristics of impairment
co-develop, informing us on dynamic processes that drive atypical
development. Eventually, such informed longitudinal models could
enable us to detect developmental challenges in an early stage and
intervene before they self-reinforce over time. Finally, Chapter 8 contains an overview of the results of this thesis, accompanied by a general discussion of possible future endeavours based on the presented
results and theoretical framework.
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M U LT I C A U S A L S Y S T E M S A S K F O R M U LT I C A U S A L
APPROACHES: A NETWORK PERSPECTIVE ON
SUBJECTIVE WELL-BEING IN AUTISM

2.1

abstract

Given the heterogeneity of autism, an important limitation of much
autism research is that outcome measures are statistically modeled
as separate dependent variables. Often, their multivariate structure
is either ignored or treated as a nuisance. The current study aims to
lift this limitation by applying network analysis to explicate the multivariate pattern of risk and success factors for subjective well-being
in autistic individuals. We estimated a network structure for 27 potential factors in 2341 individuals with autism to assess the centrality
of speciﬁc life domains and their importance for well-being. The data
included both self- and proxy-reported information. We identiﬁed social satisfaction and societal contribution as the strongest direct paths
to subjective well-being. The results suggest that an important contribution to well-being lies in resources that allow the individual to
engage in social relations, which inﬂuence well-being directly. Factors most important in determining the network’s structure include
self-reported IQ, living situation, level of daily activity, and happiness.
Number of family members with autism and openness about one’s diagnosis are least important of all factors for subjective well-being. These
type of results can serve as a roadmap for interventions directed at
improving the well-being of individuals with autism.
2.2

introduction

Since Leo Kanner’s ﬁrst account of autism as a distinct syndrome in
1943, extensive study of individuals with Autism Spectrum Disorder
(ASD) has shown the robustness of a well-established clinical phenomenon: the striking heterogeneity of this population in etiology
and course of the disorder, with variable levels of positive outcome
(Howlin et al., 2014). To accommodate this high level of heterogeneity,
a broad range of interpretations, frameworks, and predictors of individual differences in outcome measures have been proposed, each
bringing relevant and speciﬁc aspects of autism into focus (Burgess &
Gutstein, 2007; Anderson et al., 2014; Henninger & Taylor, 2013).
0 Published as: Deserno, M.K., Borsboom, D., Begeer, S. & Geurts, H.M. (2016). Multicausal systems ask for multicausal approaches: A network perspective on subjective
well-being in individuals with autism spectrum disorder. Autism, 21(8), 960-971.
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Research has yielded valuable results regarding the identiﬁcation
of predictors for positive outcome such as childhood IQ and early language ability (Gillespie-Lynch et al., 2012; Magiati et al., 2014). Recent
studies, however, have also shown that, for example, IQ is necessary,
but not sufﬁcient for a positive outcome (Howlin et al., 2004; Anderson et al., 2014). Moreover, the predictive utility of IQ for positive outcome differs across various clinical samples (Renty & Roeyers, 2006;
Chiang & Wineman, 2014; Van Heijst & Geurts, 2015), and it is unclear why. Thus, despite a large body of research identifying speciﬁc
predictors of positive outcome, the predictive utility of such measures
differs in unanticipated ways. In addition, the mechanisms by which
these factors may inﬂuence outcome for individuals with autism remain poorly understood. These results suggest that we need further
understanding of how variations in the combination of risk and protective factors contribute to individual differences in later outcome.
One important limitation of research that may contribute to the limited success in understanding and predicting the course of autism lies
in the conceptualization and analysis of outcome measures. How positive outcome needs to be deﬁned and analyzed is subject to debate,
partly because of the heterogeneity in the antecedents and structure
of such outcomes. In particular, the dominant focus of research has
rested on speciﬁc outcome domains such as social functioning, education, IQ, and working conditions. However, it is well-established
that most individuals with autism do not meet criteria for ’positive’
outcome (Billstedt et al., 2005): few individuals with autism have a
large social network, are permanently employed, or are able to live
independently (Howlin et al., 2004). But, being unemployed or having a small social network does not necessarily imply that an individual’s subjective well-being is low: even in the presence of such
limitations, there appear to be other person-speciﬁc factors (e.g., gender, language, physical problems) that, taken together, determine the
course of the disorder in a complex pattern of interaction (Volkmar et
al., 1993; Joseph et al., 2002; Miller & Tuchman, 2011).
It has, therefore, been suggested that we should conceptualize (positive) outcome taking the person-environment ﬁt into account, i.e.,
the interaction between stressors and supports and an individual’s
perception of competence and well-being (Ruble & Dalrymple, 1996).
Importantly, this focus on interactions of single components that constitute subjective well-being enables us to study the construct as a
multivariate system of mutually interacting factors. Typically, environmental factors and an individual’s perception of competence and
well-being are studied in isolation. That is, outcome measures are
statistically modeled as separate dependent variables, and their multivariate structure is either ignored or treated as a nuisance. In addition, while researchers have conducted numerous studies aimed at
elucidating speciﬁc interactions and effects, there are very few exam-

2.2 introduction

ples of the application of a multivariate approach to unravel crucial
determinants for later outcome (e.g. Woodman et al., 2016). No study,
however, has provided a multivariate overview of these factors’ interrelations. The current study aims to lift this limitation, by utilizing
novel network analysis techniques to explicate and study the multifactorial (and likely multicausal) structure of outcome. Also, subjective and objective evaluations of outcome reﬂect very distinct types
of information (Ruggeri et al., 2001).
In the current study we focus on an individual’s evaluation of different life domains in relation to both subjective and objective measures. A focus on only objective information about outcome would
likely lead to a different pattern of results. Hence, by using a systemlevel approach in the study of the person-environment system we
aim to provide an overview of the multitude of factors in people’s
lives, such as having family members with autism or having physical problems, that have an impact on their subjective well-being and
other aspects of outcome. Recent literature has also highlighted the
need to accommodate the multifactorial nature of antecedents of subjective well-being in autism populations, as it is unlikely that there
could be a single element of autism that predicts well-being in all
cases (Burgess & Gutstein, 2007; De Vries & Geurts, 2015).
In this study, we use a network approach to psychopathology
(Cramer et al., 2010; Borsboom & Cramer, 2013) where disorders are
conceptualized in terms of systems of interacting factors, which may
involve variables classically viewed as ’symptoms’. The network architecture that characterizes a person determines the possible states
in which these functionally interrelated factors may settle (Cramer et
al., 2012). Combined with novel measurement procedures and statistical technology, network approaches have provided new psychometric tools suited to study the complex dynamics of psychological constructs. Here, we use these tools to study the architecture of complex
interrelations within a multivariate system of predictors that make
up person-environment ﬁt for the autism population. Our aim is to
provide a clear overview of the multitude of factors that have an impact on subjective well-being and other outcome domains. To this
end, we simultaneously study both subjective and objective variables
in a large sample of individuals with autism (N=2341) by applying
network analysis techniques in an exploratory fashion. We examine
what variables deﬁne a (good) person-environment ﬁt for individuals
with autism and how psychological, environmental, and medical factors relate to their subjective well-being. Subjective well-being can be
assessed with distinct concepts reﬂecting the affective and cognitive
evaluation of one’s life (Bartels & Boomsma, 2009). In this regard, we
focus on individuals’ evaluation of their average state of happiness in
life and use this subjective non-temporary affective appraisal of their
lives as a representation of subjective well-being.
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The structure of this paper is as follows. First, we construct a correlation network of our sample in order to get a ﬁrst impression of
the architecture of interrelations. Second, we will construct a tentative
causal architecture of the investigated variables, by combining partial
correlation networks with penalized estimation procedures suited to
control Type I error rates (Friedman et al., 2010). With this approach
we can create parsimonious networks that reveal the most stable relations among the variables (Costantini et al., 2014). Finally, the important characteristics of the resulting network will be evaluated by
the analysis of so-called centrality measures, which yield information
about the importance of different factors in the network.
2.3
2.3.1

methods
Sample Descriptives

The current study is based on data1 from the Dutch Association for
Autism (Nederlandse Vereniging voor Autisme, NVA) and the VU
University Amsterdam (VU) obtained with an online questionnaire.
A total of 3521 Dutch participants aged 2 to 90 years were recruited
through the NVA member register and online distribution of the questionnaire. For the current study we focused on participants older
than 16. This choice was motivated by the selection of life domains
included in this study: some of the questions were explicitly workrelated and as such less applicable to participants younger than 16.
In total, 2341 questionnaires were completed by or about individuals
who were 16 and older (for descriptives see Table 2.1).
2.3.2

Measures

The NVA study was originally designed to assess a broad spectrum
of domains within the Dutch autism population, ranging from questions about an individual’s environment to subjective questions about
one’s well-being and attitude towards activities organized by the NVA.
We selected a set of 27 questions to obtain a wide range of life domains, covering demographics, diagnosis, treatment, education, living situation, happiness and well-being, work, social contact and societal contribution. Hence, we excluded all questions directed at the
evaluation of NVA-related activities, future demands for care and detailed family information (90% of all (257) questions). Note that our
set of questions included self-reported (i) evaluation measures, such
as their social satisfaction, (ii) demographic measures, such as their
age and IQ, and (iii) medical and environmental measures, such as
1 These data have been previously used in a national report (Begeer, Wierda & Venderbosch, 2013), however the network structure of the used measures had not yet been
analyzed in the manner of the present study.

2.3 methods

Table 2.1: Descriptives for the participants (N=2341) of the NVA study.

Variable

M(SD)

Range

Age (in years)

32.02 (15.02)

16 - 91

Age of diagnosis (in years)

20.76 (17.02)

0 - 74

Gender

72% male; 28% female

Clinical diagnosis:
Autism

N = 393

Asperger’s Syndrome

N = 909

PDD-NOS

N = 874

ASD

N=165

Note. PDD-NOS = Pervasive Developmental disorder — Not Otherwise
Speciﬁed; ASD = Autism Spectrum Disorder.

the number of comorbidities they have. In Table 2.2 all measures are
explained including respective recoding and abbreviation in the network.
Subjective Evaluation Measures.
Subjective measures, such as happiness and the four satisfaction
questions (advice satisfaction, care satisfaction, social satisfaction, treatment satisfaction) were rated on a scale from 1 (not at all) to 5 (very
much) (e.g., How satisﬁed are you about the care you have received?).
Level of success was rated on a scale from 1 (not at all) to 10 (very
much) and the feeling that one can contribute sufﬁciently to society
was indicated by either 1 (yes), 2 (to some extent) or 3 (no). For the
latter, scores were reverse coded so that higher scores reﬂected more
societal contribution.
Subjective Demographic Measures.
Participants were asked to report their age, gender, their age of
diagnosis, diagnosis, and their IQ score.
Medical and Environmental Measures.
For most of the other measures, such as social contacts, physical
problems and comorbidity, participants selected the type of social
contacts, physical problems or comorbid disorders (e.g., which type
of physical problems do you experience?; which comorbid disorders
do you have?). These measures present a problem for the current
statistical analyses, because if all listed problems and disorders are
treated as distinct variables, the dimensionality of the data becomes
so large that it hampers estimation and makes the interpretation of
results more difﬁcult. To cope with this problem, we computed count
measures, based on these originally nominal variables. That is, most
non-subjective measures in the network are aggregated nominal variables and reﬂect a total number, e.g., the number of physical prob-
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lems an individual reports, rather than the speciﬁc type of problems
listed2 .
2.3.3

Analysis

Networks generally represent a selection of elements (e.g., symptoms
or questionnaire items) that are visualized as nodes. These nodes are
connected by edges. In the statistical networks used here, edges typically represent a statistical measure of association — for instance, a
correlation, partial correlation, or estimated causal effect. In the visual
representation of networks, positive associations are typically represented as green edges, while negative associations are represented
as red edges. The strength of the association is visualized through
the thickness of the edge: the stronger the association, the thicker the
edge. In the visualizations used here, nodes that have many strong associations are positioned near the center of the network, while nodes
with weaker correlations are positioned in the periphery of the network (Fruchterman & Reingold, 1991).
We computed two types of networks using the R-package qgraph
(Epskamp et al., 2012, version 1.3): an association network and three
concentration networks. The association network is a weighted but
undirected network in which the edges represent the correlation between the variables. We excluded correlations falling below r = .10
from the visual representation (these correlations are included in the
network analyses). Correlation networks provide an insightful initial
overview of the interrelations between all factors relevant to subjective well-being, but are inherently ambiguous with respect to causal
relations (Borsboom & Cramer, 2013). That is, correlation networks
generally show a high rate of spurious associations between nodes
(false positives) that may for instance arise when two nodes share
common dependence on a third. To gain more insights regarding the
causal structure of the system we, therefore, computed concentration
networks in which edges represent partial correlations, i.e. the correlation between two elements that arises while controlling statistically
for all other elements in the network. The architecture of partial correlation networks is commonly used as a ﬁrst approximation of the
causal architecture of a system, i.e., it encodes plausible pathways
through which changes in the network structure may propagate, without a priori assuming a particular directionality of this propagation
of such changes.
2 To check whether this step affected the results, we compared the network with aggregated nominal variables to a disaggregated network, in which each nominal variable
is a separate node, by correlating shortest path lengths across graphs. The resulting
correlation (r =0.93) suggests that aggregated and disaggregated networks do not
differ substantively in terms of the main effects we report. Thus, to facilitate interpretation we report only the aggregated network in the main text. The disaggregated
network visualization can be found in Figure 9.3 as supplementary material.

2.3 methods

To estimate the unknown graph structure, i.e., the set of pairwise associations of this study’s set of variables, we computed three concentration networks: (i) a basic partial correlation network, (ii) a thresholded partial correlation network using Holm-Bonferroni correction
and (iii) a partial correlation network using a graphical lasso (least absolute shrinkage and selection operator; Tibshirani, 1996; Friedman et
al., 2010). In other words, the network structure is identiﬁed by the
application of state of the art statistical methodology for solving highdimensional regression problems (based on penalized regression; Tibshirani, 1996; Meinshausen & Bühlmann, 2006). The lasso method
both controls type I error rates and facilitates in interpretation because it only retains the most robust edges in the concentration network. Due to the penalization used in the lasso, if an edge is present
in the graphical lasso network one can be fairly sure that this association is a structural element of the network architecture because
the method has very high speciﬁcity; however, the sensitivity of the
lasso method is considerably smaller, so the concentration networks
we present are likely to miss a possibly sizeable percentage of weaker
edges that cannot be estimated with sufﬁcient precision to include
them in the graph (Van Borkulo et al., 2014). Thus, one can think of
the lasso concentration graph presented here as an accurate estimate
of the overall architecture of the network, but has to keep in mind
that although the relations visualized are the strongest and most precisely estimated relations, they do not strictly exhaust the connections
in the system. The created networks then allow for the identiﬁcation of inﬂuential focal points of the network through the analysis of
node centrality indices: betweenness, closeness and strength. These
subsequent analyses of the network structure use network analysis
techniques taken from the emerging methodological tools of complex
networks science (Barabasi, 2011; Newman, 2010; Kolaczyk & Csardi,
2014) to determine the centrality of variables in the network (for a
statistical deﬁnition see Opsahl et al. 2010). We represent these measures in centrality plots in the supplement (Figure 9.2) that depict
centrality indices for all variables in all concentration networks. Network centrality is a metric that indicates the overall connectivity of a
variable in the network and has gained substantial attention in recent
clinical literature (Robinaugh et al., 2014; Wigman et al., 2015). In a
weighted network, the strength of a node simply equals the sum of all
its direct connections. Node betweenness indicates how often a node
lies on the shortest path between two randomly chosen other nodes
in the graph. Node closeness quantiﬁes the average distance between
this node and all other nodes in the network (for a more elaborate
deﬁnition of these concepts, see Costantini et al., 2014).
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2.4
2.4.1

results
Sample characteristics

Even though all participants were allowed to ﬁll in the questionnaires
themselves, the majority of the questionnaires was taken by parents
(or legitimate representatives) of the person with autism (67.6%). The
remaining questionnaires were based on self-report of the person
with autism (32.4%). With about 39% females this sample has an
overrepresentation of females with autism compared to the gender
ratio in other referred clinical samples (Lord et al., 1982). A majority (85%) of the participants reported an IQ-score in the normal range
(>70 and <130) and a relatively high percentage (14%) reported an IQscore higher than 130. All participants were Dutch and met criteria
for one of the following clinical diagnoses according to the DSM-IV
(APA, 1994): Classical Autism (autistic disorder) (17%), Asperger’s
syndrome and (38%), PDD-NOS (38%). However, although the DSM5 was not ofﬁcially introduced, 7% of the participants reported the
DSM-5 diagnosis Autism Spectrum Disorder (see also Table 2.1). Note
that we computed all networks employing pairwise deletion of missing data. In the data we used in the analysis missing data percentages ranged from 0% to 59.5% (openness about one’s diagnosis) with
M=17.5, SD=27.
2.4.2

Subjective Well-being Networks

In the ﬁgures depicting the networks and centrality plots we use the
abbreviations as shown in Table 2.2.. The color of the node refers to
the type of question: the white nodes reﬂect subjective questions directed at an individual’s perception of his or her condition, while the
yellow nodes reﬂect objective questions about an individual’s environment and situation. We examined which factors deﬁne a (good)
person-environment ﬁt for individuals with autism and how this relates to happiness.
The Association Network.
With the created association network one gets a ﬁrst impression of
the pattern of correlations that characterize subjective well-being and
related factors. We found that social satisfaction (socS) and societal contribution (con) were the strongest direct paths to happiness, followed by
feeling successful (suc) and treatment satisfaction (treS). Simultaneously,
more physical problems (phy) were associated with less reported happiness (hap).

2.4 results

Node

Meaning in
the Network

Original Question

Scale in

Scale in

Questionnaire

Network
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How satisﬁed are you
advS

satisfaction about

about the advice

11 questions

Ordinal

given advice

you received

Ordinal

(6-point scale)

Continuous

Continuous

Continuous

Continuous

considering...?
age

age

What is your age?
How old were you

ageD

age of diagnosis

when you were
diagnosed?
Have you received

carI

no. of care indications

a care indication
for...?

12 questions
Binary (A)

Ordinal

How satisﬁed are you
carS

satisfaction about

about the care

6 questions

Ordinal

received care

you received

Ordinal (A)

(6-point scale)

regarding...?
Which strong
cha

no. of
strong characteristics

characteristic
listed below
do you possess

11 options
Nominal (A)

Ordinal

because of autism?
no. of
com

co-occurring
diagnoses

Which co-occurring
diagnosis

25 options

listed below

Nominal (A)

do you have?
Do you feel that

con

societal contribution

Ordinal

you can contribute

Ordinal

to society?

Ordinal
(3-point scale)

Which educational
edU

no. of

programme listed below

17 options

unﬁnished education

have you started

Nominal (A)

Ordinal

but not completed?
What options
dly

level of

listed below

12 options

Ordinal

daily activity

resemble your daily

Nominal (A)

(4-point scale)

activity the most?
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no. of
daily activity hours

How many hours
do you spend
on daily activity...?

12 questions
Continuous

Continuous

Please indicate
no. of
fam

family members
with autism

whether one
of the listed

14 options

family members

Nominal (A)

Ordinal

also has an
autism diagnosis.

Gender
gen

(1) male

What is your gender?

Binary

Binary

(2) female
hap

happy

How happy
are you?

Ordinal

Ordinal
(6-point scale)

Informant
inf

Binary

(1) other

Binary

(2) self
Which type of
int

no. of

speciﬁc interest

16 options

interests

do you

Nominal (A)

IQ

What is your IQ-score?

Ordinal

currently have?
iq

Continuous

Continuous

Which listed option
liv

(1) supervised

resembles your

5 options

(2) unsupervised living

living situation

Nominal (A)

Binary

the most?
med

no. of
medication used

Which medication type
listed below
have you received?

16 options
Nominal (A)

Ordinal

Which physical problem
phy

no. of

listed below

7 options

physical problems

do you currently

Nominal (A)

Ordinal

experience?
soc

no. of
social contacts

What social contacts
listed below
do you have?

13 options
Nominal (A)

Ordinal
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socS

satisfaction about
social contacts

How satisﬁed are you
generally about your

Ordinal

social contacts?
Please indicate

suc

successful

how successful you

Ordinal

consider yourself?
open
tolD

about diagnosis
(1) no
(2) yes

tra

tre

treS

people at work

Binary

Did you experience
any problem

8 options

transition periods

listed below during

Nominal (A)

received treatments
satisfaction about
received treatments

(6-point scale)
Ordinal
(3-point scale)

Binary

about your diagnosis?

problematic

no. of

Ordinal

Did you tell

no. of

in life

17

Ordinal

transitional periods?
Which treatments
listed below
did you receive?
How satisﬁed
were you about
treatment...?

40 options
Nominal (A)

Ordinal

40 options

Ordinal

Ordinal (A)

(6-point scale)
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int

ageD

carS

age

treS
tra

liv

inf

advS

cha

soc

IQ
edU

gen

socS

hap

carI
con
phy

fam

suc

tre

com

tolD

med

dly
dlyH

Figure 2.1: Association network for individuals with autism. The color of the node refers
to the type of question: the white nodes reﬂect subjective questions directed at
an individual’s perception while the yellow nodes reﬂect more or less objective
questions about an individual’s environment and situation. Positive associations
are represented as green edges in the network, while negative associations are
represented as red edges.

In addition, this association network featured a highly connected
cluster of non-subjective factors, which suggests that participants with
a diagnosis later in life are more likely to live independently, have
a higher self-reported IQ and fewer care indications. They were also
more likely to ﬁll out this questionnaire themselves. This cluster might
characterize the less severe cases who are able to lead a relatively
more stable and independent life.
The Concentration Network.
The lasso concentration network is represented in Figure 2.2. Many
associations apparent in the association network remain apparent in
the concentration network. Notably, mainly subjective questions are
directly related to happiness: social satisfaction, feeling able to contribute
to society, and treatment satisfaction show strong enhancing relations
with feeling happy. An especially strong connection was found between social satisfaction and feeling happy.
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Main nodes
con
hap
phy
soc
socS
suc

int

ageD

inf

carS

age

advS

cha

treS
tra

liv

edU

socS

hap

carI
con
phy

fam

suc

tre

com

tolD

med

dly
dlyH

societal contribution
happy
no. of physical problems
no. of social contacts
satisfaction about social contacts
successful

Other nodes

soc

IQ

gen
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advS satisfaction about given advice
age age
ageD age of diagnosis
carI no. of care indications
carS satisfaction about received care
cha no. of strong characteristics
com no. of co-occurring diagnoses
dly level of daily activity
dlyH no. of work hours
edU number of unfinished education
fam no. family members with ASD
gen (1) male (2) female
IQ IQ
inf filled out by (1) other (2) self
int no. of interests
liv (1) supervised (2) unsupervised living
med no. of medication one has used
tolD open about diagnosis
tra no. of problematic transition periods
tre no. of treatments one has had
treS satisfaction about received treatment

Figure 2.2: Highlighted graphical LASSO network for individuals with autism (this
graph without highlights can be found as Figure 9.1. in the supplementary material of this chapter). For reasons of clarity and comprehensibility, we have highlighted the nodes and edges we discuss most in the
result section. Positive associations are represented as green edges in the
network, while negative associations are represented as red edges.

Importantly, it appears that the number of social contacts does not
directly relate to feeling happy, but inﬂuences happiness through social
satisfaction. The only objective factor that directly inﬂuences happiness is the number of physical problems a person reports.
Speciﬁcally, the cluster of the majority of non-subjective factors is
connected to happiness through number of physical problems and number of social contacts. This suggests that these variables may act as
important gateways from stressors and supports to subjective wellbeing. The structure of these factors’ interrelations (yellow nodes in
the networks) afﬁrms the presence of the connections found in the association network (see Figure 2.1). However, the factors identiﬁed as
weakly connected in the association network do not show up in the
multivariate concentration network anymore: having family members
with autism, openness about one’s diagnosis and the cluster of number of
received treatments, number of used medication and number of co-occurring
diagnoses are not associated to the rest of the ﬁtted network. This may
indicate that the effects of such variables are largely indirect, although
we cannot rule out the possibility that some of the vanishing relations
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may be due to the lower sensitivity of the lasso estimates used for the
concentration network.
The concentration networks reveal several other interesting phenomena of potential importance. First, female participants seem to
suffer from more physical problems and are more likely to ﬁll in
the questionnaire themselves suggesting a somewhat higher level of
functioning. Second, individuals with higher self-reported IQ scores
are more likely to (i) have a higher number of unﬁnished educational
programs, (ii) report more challenging transition periods in their lives
and (iii) report more good characteristics because of their autism. Selfreported IQ appears to inﬂuence well-being indirectly, via the number of strong characteristics (cha) people attribute to themselves, which
might allow them to engage in social relations (soc); thus, in this
structure, IQ might play the role of a resource that allows individuals to develop skills that facilitate social functioning. Third, effects
of the number of social contacts are mediated through the satisfaction
about social contacts, suggesting that when it comes to social contacts
in autism, quality trumps quantity.
Centrality plots for the concentration networks are depicted in Figure 9.2 in the supplement, where we also included the thresholded
network’s centrality indices. With these thresholded network indices
we correct for multiple comparisons as associations between the factors were accepted as statistically signiﬁcant only after the HolmBonferroni correction. Factors having the highest centrality levels in
the networks include self-reported IQ, living situation, level of daily
activity and happiness. Focusing on the sparse lasso concentration
network centralities, the central importance of self-reported IQ and
happiness as key variables in the network is corroborated. Also, living situation ranks amongst the most central factors in the lasso network. On the other hand, we ﬁnd that number of family members with
autism and openness about one’s autism diagnosis have the lowest centrality on all indices (betweenness, closeness, and strength) of all factors
in the lasso network. This implies that those factors do not play an
important role in the constitution of the network structure: they do
not funnel the mutual inﬂuence of other factors in the network and
they are not (strongly) connected to the rest of the network3 .
In addition, we conducted a comparative network analysis to examine whether self- versus proxy-report lead to substantively different
main effects. To examine whether the network structure found in the
original sample (N=2341) of this study differed substantively from
the network structure of either the proxy report sample (N=1583) or
3 A small part of our sample ﬁlled in the Autism Quotient (Hoekstra, 2008) in a second
assessment. To check whether the network structure found in the original sample
(N=2341) differed from this smaller sample (N=385) in which we could verify the
diagnosis, we compared the networks by correlating shortest path lengths across
graphs. The resulting correlation (r = 0.78) suggests that the samples to do not differ
substantively in terms of the main effects we report.
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the self-report sample (N=758), we created glasso networks splitting
the data regarding self- or proxy report. We compared these networks
by correlating shortest path lengths across graphs. The resulting correlation between the original network and the proxy report sample (r
= 0.90) and the original network and the self-report sample (r = 0.68)
suggest that the networks do not differ substantively.
2.5

discussion

This paper is the ﬁrst to represent and analyze the multivariate network structure of factors involved in well-being in people with autism.
Some ﬁndings conform well with the literature on risk and success
factors for well-being in autism populations, whereas other ﬁndings
point to unexpected characteristics of the multivariate pattern of interrelations, such as associations between factors that are much more
pronounced or surprisingly absent. We summarize core ﬁndings of
this study, providing a ﬁrst insight in the network structure of factors
relevant to subjective well-being and positive outcome in individuals
with autism.
First, self-reported IQ and happiness emerged as highly central factors that often act as a bridge along the shortest path between two
other nodes in the network. This implies that they are highly connected focal points that can funnel and inﬂuence the associations
of factors in the network more than others. This ﬁnding is in line
with the results of many well-being studies in autism populations: IQ
is an inﬂuential positive predictor for outcome and well-being (Magiati et al., 2014). Yet the central prominence of the subjective evaluation of happiness in the network stresses the importance of including subjective well-being in the framework of outcome evaluation in
autism populations. Unfortunately, earlier studies tended to focus on
one-dimensional outcome domains, such as academic success, where
their interrelation with subjective well-being was not taken into account (Billstedt et al., 2011). In the network structure, self-reported
IQ appears connected to well-being indirectly via a path that involves
strong characteristics and social relations, which suggests that, in
autism, its most important contribution to well-being might lie in
acting as a resource that allows the individual to engage in social relations and adaptive functioning, which inﬂuence well-being directly.
Second, social satisfaction emerges as highly important for subjective well-being. Importantly, the number of social contacts from
different contexts (such as family, work, leisure activities) does not
inﬂuence subjective well-being directly, but merely through one’s satisfaction with these contacts. This is in line with the well-established
notion that the importance of the social aspect of life is derived largely
from the social satisfaction’s direct inﬂuence on an individual’s subjective well-being (Pinquart & Sörensen, 2000). Recent literature has
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shown that people with autism feel more lonely (White & RobersonNay, 2009) and experience their social contacts as less satisfactory
(Stokes et al., 2007; Whitehouse et al., 2009; Bauminger et al., 2010).
This is also in line with studies that have shown that the lack of
social responsiveness and adaptive behaviors partly explain low reported well-being scores of children with autism (Kuhlthau et al.,
2010). These results might suggest that interventions focusing on social functioning for people with autism should focus on improving
their subjective evaluation of existing social relationships and social
contact.
Third, results showed that the number of physical problems that
people with autism report, represents the strongest risk factor for
their subjective well-being. This is in line with ﬁndings in the autism
population suggesting that pain and physical stress act as a setting
event for problem behavior that, in turn, inﬂuences an individual’s
level of well-being (Walsh et al., 2013). Also, recent studies have shown
a high prevalence of unnoticed medical problems in adults with autism
and increased rates of mortality in adults with autism when having
low IQ test scores (< 85) (Kats et al., 2013; Maenner et al., 2015). It
is suggested that autism symptoms, such as social problems, may increase the risk for medical problems to remain untreated over time.
Caregivers may not be skilled to recognize those in the autism population and are thus unable to provide effective prevention and intervention. In the context of these ﬁndings, our result underlines the
need for further research on detecting physical problems in individuals with autism.
Fourth, our results suggest that having family members with autism
and openness about one’s autism diagnosis do not relate to any other
factor in the network. This is of interest because, it is often suggested that having siblings or parents with Broad Autism Phenotype
features relates to more behavioral problems and more problematic
family relationships (Ingersoll & Hambrick, 2011; Petalas et al., 2012;
Messinger et al., 2013). Future research could add more detailed information to the network, such as speciﬁc behavioral problems related
to autism, and examine whether having family members with autism
might inﬂuence risk and protective factors in the network only for
a speciﬁc set of problems and not for others. Also, there is a chain
of number of treatments, number of medication and number of cooccurring disorders in the presented lasso network that is not connected to the rest of the network. However, one should be careful in
overinterpreting absent connections in the graph, as these may be due
to limited power and may at least partly result from the way the relevant variables are deﬁned; unpacking the variables in terms of their
constituent medications and diagnoses will yield a more connected
network (see supplement of this Chapter). Because the current sample
size does not admit detailed interpretation of this large network, fu-
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ture research is required to study medication- and diagnosis-speciﬁc
patterns of associations related to well-being.
To our knowledge, this study is the ﬁrst attempt to elucidate the
multivariate system of subjective well-being in the autism population using network techniques. Our article illustrates how the application of this approach can illuminate the association pattern of risk
and success factors for subjective well-being of people with autism.
In addition, our results point to urgent targets and focal points for
intervention by identifying highly central factors that make up the
person-environment system.
2.5.1

Limitations and Future Directions

Some limitations to our ﬁndings should be considered. First, although
the selected set of variables was intended to provide a comprehensive
list of factors operative in the multicausal system of subjective wellbeing and outcome, decisions about which factors to include were
restricted by the available data. Consequently, our networks do not
represent the in-depth network of risk and success factors relevant
to subjective well-being and outcome in this population. Important
factors that should be included in future work are, for example, speciﬁc autism strengths and deﬁcits, such as hyper-attention to detail
or social impairment. Nonetheless, our results provide ﬁrst insights
that can guide future research aimed at clarifying how these risk and
success factors inﬂuence subjective well-being and outcome in the
autism population.
Second, the networks are based on data that include both selfreport information and proxy-report information. Recent literature
suggests that there may be a substantive discrepancy between the reports of parents and their (adolescent) children with autism on quality of life measures (Sheldrick et al., 2012; Ikeda et al., 2014). However, this bias seems to some extent inevitable for samples including
cognitively impaired individuals who cannot ﬁll in questionnaires
themselves. Recent literature suggests that future research should
rephrase questions for parent proxy-report, explicitly asking to report the child’s quality of life, as they believe their children would
(Sheldrick et al., 2012). In order to check whether this inﬂuences the
main results we report, we included the informant (self or proxy) as
a node (inf) in the network. Here, we could conclude that the informant ﬁlling in the questionnaire is only associated with the cluster of
objective variables, such as gender, age of diagnosis and living situation and does not inﬂuence the reported results. In addition, the results of our comparative analysis for the proxy-report sample and the
self-report sample suggest a similar pattern of relationships among
the primary variables. The somewhat higher correlation we found for
the proxy-report sample can be explained by the conﬁguration of the
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original sample: it consisted of 67,6% proxy-report information and
32,4% self-report information. Moreover, when interpreting the main
effects of these two separate networks the conclusions we can draw
are highly similar to the conclusions based on the combined network.
Third, and related to our second limitation, our questionnaire was
distributed through the NVA member register and our sample might
thus be biased. On the one hand, this distribution channel enabled us
to assess the full range of IQ levels, as both parents of people with
autism and people with autism themselves could ﬁll in the questionnaire. On the other hand, this has led to some factors that hinder
the representativity of the current sample. There was an overrepresentation of females in our sample, which is a well-known and often
reported bias in online surveys on health issues (Licciardone et al.,
2001; Smith, 2008). Also, there might be an overrepresentation of people with autism who reported an especially high IQ-score above 130
(14%).
Fourth, participants were asked to report their IQ score, which produces a less reliable estimate of intelligence than a valid assessment
would (Paulhus et al., 1998). We were limited by the online survey
context, resulting in an inability to verify the reported IQ of participants. It would, therefore, be good to replicate these ﬁndings implementing a standardized assessment of intelligence. The limitations
listed above show that the data of the current study has strengths
and weaknesses, so the ﬁndings of the current study cannot be directly compared with epidemiological studies.
Fifth, the question of when to combine items in one node in the network instead of keeping them separately remains a cutting-edge issue
in many ﬁeld of network science. In the absence of deﬁnitive work on
topological overlap (Costantini, 2014) for psychological variables, we
have to make some assumptions about them. However, particularly
when interested in how certain variables inﬂuence different aspects
of subjective well-being, studying individual aspects of psychological
constructs promises important insights (Lux & Kendler, 2010; Fried
et al., 2014). In the current study we thought it reasonable to model
all well-being variables separately, which is conﬁrmed by the moderate, but not high, partial correlations between these variables in the
network.
Despite these limitations, our ﬁndings provide a ﬁrst mapping of
the network structure of risk and success factors relevant to subjective
well-being and outcome in individuals with autism. We have shown
that the network approach to psychopathology can be proﬁtably used
to study the multivariate pattern of associations constitutive of subjective well-being in the autism population. The inferred networks
offer a roadmap of paths that can lead to good subjective well-being.
Future research in this area may use the presented techniques for
longitudinal data: how does the multivariate system of risk and suc-
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cess factors change over time (Bringmann et al., 2014)? How do the
central factors in the network behave? Recent technological advances
offer unparalleled opportunities to gather data on complex systems
which enables us to translate large amounts of collected data into
informative individual networks that could improve monitoring and
intervention for well-being of individuals with an autism diagnosis.
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R E L AT I N G A U T I S M S Y M P T O M S T O W E L L - B E I N G :
MOVING ACROSS DIFFERENT CONSTRUCT
LEVELS

3.1

abstract

Little is known about the speciﬁc factors that contribute to well-being
of individuals with autism. A plausible hypothesis is that autism
symptomatology has a direct negative effect on well-being. In the
current study, the emerging tools of network analysis allow to explore the functional interdependencies between speciﬁc symptoms
of autism and domains of well-being in a multivariate framework.
We illustrate how studying both higher-order (total score) and lowerorder (subscale) representations of autism symptomatology can clarify the interrelations of factors relevant for domains of well-being. We
estimated network structures on three different construct levels for
autism symptomatology, as assessed with the Adult Social Behavior
Questionnaire (item, subscale, total score), relating them to daily functioning and subjective well-being in 323 adult individuals with clinically identiﬁed autism (aged 17 to 70 years). For these networks, we
assessed the importance of speciﬁc factors in the network structure.
When focusing on the highest representation level of autism symptomatology (i.e. a total score), we found a negative connection between autism symptom severity and domains of well-being. However,
zooming in on lower representation levels of autism symptomatology
revealed that this connection was mainly funneled by autism symptoms related to insistence on sameness and experiencing reduced contact and that those symptom scales, in turn, impact different domains
of well-being. Zooming in across construct levels of autism symptom
severity into subscales of autism symptoms can provide us with important insights into how speciﬁc domains of autism symptoms relate
to speciﬁc domains of daily functioning and well-being.

0 Published as: Deserno, M.K., Borsboom, D., Begeer, S. & Geurts, H.M. (2017). Relating autism symptoms to well-being: Moving across different construct levels. Psychological Medicine, 41(7), 1179-1189.
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3.2

introduction

Adults with autism often report an alarmingly low well-being on
various life domains, such as social environment, physical health,
leisure, affective and sexual relationships when compared to individuals without autism (Nordin & Gillberg, 1998; Bastiaansen et al.,
2004; Jennes-Coussens et al., 2006; Cottenceau et al., 2012; Ikeda et al.,
2014). A meta-analysis has recently shown the robustness of this phenomenon in a broad range of studies on well-being and later outcome
in autism (Magiati et al., 2014; Van Heijst & Geurts, 2015). However,
the factors contributing to well-being of autism individuals, as well
as the mechanisms through which they operate, remain obscure.
One plausible hypothesis is that autism symptom severity has a
direct negative effect on well-being. However, the literature reports
no consistent relationship between autism symptom severity and indices of well-being (Eaves & Ho, 2008; Kuhlthau et al., 2010; KampBecker et al., 2011; Kuhlthau et al., 2013; Van Heijst & Geurts, 2015).
In response to this ﬁnding, researchers have highlighted the need
to investigate how variations in the combination of potential factors
contribute to individual differences in separate domains of well-being
(Diener, 1994; Ryff & Keyes, 1995; Myers & Diener, 1995; Woodman
et al., 2016). In this regard, it has been suggested that future studies
should (a) assess different domains of well-being instead of using an
overall score, reﬂecting a higher order construct (see Figure 3.1A for
a corresponding example; Woodman et al., 2016), and (b) study their
interaction with multifactorial determinants (e.g., Diener et al., 2000).
We will, therefore, study different domains of well-being (Figure 3.1B)
instead of treating it as a monolithic entity (Figure 3.1A; Diener, 1994).
Along a similar line of reasoning, a growing body of work is evolving around the question whether or not it is useful to use a total score
as a proxy for symptom severity of mental disorders (Borsboom, 2008;
Fried et al., 2017). Particularly, when interested in how certain variables differentially inﬂuence different symptoms of mental disorders,
studying individual symptoms promises important insights (Lux &
Kendler, 2010; Hieronymus et al., 2015). In the ﬁeld of depression research, this approach has gained support from a recent study that reported four common depression rating scales to be highly multifactorial and, hence, unlikely to reﬂect a single underlying construct, such
as depression (Fried et al., 2015). Similarly, different symptoms feature different associations with other disorders (Lux & Kendler, 2010),
are differently inﬂuenced by stress (Fried & Nesse, 2015), display different responses to adverse life events (Keller et al. 2007; Cramer et al.
2012), and have a differential predictive value for onset of the disorder
(Boschloo et al., 2016). Given its heterogeneous nature (Geschwind,
2009; Herbert, 2010), a similar situation may well obtain for autism.
Although two recent reports have shown that there are important in-
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Figure 3.1: This graph shows the three different statistical levels and their
correspondent theoretical level one can choose to investigate the
relationship between psychological constructs.

sights to be gained when studying symptom-to-symptom relations in
autism (Ruzzano et al. 2015; Anderson, 2015), the application of this
approach (Figure 3.1C) in the autism realm has been limited.
Past studies investigating the inconsistent interacting nature of autism
symptom severity and routes to outcome and well-being have often
included higher order representations (i.e., total scores, Figure 3.1A)
of autism symptomatology in their analyses (e.g., Renty & Roeyers,
2006; Eaves & Ho, 2008; Tilford et al., 2012; Kuhlthau et al., 2013).
Few studies, in contrast, have included subscales of autistic traits
(Figure 3.1B) to explore their relation to well-being (e.g., Kuhlthau
et al., 2010; De Vries & Geurts, 2015). For example, the more socially
impaired and restricted in behaviour, the lower the reported quality of life (Kuhlthau et al., 2010). Yet, no study has explored the underlying network of individual symptoms and aspects of well-being
and daily functioning. The question of which speciﬁc autism symptoms may impact domains of well-being and daily functioning thus
remains open. The analysis of lower-order factors (i.e. subscales; Figure 3.1B) and even speciﬁc items (Figure 3.1C) that represent concrete
feelings, thoughts, or behaviours, instead of higher-order factors (i.e.
total scores; Figure 3.1A) could advance our understanding of wellbeing in the autism population.
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This study aims to advance such an analysis. We investigate the
network structure of autism symptom proﬁles and domains of wellbeing for autistic adults. Well-being can be assessed with distinct
concepts reﬂecting the affective and cognitive evaluation of one’s life
(Bartels & Boomsma, 2009). In this regard, we focus on both the individuals’ subjective appraisal of their lives and the objective evaluation
of the individual’s daily functioning. We aim to study the interplay of
autism symptoms and separate components of subjective well-being
and daily functioning by applying network analysis techniques in an
exploratory fashion. We identify the network structure by applying
state of the art statistical methodology for solving high-dimensional
regression problems (based on penalized regression; Tibshirani, 1996;
Meinshausen & Bühlmann, 2006); the subsequent analysis of that network structure then uses exploratory network analysis techniques
taken from the emerging science of complex networks (Barabasi, 2011;
Kolaczyk, 2009) to determine the centrality of variables in the network. Thus, the ﬁrst step in this data-driven analysis is based on
well-known and validated statistical techniques, and involves extensions of existing approaches rather than a qualitatively different one.
However, the approach does go beyond standard approaches in the
second order analysis of the network structure, in which the centrality
of variables in that structure is analyzed.
3.3
3.3.1

methods
Sample Descriptives

A total of 323 adult participants aged completed three questionnaires
relevant for this study. All participants were clients in the period
2013-2015 taking part in routine outcome measurements1 of the Dr.
Leo Kannerhuis, a tertiary mental health clinic specialized in autism
assessment and treatment across the life-span. Participants were diagnosed following the ofﬁcial Dutch Guidelines for autism assessment in adulthood (Trimbos, 2013), which are developed alongside
the UK guidelines (National Institute for Health and Clinical Excellence, 2012). The extensive diagnostic procedure included clinical
(non-standardized) psychiatric interviews and thorough developmental and psychological history from one or both parents, guardians or
another close relative. All DSM-IV2 (American Psychiatric Association,
1 All participants included in this study took part in the Treatment Monitoring
Program of the Dr. Leo Kannerhuis. When they enter this program, they sign
a care agreement of the clinic informing them (amongst other things) that their
anonymized dossiers will be used for scientiﬁc purposes. In addition, the research
reported in this manuscript has been approved by the Ethics Committee of the University of Amsterdam (2015-BC-4586).
2 In the Netherlands, the ofﬁcial introduction of the ﬁfth edition of the DSM is scheduled in 2017 (NVGzP, 2015).
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Table 3.1: Descriptives for the participants (N=323).

Variable

M(SD)

Range

Age (in years)

32.43 (13.36)

17 - 70

Gender

71% male
29% female

Health of the Nation
Outcome Scale

13.75 (8.18)

1 - 54

30.57 (14.9)

1 - 88

48.05 (12.47)

12 - 71

(HoNOS)
Adult Social Behavior
Questionnaire
(ASBQ-SR)
Manchester Short
Assessment of Quality
of Life (MANSA)

2013) classiﬁcations were based on a consensus meeting by a team
of professionals including at least a psychiatrist and a psychologist
working independently from the current study.
3.3.2

Measures

Subjective well-being. Subjective well-being was measured with the
Dutch version of the Manchester Short Assessment of Quality of Life
(MANSA; Priebe et al., 1999; Dutch translation: Van Nieuwenhuizen
et al., 2000), a brief version of the Lancashire Quality of Life Proﬁle (Oliver et al., 1997). The MANSA is a self-report questionnaire
that has been shown to be a viable instrument to obtain condensed
and accurate quality of life data (Priebe et al., 1999). For 12 of the 14
MANSA items, participants indicated how satisﬁed they were with
different domains of their lives. The response scale ranged from 1
("could not be worse") to 7 ("could not be better"). The 12 continuous MANSA items covered participants’ satisfaction with their life in
general (lifWB), their job (worWB), not having a job (nworWB), their
ﬁnancial situation (ﬁnWB), the quality of their friendships (socWB),
their leisure time (leiWB), their living situation (livWB), their personal
safety (safeWB), their cohabitants (cohWB), living alone (livWB), their
sex life (sexWB), their family relations (famWB), their physical health
(phyWB) and their psychological health (psyWB); for an overview of
these abbreviations please see Table 3.2. The remaining two of the
14 MANSA items were dichotomous (yes/no) and participants indicated whether they had a (good) friend (onefWB) and whether they
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had seen a (good) friend in the past week (visWB). Daily functioning. Daily functioning was assessed with the Dutch translation of
the Health of the Nation Outcome Scales (HoNOS; Wing et al., 1996;
Dutch translation Mulder et al., 2011), a reliable instrument designed
to measure behavioural problems, impairments, symptoms and social problems (Mulder et al., 2011). All patients were administered the
12 HoNOS items by their psychiatrist. These items include: (1) problems resulting from overactive, aggressive, disruptive or agitated behaviour (agrDF), (2) suicidal thoughts or behaviour, or non-accidental
self-injury (sharDF), (3) problem drinking or drug taking (drugDF),
(4) cognitive problems involving memory, orientation or understanding (cogDF), (5) problems associated with physical illness (phyDF),
(6) problems associated with hallucinations and delusions (delDF), (7)
depressed mood (depDF), (8) other behavioural problems (comDF), (9)
problems making supportive social relationships (relDF), (10) problems associated with daily life (adlDF), (11) problems associated with
living situation (livDF), (12) opportunities for using and improving
abilities (occupational and recreational; skiDF). The consulted psychiatrists were asked to rate each of the 12 items on a ﬁve-point Likert
scale (ranging from 1 ["no problem"] to 5 ["severe to very severe problem"]) indicating how problematic their client’s recent situation has
been in the respective area. Autism Spectrum Disorder. The Dutch selfreport version of the Adult Social Behavior Questionnaire (ASBQ-SR;
Horwitz et al., 2016) was used to yield a score proﬁle of all individuals among six autism-related problem domains from the perspective
of the adult with autism. The questions are in line with the autism
spectrum disorder DSM-5 criteria and the ASBQ-SR has been shown
to have good discriminant properties and (APA, 2013; Horwitz et al.,
2016). In the network, we included the six subscales identiﬁed within
the ASBQ-SR: reduced contact (rconAS; Nitems =7; e.g. "You have little
or no interest in socializing with others."), reduced empathy (rempAS;
Nitems =7; e.g. "You ﬁnd it hard to sense what someone else will like
or think is nice."), reduced interpersonal insight (rsiAS; Nitems =8; e.g.
"You take everything literally, for example, you don’t understand certain expressions."), violation of social conventions (vscAS; Nitems =6;
e.g. "You seek contact with anyone and everyone; you show no reserve."), insistence on sameness (inssAS; Nitems =8; e.g., "You don’t like
a lot of things happenings at once.") and sensory stimulation/motor
stereotypies (ssmsAS; Nitems =8; e.g. "You feel the urge to ﬂap your
hands or arms about when you are excited."). Participants were asked
to respond to each of the 44 items indicating whether the described
behavior "clearly applies to you" (2), "infrequently applies to you" (1)
or "does not apply to you" (0)3 .
3 The items of all three questionnaires with corresponding abbreviations can be found
in Table 10.1 of the supplementary material.
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Abbreviation

Meaning in the Network

adlDF

Problems with activities of daily life

agrDF

Agressive behavior

cogDF

Cognitive problems

comDF

Comorbid problems

drugDF

Problematic drug use

delDF

Problems due to delusions

depDF

Problems due to depressive mood

livDF

Problems with living situation

phyDF

Physical problems

relDF

Problems with relationships

sharDF

Self mutilation

cohWB

Satisfaction about cohabitants

famWB

Satisfaction about family relationships

ﬁnWB

Satisfaction about ﬁnancial situation

leiWB

Satisfaction about leisure time activities

lifWB

Life in general

livWB

Satisfaction about living situation

nworWB

Satisfaction about not working
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Scale
0 (none)
- 4 (serious problems)
0 (none)
- 4 (serious problems)
0 (none)
- 4 (serious problems)
0 (none)
- 4 (serious problems)
0 (none)
- 4 (serious problems)
0 (none)
- 4 (serious problems)
0 (none)
- 4 (serious problems)
0 (none)
- 4 (serious problems)
0 (none)
- 4 (serious problems)
0 (none)
- 4 (serious problems)
0 (none)
- 4 (serious problems)
0 (=could not be worse)
- 7 (could not be better)
0 (=could not be worse)
- 7 (could not be better)
0 (=could not be worse)
- 7 (could not be better)
0 (=could not be worse)
- 7 (could not be better)
0 (=could not be worse)
- 7 (could not be better)
0 (=could not be worse)
- 7 (could not be better)
0 (=could not be worse)
- 7 (could not be better)
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onefWB

Having a (good) friend

phyWB

Satisfaction about physical health

psyWB

Satisfaction about psychological health

safeWB

Satisfaction about personal safety

sexWB

Satisfaction about sex life

skiWB

Opportunities to develop & use skills

socWB

Satisfaction about quality of friendships

visWB

Having met a (good) friend in the past week

0 (=YES) - 1(=NO)

Total score indicating

Total score

ASD symptom severity

of all ASBQ items

sumAS

0 (=YES) - 1(=NO)
0 (=could not be worse)
- 7 (could not be better)
0 (=could not be worse)
- 7 (could not be better)
0 (=could not be worse)
- 7 (could not be better)
0 (=could not be worse)
- 7 (could not be better)
0 (none)
- 4 (serious problems)
0 (=could not be worse)
- 7 (could not be better)

Sum of items
inssAS

Subscale:
Insistence on sameness

that are coded as
0 (does not apply),
1 (somewhat applies) or
2 (clearly applies)

rconAS
rempAS
rsiAS

Subscale:
reduced contact
Subscale:
reduced empathy
Subscale:
reduced social insight

see above
see above
see above

Subscale:
ssmsAS

sensory stimulation

see above

& motor stereotypies
Subscale:
vscAS

violations of

see above

social conventions
comNR

No. of
co-occurring diagnoses

Continuous
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3.3.3

Statistical Analysis

To identify potential paths through which autism related behavior
may inﬂuence an individual’s functioning and subjective well-being,
we computed graphical lasso networks with the R-package qgraph
(Epskamp et al., 2012). The advantage of network analysis is that it
visualizes the multivariate dependencies among variables that otherwise remain hidden. In addition, this dependency structure can be
analyzed with techniques taken from network analysis, in which for
instance the centrality of variables in the network can be assessed
(Barrat et al, 2004; Opsahl et al., 2010). In our network representation,
nodes represent questionnaire items while edges represent a statistical measure of association, such as a correlation or estimated causal
effect. Here, we used the graphical lasso procedure to estimate partial
correlations between all nodes in the network. Since we included both
ordinal and continuous variables, analyses were based on polychoric
correlations.
Because of the large number of partial correlations assessed, it is
important to control the rate of false positive connections. To this
aim, the graphical lasso uses the least absolute shrinkage and selection operator (lasso) (Tibshirani, 1996). This operator, which sets very
small edges to zero, converges upon the generating network structure if the generating network is sparse (Foygel & Drton, 2011). The
resulting procedure has close to perfect speciﬁcity (Van Borkulo et
al., 2014), which means that, if an edge is present in the estimated
network, it is virtually certain to exist in the population. However,
sensitivity is markedly lower, which means that there are likely more
edges in the population than are present in the estimated network.
Overall, one can think of our lasso graphs as a precise estimate of
the true network architecture, correcting for Type 1 errors. But one
should keep in mind that the small values have become exactly zero
for reasons of model simpliﬁcation. Thus, absent edges in the presented network are not necessarily absent in the true network but
might just have a very small value and are, therefore, shrunken by
the applied regularization.
The created networks then allow for identiﬁcation of inﬂuential focal points of the network (Opsahl et al., 2010) through analysis of
node centrality indices: strength, betweenness, and closeness. For the
well-being networks, we were interested which correlates are most
central, i.e., most relevant in the network in terms of impact on other
nodes in the system. In a weighted network, the node strength is the
sum of number and strength of direct connections. Node betweenness
measures how often a node lies on the shortest path between two randomly chosen other nodes in the graph, acting as a bridge between
those nodes. Node closeness quantiﬁes the average distance from a
node to all other nodes in the network (for more elaborate deﬁnitions,
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see Costantini et al. 2014). We performed additional stability checks
to assess how stable the centrality indices in these networks are under observing subsets of participants. We used the R-package bootnet
(Epskamp et al. 2018) and appended the results in the supplementary
material of this chapter (Figures 10.2-10.5). Since the CS-coefﬁcient
indicated good stability for strength, we limit our report to strength
centrality.
3.4
3.4.1

results
Sample Descriptives

We included data from a cohort of 323 AS adults (231 [71%] males;
92 [29%] females) aged 17 to 70 years (M= 32.4, SD= 13.36). All participants were Dutch-speaking, non-institutionalized, and able to ﬁll
in questionnaires themselves. Of these individuals 38% had been diagnosed with PDD-NOS, 37% with Asperger’s syndrome and 25%
with Autistic disorder (see Table 3.1). Almost 20% of the cohort also
met criteria for a mood disorder (mainly Major Depressive Episode)
and 1% for Attention Deﬁcit Hyperactivity Disorder (ADHD). ASBQ
scores reﬂecting self-reported autism symptomatology ranged from 1
- 88 (M=30.58; SD=14.91). The reported sample statistics resemble the
sample mean and standard deviation of the ASBQ scores found in
Horwitz et al. (2016). Missing data percentages across nodes ranged
from 0% to 44.41% (satisfaction with not having a job) with M=5.72
SD=10.27. Note that we computed all networks employing pairwise
deletion of missing data.
3.4.2

Autism Symptoms and Well-being Networks

Figure 3.2, 3.3, and 3.4 visualize the network structure of well-being
domains and different representations of autism symptoms: the total score of the ASBQ-SR, the six subscales of the ASBQ-SR and the
unpacked subscales (i.e., single items). The color of the node refers
to used questionnaires: green nodes reﬂect questions about subjective well-being (WB) from the MANSA, while blue nodes reﬂect the
autism symptom subscales (AS) from the ASBQ-SR and red nodes are
items about daily functioning (DF) from the HoNOS. Each edge represents bidirectional partial relations between questions, controlling
for all other associations in the network.
Higher-order Representation Network (construct)
From the ﬁrst network (Figure 3.2), featuring the ASBQ-SR total score,
it becomes evident that, in general, more severe autism symptoms
(sumAS) are associated with reduced psychological satisfaction
(psyWB), which in turn features the strongest positive connection
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Figure 3.2: Graphical LASSO network with a higher-order representation
(Figure 3.1A), i.e., the ASBQ-SR total score, for autism symptom severity (AS, blue node). The brown nodes refer to selfreport items of a well-being (WB) questionnaire, while the rosy
nodes reﬂect psychiatrist-reported items of a daily functioning
(DF) questionnaire. Thickness of the edge indicates the strength
of the respective pairwise connection and color indicates the size
of the partial correlation (green for positive; red for negative connections).
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with general life satisfaction (lifWB). Other positive connections with
life satisfaction include items related to social factors, such as satisfaction with leisure time (leiWB) or satisfaction with one’s living situation (livWB). Moreover, the network shows that there is a second
gateway from autism severity to well-being variables, a direct connection between autism symptoms (sumAS) and satisfaction with one’s
personal safety (safeWB) which in turn is directly, but weakly, related
to how satisﬁed one is with the people one lives with (cohWB).
We ﬁnd another weak direct connection from autism symptoms
to the cluster of daily functioning indicators (e.g. self-harming behavior, aggressive behavior, and delusions) passes through physical
problems (phyDF) and physical well-being (phyWB) which is, in turn,
directly related to psychological satisfaction (psyWB). The strongest
direct negative path to general life satisfaction is its connection with
depressive mood (depDF).
Centrality analyses for this network reveal that cognitive problems
(cogDF) have the lowest centrality on the strength index. It is important to note that the item about cognitive problems (cogDF) was
asked in relation to the salient diagnosis (here: autism) and not just
any cognitive problems. We found that general life satisfaction ranks
as the most central factor in the network, implying that this factor provides the most information when one is interested in how a person
will score on all other variables in the network. One could interpret
from this result that life satisfaction is a common effect of the other
well-being domains in the network.
Lower-order Representation Network (Domain)
To explore the unique patterns of interaction for different autism
characteristics, we estimated a second network featuring all six subscales of the ASBQ-SR as separate nodes. In this section we report
how the results of the lower-order network extends the results of the
higher-order network reported above. Figure 3.3 depicts the pattern
of interrelations for the six autism symptom subscales and domains
of well-being. We found that the strong negative connection from
autism symptom total score to psychological satisfaction in Figure
3.2 is mainly funneled by insistence on sameness (inssAS) and that
reduced contact (rconAS) directly relates to general life satisfaction
(lifS).
In addition, reduced contact acts as a bridge to relational problems
(relDF), which in turn funnels the shortest paths from the autism
symptom scales to nodes indicating comorbidity, i.e. depressive mood
(depDF), comorbid problems (comDF) and the number of co-occuring
diagnoses one has (comNR). Insistence on sameness (inssAS) is related to more physical problems (phyDF) and more problems with
self-harming behavior. Another interesting link from the autism symptom cluster (blue) to the daily functioning cluster (red) suggests that
having an autism symptom proﬁle featuring violations of social con-
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Figure 3.3: Graphical LASSO network with a lower-order representation
(Figure 3.1B), i.e., ASBQ-SR subscales, for autism symptom severity (blue nodes). The brown nodes refer to self-report items
of a well-being questionnaire, while the rosy nodes reﬂect
psychiatrist-reported items of a daily functioning questionnaire.
The thickness of the edge indicates the strength of the respective pairwise connection and the color indicates the size of the
correlation (green for positive; red for negative connections).
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ventions (vscAS) is associated with more aggressive behavior (agrDF).
Also, there is a negative link between reduced empathy (rempAS)
and satisfaction with one’s personal safety (safeWB). These results
suggest different routes to domains of well-being and daily functioning, depending on autism symptom proﬁles. On a more general note,
the network also reveals that older individuals are likely to be less
satisﬁed with their family context but report less problems with daily
living. In terms of autism characteristics, older adults score higher on
reduced contact, violations of social conventions and reduced empathy.
The estimates of strength centrality4 for this network are presented
in Figure 10.1 of the supplement. The pattern of centrality is similar
to the higher-order representation network, with life satisfaction being the most central node in the network. But here, reduced contact
(rconAS) appears as the second most central node in the network in
terms of degree centrality, highlighting its important role in the network connecting the cluster of symptom scales (blue) and the wellbeing variables in the network (rosy & brown). Again, we found cognitive problems (cogDF) to be the least central node in the network.
In both networks, this node lies in the periphery of the network, suggesting that the other nodes in the network cannot explain most of
its variance, and that it does not explain much variance itself. However, in contrast to Figure 3.2, this network reveals a direct connection between cognitive problems (cogDF) and autism symptomatology, which is a positive link between violations of social conventions
(vscAS) and cognitive problems.
Item Networks (Behavior)
To uncover whether speciﬁc behavioral elements of the autism symptom domains provide more information about their interaction with
domains of well-being, we estimated networks for each unpacked
subscale separately. Figure 3.4 depicts the six estimated networks
for each unpacked subscale. For the three symptom scales that had
strong direct connections to domains of well-being the unpacked networks reveal that some items are more important than others. First,
the upper left graph in the panel shows that the strong negative connection we found between reduced contact (rconAS) and psychological satisfaction (psyWB) is mainly funnelled by the item representing
whether an individual avoids people who try to make contact with
them (AS36). Second, when unpacking the subscale of insistence on
4 Since we mainly interpret the Subscale network, we checked the stability of our
inferences regarding this network with the R-package bootnet. We computed the centrality stability (CS) coefﬁcient, quantifying the maximum proportion of cases that
can be dropped for a correlation higher than 0.7 with the original centrality. The centrality stability coefﬁcient indicated good stability of the node strength index, CS >
0.5 (Epskamp et al., 2018). Conﬁdence intervals of the edge-weights indicated good
accuracy, in line with what we would expect with the current study’s sample size
and number of nodes (see Figures B3.2-B3.5).
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Figure 3.4: Graphical LASSO networks with each individual subscales of the
ASBQ-SR unpacked into its behavioral elements (Figure 3.1C).
From left to right: Reduced Contact, Reduced Social Insight, Insistence on Sameness, Reduced Empathy, Violation of Social Conventions and Motor Stereotypies. The brown nodes refer to selfreport items of a well-being questionnaire, while the rosy nodes
reﬂect psychiatrist-reported items of a daily functioning questionnaire. The thickness of the edge indicates the strength of the
respective pairwise connection and the color indicates the size
of the correlation (green for positive; red for negative connections).).
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sameness (upper right panel graph), the connection between insistence on sameness (inssAS) and self-harm (sharDF) we found before
does not result in a single pronounced connection between a subscale item and self-harm. Both, the item representing panicking when
things turn out differently than one is used to (AS3), the item representing not liking when a lot of things happen at once (AS22) and the
item representing needing a lot of time getting used to somewhere
new (AS9) are connected to self-harm. Third, the connection we found
in the subscale network between violations of social conventions (vscAS) and aggressive behavior (agrDF) goes through the item representing whether one is too personal when approaching other people
(AS25). Another strong connection appears between satisfaction with
one’s safety (safeWB) to the item representing whether individuals
asks strangers for things they need (food or drinks when hungry or
thirsty; AS40), suggesting that this characteristic can put autism individuals at risk for unsafe situations.
3.5

discussion

To our knowledge, this study is the ﬁrst to illuminate the complex interaction pattern of autism symptom proﬁles, daily functioning, and
well-being in a large group of individuals with autism. We found
that, in general, autism symptoms do not directly relate to general
life satisfaction, but their inﬂuence on well-being is funneled by psychological satisfaction and feeling safe in one’s personal environment.
Moreover, the current study is the ﬁrst to assess these factors on three
different construct levels for autism symptoms using network analyses: a higher-order representation, lower-order representations, and
separate items. Evaluating three different construct levels for autism
symptoms revealed different (clinically) relevant insights with respect
to well-being in adults with autism5 . For each of the three levels, we
will discuss core ﬁndings of the study.
First, results of our total score network reveal that autism symptom
severity has a direct inﬂuence on psychological well-being, which is,
in turn, the most important factor for general life satisfaction of individuals with autism. However, domains of daily functioning, such
as self-harming behavior and depressed mood, and domains of wellbeing, such as living situation and leisure time, are directly connected
to general life satisfaction of individuals with autism. These results
might suggest that interventions directed at improving the quality of
life of people with autism could very well target feelings of depression, loneliness, and one’s personal environment instead of autism
symptom severity, which is in line with common autism guidelines
5 To improve the interpretation of the reported results we evaluated the obtained network structures with help of a feedback panel consisting of adults with autism and
professionals working with people with autism.
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(National Institute for Health and Clinical Excellence, 2012). One possible explanation could be a mutual relationship between social skills
and experiencing depression related to social interactions: individuals experiencing depression may be less likely to employ their social
skills in daily life interactions and, vice versa, individuals who do not
practice their social skills might be more likely to experience loneliness (Lever & Geurts, 2015; Bellini, 2004).
Relatedly, in the literature one often encounters the notion that cooccurring psychiatric problems are assumed to be a prognostic factor
for autism (American Psychiatric Association, 2013) and that they are
assumed to intensify the core symptoms of autism (Wood & Gadow,
2010). Yet, the resulting networks of this study do not feature a direct mutual inﬂuence between autism symptom severity and comorbid problems. Speciﬁcally, the relation between depressed mood and
autism symptoms seems to be funneled by many other domains of
daily functioning. Moreover, the number of co-occurring diagnoses
does not appear to have a strong inﬂuence on both well-being and
daily functioning. This is in line with our recent study in a large
autism cohort where the number of comorbid diagnoses did not seem
to have a signiﬁcant impact on subjective well-being (see Chapter 2),
suggesting that this factor might have a largely indirect effect on wellbeing. In addition, the results of the current study highlight the importance of physical well-being, including self-harm and aggressive
behavior, for general life satisfaction of individuals with autism. This
is consistent with studies suggesting that behavioral disturbance, too,
plays an important role in individual developmental trajectories (Totsika et al., 2011). A focus on improving aggressive and self-harming
behaviors might also beneﬁt later outcome in adulthood (Howlin et
al., 2004; Magiati et al., 2014).
Second, when moving to the lower-level representations of autism,
i.e., the subscale network, we found that the widespread notion that
higher autism symptom severity is related to lower well-being is
mainly funneled by three of the assessed six autism domains: insistence on sameness, violations of social conventions, and reduced
contact. The only domain of autism symptomatology that appears to
have a direct link to general life satisfaction is the degree to which
one experiences reduced social contact. This ﬁnding is in line with
earlier research showing that the lack of social responsiveness can
partly explain low reported well-being scores of children with autism
(Kuhlthau et al., 2010). A recent study found that quality of life is
negatively correlated with severity of repetitive behavior in children
with autism (Moss et al., 2017), which is in line with the direct connection we found between insistence on sameness and domains of
well-being. In addition, results of our recent report on well-being predictors across the lifespan suggested that resources that allow the
individual to engage in social relations have a huge impact on well-
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being (see Chapter 2). Our network provides additional information
on these factors, as it shows what other direct interrelations these factors have. For example, insistence on sameness does not only funnel
the inﬂuence of autism symptoms on psychological well-being, but
also on levels of self-harm and physical well-being. We show that investigating these factors on different construct levels replicates earlier
ﬁndings from the autism and well-being literature, but provides additional information on the multicausal system in which they operate.
Third, results of our item-level analysis showed that a speciﬁc behavioral aspect of autism related social impairment inﬂuences general life satisfaction directly, namely the degree to which individuals
avoid contact. It is imperative, however, not to overinterpret absent
connections in these graphs, as these may be due to limited power.
At the same time, one can be fairly sure that the connections present
in the networks are structural elements of the network architecture.
It is, therefore, interesting that our networks suggest that cognitive
functioning is not crucial for well-being since it is often hypothesized
that higher cognitive capacities predict better outcome on many life
domains. However, also the opposite has been hypothesized as higher
cognitive functioning could lead to increased awareness of dysfunction in daily life. That we did not observe a relationship could stem
from the questionnaire used in the current study, where cognitive
problems are not equivalent to level of intelligence. Rather, in this
questionnaire, clinicians are asked to rate a client’s cognitive problems such as memory problems and learning problems. Another explanation of this result could be related to the nature of our sample
which includes only participants with a normal to high intelligence
level resulting in insufﬁcient variance on this variable. In the current
study, however, the latter was not the case. Future studies could investigate what speciﬁc factors funnel the impact of cognitive functioning
on an individual’s well-being.
The exercise of unpacking the higher-order construct of autism
symptom severity into subscales of autism symptoms has provided
us with important insights on how speciﬁc domains of autism symptoms relate to speciﬁc domains of daily functioning and well-being.
However, the networks that zoom in on the items that are nested in
the subscales, do not necessarily reveal a pattern of interrelations that
the subscale network did miss out on.
3.5.1

Limitations and Future Directions

A few points related to the data our networks are based on, deserve
mention. First, this study was limited by the available data from one
speciﬁc mental health clinic, resulting in an inability to verify exact
IQ scores and lack of generalizability to those with intellectual disabilities. Relatedly, the age diversity of the clients included in the
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Treatment Monitor resulted in a broad age range (17-70 years) in this
sample.
Second, data included both self-report and proxy-report information. In general, self-reported and proxy-reported evaluations of wellbeing reﬂect very distinct types of information (Ruggeri et al., 2001).
A focus on, either only subjective information (i.e., self-report), or
only proxy information about well-being and daily functioning would
likely lead to different results. However, recent literature has highlighted the need to use multiple informants when assessing behavioral and emotional functioning in individuals with autism (Stratis
& Lecavalier, 2015). In the current study we, therefore, combined
the subjective evaluation of one’s well-being with the more objective
proxy evaluation of someone’s daily functioning.
Third, the questionnaire that was used to assess well-being was not
speciﬁcally developed for individuals with autism. The autism population could, for example, differ from typically developed adult in
how they value aspects of daily functioning and well-being. Future
research could investigate the association patterns of autism symptoms and well-being with a validated measure of well-being for the
autism population.
Fourth, although there is more and more attention for gender speciﬁc proﬁles in autism, we decided to not add biological sex as a
covariate as our male-female ratio was perfectly representative of
the population, as recent large-scale epidemiological studies suggest
(from Lai et al., 2015; Baio, 2014; Jensen et al., 2014). Moreover, in our
recent paper on the multifactorial structure of factors for well-being
in another large autism sample (N=2341), biological sex did not appear to have a signiﬁcant impact on well-being (see Chapter 2). Also,
a recent study suggested that the factor structure of autism symptoms
is similar across gender (Grove et al., 2017). Future studies could investigate gender-related proﬁles in well-being but this was beyond
the scope of the current study.
Fifth, from the data and analyses in this report, we cannot determine the direction of the reported associations. However, researchers
are currently developing and testing techniques that work with directed graphs based on both time series data and cross-sectional data.
Directed networks consist of pointing arrows, pointing in the direction of prediction, and perhaps causation (directed acyclic graphs,
DAGs; McNally, 2016). Also, a future research avenue would be to apply the Perceived Causal Relations method (Frewen et al., 2012) to the
subscale graph reported in this manuscript. In such a project, adults
with autism and/or clinicians could be asked to rate the strength
and direction of each relation between two variables. However, both
investigations are beyond the scope of the current paper.
Despite these limitations, our ﬁndings provide a ﬁrst mapping of
well-being networks moving across three construct levels of autism
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to illuminate the multivariate pattern of associations. There are a
few promising avenues for future study of later outcome in autism.
While it was hypothesized for some time that symptoms have differential impact on well-being, our results additionally suggest that different symptom proﬁles may result in different correlation networks
of well-being domains. For example, symptom proﬁles that mainly
feature problems with social contact directly impact another set of
well-being domains than symptom proﬁles that also include rigid behavior. When interested in taking this scientiﬁc quest beyond mechanistic explanations, our ﬁnding has interesting implications. For example, examining variance of human development from a network
perspective might point us towards the toolbox of dynamic systems
approaches to the study of complex systems (Borsboom & Cramer,
2013). This approach facilitates an examination of how human behaviors might arise from the dynamic interaction of relevant factors over
time. Thus, when interested in symptom proﬁles and their inﬂuence
on developmental trajectories, the examination of longitudinal data
is warranted (Van de Leemput et al., 2014). In this context, future
longitudinal studies should investigate whether differences in developmental trajectories can be explained by underlying differences at
the level of a latent variable (i.e., autism) or whether developmental
outcomes can be explained by the spontaneous emergence of coherent higher-order forms through interactions among simpler components. Eventually, it is anticipated that several pathways to and from
different symptom proﬁles are identiﬁed, allowing for a precise investigation of the highways to happiness.

T H E R O L E O F S TA B I L I Z I N G A N D
C O M M U N I C AT I N G S Y M P T O M S G I V E N
OVERLAPPING COMMUNITIES IN
P S Y C H O PAT H O L O G Y N E T W O R K S

4.1

abstract

Network theory, as a theoretical and methodological framework, is
energizing many research ﬁelds, among which clinical psychology
and psychiatry. Fundamental to the network theory of psychopathology is the role of speciﬁc symptoms and their interactions. Current
statistical tools, however, fail to fully capture this constitutional property. We propose community detection tools as a means to evaluate
the complex network structure of psychopathology, free from its original boundaries of distinct disorders. Unique to this approach is that
symptoms can belong to multiple communities. Using a large community sample and spanning a broad range of symptoms (Symptom Checklist-90-Revised), we identiﬁed 18 communities of interconnected symptoms. The differential role of symptoms within and between communities offers a framework to study the clinical concepts
of comorbidity, heterogeneity and hallmark symptoms. Symptoms
with many and strong connections within a community, deﬁned as
stabilizing symptoms, could be thought of as the core of a community, whereas symptoms that belong to multiple communities, deﬁned as communicating symptoms, facilitate the communication between problem areas. We propose that deﬁning symptoms on their
stabilizing and/or communicating role within and across communities accelerates our understanding of these clinical phenomena, central to research and treatment of psychopathology.
4.2

introduction

Ever since the nineteenth century, deﬁnitions of mental disorders
were formulated and documented in classiﬁcation schemes to facilitate communication about, treatment of and research on psychopathology (e.g., WHO, 1993; APA, 2013). Although these classiﬁcation schemes
have contributed to the reliability of psychiatric classiﬁcation for clinical and research purposes, diagnostic inter-rater reliability has been
0 Published as: Blanken, T.F.*, Deserno, M.K.*, Dalege, J., Bosboom, D., Blanken, P.,
Kerkhof, G.A., & Cramer, A.O.J. (2018). The role of stabilizing and communicating
symptoms given overlapping communities in psychopathology networks. Scientiﬁc
Reports, 8(1), 5854-5865.
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reported to be (very) low for some diagnostic categories (e.g., Regier
et al., 2013), suggesting that their ﬁxed phenomenological boundaries
might bypass the complex nature of mental disorders. One prominent
example of this complexity is the widespread phenomenon of comorbidity - suffering from multiple mental disorders, either within (i.e.,
concurrent comorbidity) or at different periods in time (i.e., sequential comorbidity) (Boyd et al., 1984). More precisely, using current
classiﬁcation schemes, almost half of all people diagnosed with one
disorder also meet the criteria for one or more additional disorders
in their lifetime (Kessler et al., 2005). While this complexity is often
treated as a nuisance, network theory offers unparalleled opportunities to lay bare the workings of complex phenomena (e.g., Gurney
et al., 2017; Fair et al., 2012). In the present paper, we use a novel
approach - overlapping community detection in psychopathological
networks in which symptoms of various disorders interact with one
another - to represent and potentially explain the complex and interconnected structure of psychopathology.
The high prevalence of comorbidity challenged the validity of the
conceptualization of mental disorders as distinct entities (Maj, 2005)
and gave rise to the network approach to psychopathology (Cramer
et al., 2010). According to this approach, mental disorders are conceptualized as networks of interrelated symptoms (represented as nodes)
that have direct connections to one another (e.g., insomnia inﬂuences
fatigue: insomnia → fatigue). As such, symptoms and their connections are constitutive of a mental disorder (e.g., insomnia may cause
fatigue and such relations are what constitute the disorder major depression). The network approach thereby concentrates on the evaluation of symptom-to-symptom interactions, both within as well as
between disorders, with the network structure of all psychopathological symptoms representing the landscape of psychopathology (Borsboom et al., 2011). Within the psychopathology landscape, the concept of comorbidity then follows from symptom-to-symptom interactions that cut across the ’borders’ of disorders as originally deﬁned in
diagnostic classiﬁcation schemes such as the DSM (Borsboom, 2017).
The rapidly expanding network approach to psychopathology appears to provide a promising framework to evaluate clinical phenomena, such as hallmark symptoms (Boschloo et al., 2016), heterogeneity
(Fried, 2017), and comorbidity (Cramer et al., 2010).
Fundamental to the network approach are ’bridge symptoms’: speciﬁc symptoms that connect multiple disorders and thereby form possible origins of comorbidity (Cramer et al., 2010; Borsboom, 2017;
Fried et al., 2016). For example, a potential bridge symptom between
major depression (MD) and generalized anxiety disorder (GAD) is
’sleep problems’ (e.g., Cramer et al., 2010; Afzali et al., 2017); that
is, developing sleep problems may be the bridge that is crossed when
someone, who already suffers from MD, develops GAD, or vice versa.

4.2 introduction

Figure 4.1: Example of a network with two problem areas: a purple community consisting of six symptoms, and a yellow community
consisting of four symptoms. The blue symptoms represent potential stabilizers, while the red symptom represents a bridge
symptom that facilitates possible communication between the
two problem areas.

Interestingly, the role of bridge symptoms within a psychopathology
network corresponds to other well-studied complex observable networks. In social networks, for example, it is often observed that a
network element (e.g., a person) belongs to multiple clusters (e.g.,
different social groups). Such ’bridge persons’ are a likely route for
spreading gossip due to their membership of various clusters (Doerr
et al., 2012). These similar characteristics of psychopathological networks vis-á-vis other complex, observable networks pave the way for
using sophisticated statistical techniques developed for these complex networks. One such technique, that will form the heart of the
methodology of the present study, is community detection.
Community detection allows for evaluating large networks (e.g.,
social media networks, psychopathology networks) and identify communities of nodes (e.g., groups of friends, groups of symptoms) (Newman, 2006). One community detection algorithm that is particularly
applicable to psychopathology is the Clique Percolation Method (CPM),
as it allows nodes to belong to more than one community (Palla et al.,
2005; applied to, for example, the human interactome, e.g., Huttlin
et al., 2015; social media, e.g., Java et al., 2007; and scientiﬁc publications, e.g., Orosz et al., 2016). As such, this approach provides a natural representation of the theoretical stance of the network approach
on the fuzzy borders between disorders (Cramer et al., 2010). Within
psychopathology networks, such communities may represent speciﬁc
’problem areas’. These problem areas consist of symptoms that are
closely connected to each other and tend to co-occur. The identiﬁcation of these local problem areas provides novel insights into the interdependency of symptoms on the local (community) structure over
and above the interdependencies in the global structure of the psychopathology network.
For example, Figure 4.1 shows two problem areas (purple and yellow) that share a single symptom (red), which corresponds to the notion of overlapping communities. Locally, the organization of symp-
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toms within a problem area may yield information on symptoms that
stabilize the problem area and symptoms that communicate with other
problem areas (Fortunato, 2010). For example, a symptom with many
connections to other symptoms in the same problem area is likely to
keep, or stabilize, this problem area in a certain state, which can be
either healthy or unhealthy (see blue nodes in Figure 4.1). Similarly, a
symptom with connections across problem areas is likely to communicate with other problem areas and might therefore be the origin of
their co-occurrence (red node in Figure 4.1). Globally, the connections
between different problem areas might reveal relevant, novel information on the topology of the overall psychopathology network (e.g.,
which communities are connected, and how strongly?).
Based on the proposed method, we provide novel formal deﬁnitions of two core principles of the network approach to psychopathology. First, core symptoms of a problem area are symptoms that have
many connections within their community and will be coined stabilizing symptoms. Second, bridge symptoms are symptoms that have many
and/or strong connections to other communities, and in some cases
even belong to two or more communities, and will be referred to as
communicating symptoms. In this paper, we show how community detection by means of the CPM method can identify different problem
areas of connected symptoms and the structural organization of these
problem areas.
4.3
4.3.1

method
Sample Descriptives

For the current study, we used data of a study conducted by G.
A. Kerkhof and previously reported on in Kerkhof (2017). As explained in Kerkhof (2017), 2089 participants were sampled from an
ISO 26362-certiﬁed online research panel of Motivaction. When participants enter this panel, they sign an active consent informing them
(amongst other things) that their anonymized data can be used for
scientiﬁc purposes. Participants were recruited from different areas
in The Netherlands and the community sample was stratiﬁed by age
(ranging from 18 to 70, M = 48.5, SD = 14.0) and gender (49% men
and 51% women). The data was collected in accordance with relevant
guidelines and regulations and ethical approval was obtained by the
Faculty Ethics Review Board (FMG) of the University of Amsterdam.
4.3.2

Symptom Screening

The Symptom Checklist 90 (SCL-90-R) is a 90-item self-report symptom inventory designed to screen for a broad range of psychological
problems. Participants were asked to rate all of the 90 items (see Ap-
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pendix A) for the last week, including today, on a ﬁve-point Likert
scale of distress, ranging from not at all (1) to extremely (5). The
items can be combined into eight symptom scales: Depression, Anxiety, Agoraphobia, Sleep difﬁculty, Somatization, Interpersonal sensitivity, Acting-out hostility, and Cognitive-performance deﬁcits. These
scales, plus nine unscaled items, can be combined into a total score
ranging from 90 to 450, with higher scores indicating more severe
symptom levels. The SCL-90-R scores in the current study sample
ranged from 90 to 384 (M = 124.8, SD = 41.8), and 33% of the participants (N = 695) scored above the norm score of 123.
4.3.3

Statistical Analyses

Network estimation.
We estimated a sparse Gaussian network based on the polychoric
correlations between the responses to the SCL-90-R items using the
glasso-method implemented in the R-package qgraph (Epskamp et al.,
2012). Glasso estimates partial correlations between each pair of variables conditioning on all other variables. As such, we can interpret
the network as depicting conditional dependence relations: an edge
between two symptoms A and B indicates that these symptoms are
conditionally dependent, given all other symptoms in the network.
To decrease the number of spurious partial correlations, Glasso uses
the regularization technique Least Absolute Shrinking and Selection
Operator (LASSO; Tibshirani, 1996). The LASSO technique utilizes
a tuning parameter that controls the sparsity of the estimated network by pushing small edge weights (i.e., polychoric correlations) to
zero. The Extended Bayesian Information Criterion (EBIC; Chen &
Chen, 2008; Foygel & Drton, 2010) is then used to select the best ﬁtting regression function. To check the robustness of the estimated
network we performed additional network stability checks using the
R-package bootnet (Epskamp et al., 2018) and appended the results as
supplementary material (see Figures B3.2-B3.5) of this article.
Clique Percolation Method.
The CPM algorithm aims to ﬁnd percolation clusters (communities)
using the notion of k-cliques: complete subgraphs of k nodes (i.e., a
fully connected subgraph of k nodes). Two cliques are adjacent when
they share all but one (k-1) nodes. A k-clique percolation cluster is
then deﬁned by "the maximal set of k-cliques that can be reached
from each other via a set of k-clique adjacency connections" (Farkas
et al., 2007). The CPM algorithm has been extended to incorporate
edge weights in identifying the communities. This algorithm, called
the Clique Percolation Method with weights (CPMw), includes a kclique into a community when its intensity I exceeds a ﬁxed threshold
(Farkas et al., 2007). The intensity of a k-clique is the geometric mean
of the edge weights. Thus, a community according to the CPMw al-
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gorithm is the maximal set of k-cliques that are k-clique adjacent and
have intensities above the threshold. Hence, the communities are dependent on the number of nodes k in a clique and the intensity threshold I.
The CPM algorithm is implemented in the program CFinder (Adamcsek et al., 2006). Using the edge list of the Gaussian graphical model
estimated on the SCL-90-R data, we determined, for each k, the optimal intensity threshold I to obtain the richest community structure.
Speciﬁcally, starting with an intensity threshold equal to the largest
edge weight, and then lowering I to the point that a giant cluster
emerges is called the percolation transition. The richest community
structure is found at values of I just above this transition. In this way,
the threshold is high enough to prevent a giant cluster that would obscure the details of smaller communities, and low enough to prevent
a large number of separate k-cliques (Farkas et al., 2007).
For each ﬁxed k (i.e., k = 3, 4, 5, 6), we determined the optimal
threshold according to these principles (Farkas et al., 2007) by (i) lowering the intensity threshold, ﬁrst set equal to the largest edge weight,
by steps of .1 until cliques of size k emerged; (ii) then we further lowered I by smaller steps of .01 until a giant cluster emerged, i.e., the
percolation transition. Subsequently, (iii) we increased I by steps of
.001 to ﬁnd the values for I just above the percolation transition. After
the identiﬁcation of the optimal I value for each k separately, we compared the k parameters in terms of the broadness of their community
size distribution at their optimal I.
The initial intensity threshold was set equal to the largest edge
weight of .48. The optimal threshold for k = 3, 4, 5, 6 was equal to
.099, .0695, .044, and .01, respectively. We then chose k = 3 as it had
the broadest community structure, i.e., communities of different sizes.
Local Structure Analysis.
To investigate the local structure of the communities, we analyzed
the edge weights of connections nodes have within and between their
communities. For the detection of stabilizing nodes, we summed the
absolute edge weight values a given node has within its community (stabilizing index). For the detection of communicating nodes,
we summed the strength of connections a given node has between
its communities (communicating index). Notably, these indices are
based on commonly used centrality measures in the network literature (Opsahl et al., 2010) usually applied to evaluate the role of
symptoms on the global level (i.e., the network as a whole). However,
when one assumes that there are meaningful sub-structures within
a network on a local level, using centrality measures at the global
level does not sufﬁce to identify the symptoms that play an important role at these local levels. Thus, while these metrics are essentially
the same, they are applied at different levels. Note that this could imply that symptoms ranking highest on global centrality (taking into
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account all symptoms at once) might not be the same as the symptoms that rank highest on local centrality (taking only symptoms in
the local sub-structure into account).
4.4
4.4.1

results
Global Community Structure

Based on the clique-percolation method, 18 communities were identiﬁed in the psychopathology network, with the size of the communities ranging from three to 39 nodes. Appendix A contains a tabulated representation of all communities and their symptoms, ordered
by the original SCL-90-R dimensions. Note that we use the SCL-90R dimension labels whenever we refer to the originally proposed
dimensions. Figure 4.2 shows how strongly these communities are
connected via shared symptoms. We labelled the communities (or:
problem areas) according to a summary of the most central symptom, i.e., the symptom with the strongest connections to other symptoms within the respective community (e.g., the ﬁrst community was
labelled Nervousness according to its most central symptom nervousness or shakiness inside). Communities are further denoted by their
number (#community number) and symptoms are referred to by the
item order in the SCL-90-R (item number). Every community overlapped with at least one other community. The CPM method identiﬁed strongest overlap between the following communities: Low in Energy (community #2) and Panic (#9) share six symptoms, Low in Energy
(#2) and Self-conscious (#13) share ﬁve symptoms and Self-conscious
(#13) shares three symptoms with both Panic (#9) and Feeling disliked
(#14).
Generally, when comparing the resulting community structure (as
depicted in Figure 4.2) to the SCL-90-R dimensions, a few distinctive global features deserve mention. First of all, while two communities (#3 and #14) consist of symptoms from only a single SCL-90-R
dimension, none of them covers all symptoms of a speciﬁc dimension. For example, the third community (Faintness) consists of merely
three symptoms from the Somatization dimension (headaches, faintness or dizziness, and nausea or upset stomach). Second, most communities consist of symptoms from two or more different SCL-90-R
dimensions. Although these communities comprise symptoms from
originally different dimensions, there seems to be a shared common
theme in each community. For example, although the ﬁrst community (Nervousness) covers symptoms from three different SCL-90-R
dimensions (Depression, Anxiety, Somatization), all symptoms are related to feeling tense or nervous.
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Figure 4.2: Nodes represent communities and edges correspond to number of symptoms shared,
with thicker edges corresponding to more bridge symptoms. Each community is labelled
according to its most central (i.e., stabilizing) symptom and its size (i.e., number of symptoms) is depicted between brackets (see legend). The ﬁve symptoms depicted in grey
boxes are examples of how communities are connected through bridge symptoms.

4.4.2

Local Community Structure

The legend of Figure 4.2 lists the 18 communities, labelled according
to the symptom that ranked highest on the stabilizing index. These
symptoms can thus be expected to have a high impact on nodes
within their community or that are most inﬂuenced by their community members. For example, item 2 nervousness or shakiness inside
has the highest stabilizing index in community #1, which consists of
symptoms related to feeling tense or nervous. This indicates that feeling nervous or shaky might determine to a large extent whether or
not a person also shows several other related symptoms within this
community.
In Table 4.1 we depict the symptoms ranking highest on the communicating index. These symptoms can be expected to play an important role in connecting different problem areas and are thus indicative of bridge symptoms. For example, the symptom headaches
seems to play an important role in connecting symptoms between
the Nervousness (#1), Low in Energy (#2), Faintness (#3), and Objectfocused Violence (#4) communities. This suggests that symptom activation across these connected problem areas might be predicted by
monitoring headaches.
Note that there are three symptoms that rank high both as communicators and stabilizers (see Table 4.1). For example, the symptom
feeling low in energy or slowed down ranked among the highest com-
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Table 4.1: Strongest communicators that belong to three or more communities.

Symptom (item number)

Communities (# community number)
Nervousness (#1), Low in energy (#2),

Headaches (1)

Faintness (#3),
Object-focused violence (#4)

Feeling low in energy
or slowed down (14)*
Thoughts of ending
your life (15)*
Hearing voices that other
people don’t hear (16)
Having to double-check
what you do (45)
Feeling hopeless
about the future (54)
Feeling tensed
or keyed up (57)

Low in energy (#2), Disturbed sleep (#7),
Concentration problems (#8),
Panic (#9)
Low in energy (#2), Panic (#9),
Feelings of worthlessness (#16),
Suicidal thoughts (#18)
Low in energy (#2),
Object-focused violence (#4),
Panic (#9)
Worried about sloppiness (#5),
Concentration problems (#8),
Repeat actions (#17)
Low in energy (#2),
Worries (#11),
Suicidal thoughts (#18)
Nervousness (#1),
Concentration problems (#8),
Worries (#11)

Feeling uneasy when

Panic (#9),

people are watching

Self-conscious (#13),

or talking about you (61)

Feeling disliked (#14)

Feeling afraid you
will faint in public (82)*

Low in energy (#2),
Panic (#9), Fear of fainting
in public (#15)

* These symptoms are also stabilizers.
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Figure 4.3: Illustration of (a) the local structure of Feelings of Worthlessness
community (#16), (b) its connection to other communities; and
(c) a symptom-level example of its connection to the community
Worried about Sloppiness (#5).

municators and stabilizes one of its communities. These symptoms
might ﬂag the most decisive symptoms, since they stabilize their community and at the same time communicate with symptoms of other
communities. Some overlap between stabilizing and communicating
symptoms is hardly surprising, as both these measures depend on
the strength and number of connections a symptom has. Yet, as can
be seen in Table 4.1 this overlap is sufﬁciently low to treat stabilizing
and communicating symptoms as different constructs.
4.5

illustration

Inspecting the local structure offers additional information both on
the relations within a community as well as on the communication
between communities via so-called communicating nodes (i.e., symptoms that have many and/or strong connections to other problem areas). To illustrate this, we focused on the structure of the 5-symptom
Feelings of Worthlessness community (#16) with mainly symptoms from
the depression dimension. This detailed focus has implications for the
concept of hallmark symptoms and the study of heterogeneity within
this problem area, and also for its comorbidity with other problem areas.
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First, the stabilizing index of the symptoms in this community reveals what might be its core symptom: feelings of worthlessness (item
79) is connected to all other symptoms, i.e., it has a direct connection
to blaming yourself for things, feelings of guilt, feeling inferior to others and
thoughts of ending your life (see Figure 4.3a). Second, the communicating symptoms of this problem area and their connections to adjacent
problem areas, also consisting of symptoms from the depression dimension, reveal possible pathways for the clinical heterogeneity of
depression. Figure 4.3b shows that ﬁve additional communities are
connected to the Feelings of Worthlessness community. For example,
the bridge depression symptom thoughts of ending your life (item 15)
funnels a direct connection to a 5-symptom problem area related to
hopelessness (Suicidal thoughts #18), such as thoughts of death and dying and feeling hopeless about the future. Similarly, feeling inferior to
others (item 41) connects the problem area to another problem area of
symptoms on interpersonal sensitivity (Self-conscious #13), e.g., feeling very self-conscious with others (item 69). Third, the local structure
shown in Figure 4.3c suggests that the shared symptom of blaming
yourself for things (item 26) connects depression symptoms (Feelings
of Worthlessness, #16) to cognitive performance deﬁcits (Worried about
Sloppiness, #5). The above presented inspection of the local structure
indicates that similar symptoms indeed tend to cluster together and
simultaneously points us towards the speciﬁc symptoms that funnel
the interdependency of problem areas.
4.6

discussion

In current classiﬁcation schemes, psychological disorders are deﬁned
as distinct entities characterized by hallmark symptoms. In this paper,
we evaluated the structure of psychopathology without the theoretical boundaries of these classiﬁcation schemes, as such allowing for
the complex and multi-faceted structure of psychopathology. Specifically, we took a data-driven approach using community detection
techniques to study the co-occurrence of symptoms and detect possible problem areas, i.e., communities of closely related symptoms. As
such, these problem areas are empirically derived and not theoretically deﬁned.
We applied community detection to a large psychopathological
symptom network and identiﬁed 18 problem areas. Using these problem areas, we evaluated three complex clinical phenomena that are
crucial to our understanding of the development, prevention and
treatment of mental disorders: hallmark symptoms, heterogeneity and
comorbidity. The results of the current study illustrate how the identiﬁed problem areas capture important information on all three phenomena by focusing on the differential role of symptoms within a
problem area: stabilizing symptoms and communicating symptoms. For
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example, symptoms of the depression dimension decompose into different problem areas. While it is not our objective to rephrase the
nosological deﬁnition of depression, the problem areas do inform us
on what depression symptoms are likely to stabilise smaller problem
areas (core symptoms), are more likely to co-occur than others (heterogeneity), or are likely to co-occur with symptoms from other disorders (comorbidity). There are a few promising avenues following
from this focus.
First, stabilizing symptoms show many and/or strong connections
to other symptoms in the same problem area and could be thought of
as the core symptoms of one such problem area. An important next
step would be to evaluate whether these symptoms are indeed more
prevalent in the designated problem areas. For example, in a problem
area consisting predominantly of depression symptoms, feelings of
worthlessness was a stabilizing symptom. This suggests that this particular symptom is at the core in at least some form of "depression", implying that for some individuals this symptom may play an important
role in triggering and/or maintaining their depression. The importance of this particular symptom is theoretically substantiated in the
revised learned helplessness model of depression (Abramson et al.,
1978). While some research based on this model concludes that feelings of worthlessness deﬁne one’s vulnerability to develop depression
(e.g. Green et al., 2013), others show that depression samples vary
in the reported frequency of this symptom suggesting that it might
not be a hallmark symptom (Zahn et al., 2015). Interestingly, such
apparent inconsistencies align with our results: feelings of worthlessness might play a stabilizing role in one, but not all, problem areas
that consist of depression symptoms in the reported psychopathology network. It should be investigated whether this symptom indeed
has a perpetuating function within the individual network over time
in people suffering from this constellation of depression symptoms.
Second, communicating symptoms can potentially generate a better understanding of both heterogeneity and comorbidity. Communicating symptoms have many and/or strong connections to other
problem areas and, as such, facilitate the communication between
problem areas. In the case where two problem areas consist (predominantly) of symptoms that belong to a single disorder as deﬁned
in current nosologies, these communicating symptoms relate to the
phenomenon of heterogeneity. For example, the peripheral symptom
thoughts of ending your life bridged two depression-like communities:
one characterized by worthlessness and the other characterized by
hopelessness. The ﬁnding that these symptoms cluster in different
depression-like communities points us towards possible patterns of
heterogeneity within depression. Depression, as deﬁned by the DSMV, has shown to be a highly heterogeneous disorder with many different symptom patterns (Fried & Nesse, 2015). It would be valuable
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to assess whether the different depression-like communities correspond to different, clinically observed, symptom patterns. Although
the communities identiﬁed at a group level cannot be readily extrapolated to the individual level, these symptom patterns, after crossvalidation, might offer new leads on what speciﬁc symptoms can
be identiﬁed as a risk factor for infecting a (neighbouring) set of comorbid problems. For example, if an individual suffers mainly from
depression symptoms within the Worries (#11) problem area, this individual might be more likely to develop symptoms of the directly
related Nervousness problem area (#1; consisting predominantly of
symptoms from the anxiety dimension). Conversely, an individual
who suffers from depression symptoms in the Feelings of Worthlessness (#16) problem area might have a higher risk to develop or suffer
from symptoms of the problem area Idea You Should Be Punished
(#12; mostly symptoms on intrusive thoughts).
Alternatively, in the case when the two problem areas consist of
symptoms that belong to multiple, supposedly distinct disorders, the
communicating symptoms relate to comorbidity. For example, the
symptom blaming yourself for things belonged to a depression-like problem area characterized by worthlessness and a problem area characterized by cognitive performance deﬁcits. In this particular example,
we would hypothesize that blaming yourself for things plays a crucial
role in patients suffering from not only depression symptoms but
also cognitive performance deﬁcit symptoms. It would be important
to evaluate whether the identiﬁed bridge symptoms indeed play an
important role in the co-occurrence of problem areas or disorders
in clinical populations. Thus, when adhering to current classiﬁcation
schemes heterogeneity and comorbidity are distinct concepts, while
the current framework suggests that they result from the same core
principle of communicating symptoms.
Third, we should not limit the investigation of these structures
to cross-sectional symptom networks. The study of intra-individual
changes in communities of symptoms can point us towards growth
(i.e., symptoms joining the problem area) or contraction (i.e., symptoms leaving the problem area) patterns of speciﬁc problem areas
that might offer novel starting points for intervention and treatment.
Relatedly, these developmental patterns of problem areas could be
key to understanding intra-individual characteristics in psychiatry,
such as vulnerability and resilience (Borsboom, 2017; Cramer et al.,
2016). Here, the role of bridge symptoms is crucial: the number and
strength of connections of a symptom in one problem area to another
problem area increases the probability of this symptom joining the
clinical proﬁle of an individual.
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4.6.1

Limitations

A few limitations deserve mention. First, in the current report we
studied potential pathways in the landscape of psychopathology in
a community sample as we did not aim to draw conclusions about
DSM-5 diagnoses. We argue, however, that the results of the current study provide ﬁrst insights into the structure of the landscape
of psychopathology and its constructs in a non-clinical sample. Future investigations should apply this approach to a clinical sample
to validate these pathways for clinical populations. Second, while we
mostly treated stabilizing and communicating aspects of symptoms
as two distinct roles, our results indicated that there is some overlap
between stabilizing and communicating symptoms. Future research
should focus on further disentangling stabilizing and communicating symptoms and whether overlap between these measures is a relevant ﬁnding of its own (e.g., that symptoms ranking high on both
measures might be the most decisive symptoms to suffer from). Finally, it should be noted that the identiﬁed communities depend on
(i) the community detection algorithm, and within the chosen algorithm (CPM), on (ii) the stability of the input network and (iii) the
chosen parameters for the clique size k and the intensity threshold
I. First, given our goal to further study the complex and sometimes
partly overlapping structure of psychopathology, the possibility for
a node to belong to multiple communities at once (i.e., overlapping
communities), and the absence of strong assumptions about the size
and form of local substructures was dominant in selecting an algorithm and resulted in our choice for CPM. Second, to ascertain robustness of the identiﬁed communities based on the input network,
we assessed the stability of the estimated network. The input network
was stable in terms of the strength and number of connections a node
has, which is particularly important for the CPM in identifying communities. Third, to select the parameters k and I, we followed the
proposed guidelines of Farkas et al. (2007) to obtain the richest community structure possible. It is important to note that different communities can be found by changing these parameters. While this can
be considered a limitation of the approach, we also believe that this
can be a tool to inspect different properties of the psychopathology
landscape. For example, by increasing the minimal clique size, one
would obtain larger communities and thereby possibly gain more insight into the larger, global structure of psychopathology. Similarly,
by increasing the intensity threshold, fewer but more strongly connected communities will be derived. If one aims to inspect the local
structure on a more detailed level, lowering the intensity threshold
will reveal more, and larger communities. Taking these things into
account, we do not propose that problem areas should be interpreted
as existing entities. Rather, we argue that applying these techniques
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can reveal substructures at different levels of symptom networks and
allow us to relate them to the role of individual symptoms.
4.6.2

Concluding Remarks

The identiﬁcation of stabilizing symptoms comes with great promise,
as its state is informative with respect to the state of the other symptoms in its problem area. For example, our results suggest that people
with strong feelings of worthlessness are likely to blame themselves
for things and experience feelings of guilt (and vice versa). Because
of its many strong connections, one is intuitively inclined to interpret
the stabilizing symptom feelings of worthlessness as a target for intervention programs. The potential success of such an intervention is,
however, strongly dependent on the speciﬁc nature of the symptom
itself (i.e., the symptom itself must be responsive to treatment; Robinaugh et al., 2016) and the temporal order of activation in relation to its
neighbours (i.e., the symptom must be a cause rather than an effect of
its neighbours). Thus, the viability of treating a stabilizing symptom
must ultimately be determined longitudinally. Nevertheless, the identiﬁcation of stabilizing symptoms in cross-sectional data does point
us towards potential hubs of the psychopathological system that funnel more symptom activation (either as cause or effect) within a local
structure than others.
In sum, the network approach to psychopathology has paved the
way for novel techniques to study the interdependency of symptoms
as a complex network. To date, however, it was not possible to accommodate the idea of bridge symptoms that connect multiple problem
areas. The present study is the ﬁrst to apply overlapping community
detection to psychopathology and conclude that the identiﬁcation
of overlapping communities of symptoms points us towards novel
research lines into possible pathways between and within problem
areas in psychopathology. In addition, the present study has complemented the network analysis toolbox of clinical psychology and
psychiatry by providing novel deﬁnitions of communicating and stabilizing roles of symptoms in the psychological landscape.
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A U T I S M ? P E R C E I V E D C A U S A L R E L AT I O N S
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5.1

abstract

The network approach to psychological phenomena enables innovations for investigating the interrelation between autism spectrum disorder (ASD) and well-being. We combine the Perceived Causal Relations (PCR) methodology and network analysis in order to (i) identify
causal pathways in the ASD well-being system, (ii) validate the networks found in empirical data, and (iii) integrate clinical expertise in
scientiﬁc endeavors. Trained clinicians served as raters (N=29) completing 374 cause-effects ratings of 34 variables spanning daily functioning, well-being, and autism symptomatology. A subgroup (N=16)
of these raters chose intervention targets in the resulting network. We
found that these choices were related to the respective centrality of
these nodes. Furthermore, clinicians’ perception of causal relations
in the well-being network is similar to the interrelatedness of these
factors found in empirical data. We present a useful tool for translating clinical expertise into quantitative information paving the way to
integrate this expertise in scientiﬁc studies.
5.2

introduction

An Autism Spectrum Disorder (ASD) diagnosis is related to reduced
levels of well-being (Ayres et al., 2017; Moss et al., 2017; De Vries
& Geurts, 2015), but the study of risk and protective factors for wellbeing in autism is still at an early stage. After at least a decade of wellbeing research in autistic adults, we lack sophisticated understanding
of the potential causal pathways that channel the heterogeneity in
adult outcome of the autism population. Most research on later outcome and well-being in autism aspires to the principle of Ockham’s
razor, looking for a set of simple basic elements or a latent disease
entity that could explain the emerging phenomenological complexity.
In addition, most of these attempts study the interrelatedness of two
or three variables instead of the complex system of possible pathways
that extend further than just two variables.
0 Submitted as: Deserno, M.K., Borsboom, D., Begeer, S., Van Bork, R., Hinne, M. &
Geurts, H.M. (under review). Highways to happiness for ASD adults? Perceived
Causal Relations among clinicians. Revision submitted at Clinical Psychological Science.
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Recent theoretical literature, however, has argued for a more complex approach to human development inspired by dynamical systems
theory (Sameroff, 2010; Lorber et al., 2014; Van der Maas et al., 2006;
Anderson, 2014). This theoretical shift has enabled the emergence of
the network approach, an alternative psychometric conceptualization in
which psychological phenomena are seen as a dynamic set of causally
intertwined properties (Cramer, et al., 2012; Borsboom & Cramer,
2015). In our recent network studies, we have studied the association
network of interacting factors for the subjective well-being of people
with autism (see Chapter 2 and Chapter 3) based on self-report and
parent-report survey data. However, clinical expertise is largely lacking. In addition, due to the explorative character of network analysis
as a statistical method, it is unclear whether relations between variables identiﬁed in these studies actually reﬂect causal interactions
(rather than, e.g., the effect of unmeasured common causes), what
the direction of these causal pathways is, and to what extent the relevant pathways are also identiﬁable by other, independent modes of
observation. While this is of importance to any study using network
analyses in order to better understand well-being in relation to a diagnosis, in this study, we address these questions by combining network
analyses of survey data with expert knowledge regarding autism.
The starting point in the network approach is to determine the
relational structure between symptoms and other factors and to represent this information in a network. Currently, there are at least four
approaches to the construction of these networks. First, by examining associations between symptoms in a population (van Borkulo et
al., 2015); second, by inspecting the dynamic structure of a network
over time (Bringmann et al, 2013); third, by utilizing the structure of
diagnostic manuals (Borsboom et al, 2011; Tio et al, 2016); and fourth,
by eliciting judgements on the structure of causal relations between
symptoms, either from clinicians (Ruzzano et al., 2015; Borsboom &
Cramer, 2013) or through self-report (Frewen et al., 2012).
Most of of the network literature focuses on the ﬁrst of these methodologies: the analysis of association structures in population data. Using this approach in our recent autism network studies, for example, we have generated association networks of interacting factors for
the subjective well-being of people with autism (see Chapter 2 and
Chapter 3) based on self-report and parent-report survey data. This
methodology results in undirected networks, in which the connection
between two symptoms simply means that they remain associated
even if all other symptoms are controlled for. However, due to the
explorative character of network analysis as a statistical method, it is
unclear whether relations between variables identiﬁed in these studies actually reﬂect causal interactions (rather than, e.g., the effect of
unmeasured common causes). Second, it is unclear what the direction
of the identiﬁed causal pathways is, due to the correlational nature of
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the data. Finally, there is a general problem of construct validity that
arises due to the reliance on a single methodology: for any network
structure, an important question is to what extent the pathways identiﬁed by one methodology are also identiﬁable by other, independent
modes of observation. These issues are important for at least three
reasons.
First, the general interest in causal pathways in the well-being system is a crucial issue. Although association networks are a good way
to develop insight into the association structures among symptoms,
to be able to develop interventions and policy based on network information on autism (or any other given diagnosis) and well-being,
we need to gain more insight into the directionality of the interrelations. For example, if cognitive problems associated with autism are
connected to depressed mood in an association network, does that
mean that speciﬁc cognitive problems associated with autism cause
depressed mood, does depressed mood cause cognitive problems associated with autism, or are the variables connected in a feedback
loop? That is, which connections in the network likely represent directed causal effects, which arise from reciprocal causation or coupled equilibria, and which associations are probably due to the effect
of unmeasured variables?
Second, from earlier research we have learned that, when asked
how symptoms relate to each other, clinicians report a causal network
of symptoms (Kim & Ahn, 2002; Ruzzano et al., 2015). This suggests
that professionals working in the clinical ﬁeld already conceptualize
psychological constructs as a set of causal relations between symptoms and other factors. This source of information, in our view, has
been underused in network approaches. It has not yet been investigated, for instance, whether the network structures shown in empirical data actually resemble those networks that clinicians would report
(but see Moshier et al., 2018). In other words, when compared to the
empirical networks based on self-reported data from earlier studies
on factors relevant for well-being in autism (see Chapter 3), do experienced clinicians report a similar pattern of causal relations between
these factors? And beyond that: do clinical professionals, based on
their own experience and knowledge, intuitively choose to intervene
on those factors that a network analysis would reveal as most inﬂuential in the network?
Third, even though many researchers aim to bridge the gap between scientiﬁc studies and clinical experience, they struggle to ﬁnd a
way to integrate the knowledge of experienced clinicians. One prominent reason for this might be a lack of tools to examine clinician experience in a structured way. Usually, this type of investigation would
result in qualitative data from face-to-face interviews with clinicians,
which is extremely important but difﬁcult to integrate with common
analytical tools in quantitative psychological science, which are statis-
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tical in nature. Recent studies, for example, have used Delphi methodology to investigate the array of clinical practices used in the autism
realm (Wainer et al., 2017; Kerns et al., 2018). When exploring the
causal relations in a network of symptoms and other clinically relevant factors, however, these questions remain: How can we represent
the qualitative information in a formal system so that we can integrate
the knowledge of experienced clinicians into the network framework?
Can methods that elicit such expert knowledge be combined with network analysis of survey data to obtain a better picture of the structure
of a problem domain?
The aim of the current study is to take the ﬁrst steps towards addressing these questions, by constructing a symptom network on the
basis of expert judgments (Frewen et al., 2012) to visualize the causal
relationships among characteristics of autism and multiple facets of
outcome and well-being, and to combine this information with the
information obtained from statistical analyses of survey data. To this
end, we utilize the methodology of Perceived Causal Relations scaling
(PCR; Frewen et al. 2012), which provides simple yet promising tools
to assess perceived causal relations between variables, and combine
this methodology with network analyses on empirical data. In PCR
scaling any type of informant (i.e., rater) can be asked to what extent
they attribute a causal relationship from a speciﬁc factor X to a speciﬁc factor Y. Recent studies implementing this scaling technique have
used it to get a self-reported representation of symptom-to-symptom
interactions administered to individuals experiencing symptoms related to posttraumatic stress and anxiety (Frewen et al., 2012; 2013),
repetitive behaviors (Ruzzano et al., 2015) and posttraumatic stress
and eating disorders (Thornley et al., 2016). With this methodology,
not only clients themselves but also knowledgeable experts can serve
as raters who provide attributions concerning causal interrelationships between factors of interest (Ruzzano et al., 2015).
In this study, we (i) identify perceived causal relations between
autism characteristics and domains of well-being (as presented in
Chapter 3) and intervention targets within this causal network, (ii)
investigate the resemblance of the clinician’s perception of how factors in the network of autism and well-being are interrelated and the
empirical association network based on the interrelations of these factors found in empirical data, and (iii) provide an example of how to
use the PCR toolbox to integrate the knowledge of clinicians in empirical studies. Experienced clinicians working with autistic adults will
serve as raters of the constructed PCR scale which will enable us to
calculate the inter-rater reliability for the causal network.
An overview of this paper is as follows. First, following the technique of Frewen et al. (2012), causal associations between these factors will be rated by experienced clinicians using a PCR scale. The
scale requires a rating for a direct causal relation for each pair of items,
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which enables us to deduce causal relationships between the network
factors. The causal relations inferred from the PCR network will be
analysed and interpreted. Second, the causal network will be mapped
and compared to the empirical network of the exact same variables
found in Deserno et al. (2017; see Chapter 3).
5.3
5.3.1

methods
Sample Descriptives

Twenty-nine clinicians were included in the current study. These clinicians were selected based on their advanced experience with autism
to serve as raters in our rating task, i.e., the PCR scale. Potential raters
were contacted through Dutch institutional networks such as the dr.
Leo Kannerhuis, CASS18+ and institutions that are associated with
the Academic Centre Reach-Aut, a collaborative network of autistics,
relatives, clinicians, and researchers. If a clinician decided to participate, they were asked to ﬁll in the online informed consent following
a link that we provided in an email. We included clinicians who are
(1) an ofﬁcially registered psychologist or psychiatrist, a behavioral
scientist or social worker with (2) at least ﬁve years of clinical experience with adults in autism health care. Raters were invited for the
study online, and completed the PCR-assessment on their own via
the internet at a place of convenience. The research reported in this
manuscript has been approved by the Ethics Committee of the University of Amsterdam (2016-BC-7452).
5.3.2

Measures and Procedure

We constructed a PCR scale with the online survey software Qualtrics
(Qualtrics, Provo, UT) based on the empirical 34-node-network from
an earlier study (Chapter 3; see Figure 5.2) with a technique drawn
from Frewen et al (2012). In our earlier study, the resulting network
was based on items (and subscales) from three measures relevant for
well-being in autism: the Adult Social Behavior Questionnaire (ASBQ;
Horwitz et al., 2016), the Manchester Short Assessment of Quality of
Life (MANSA; Priebe et al., 1999), and the Health of the Nation Outcome Scales (HoNOS; Wing et al., 1998). To identify potential paths
between these measures, we computed regularized partial correlation
networks based on polychoric correlations with the R-package qgraph
(Epskamp et al., 2012). These networks can be viewed as a statistically
sophisticated representation of conditional (in)dependence relations
between the relevant variables, where the high level of dimensionality of the parameter space as well as Type 1 errors are handled
through regularization (see Epskamp & Fried, in press, for an accessible overview).
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The ASBQ has been developed to yield an individual’s self-reported
score proﬁle among six autism domains: reduced empathy (Nitems =7),
reduced contact (Nitems =7), reduced interpersonal insight (Nitems =8),
violation of social conventions (Nitems =6) and insistence on sameness
(Nitems =8). We included all six subscales of the ASBQ in the PCR scale.
The MANSA has been shown useful to obtain accurate quality of
life data (Priebe et al., 1999). The self-report questionnaire consists
of 26 items covering 14 subjective well-being domains, such as general life satisfaction, social satisfaction, and satisfaction with personal
safety. We included all 14 items of the MANSA in the PCR scale.
The HoNOS is a viable instrument designed to assess daily functioning in different domains. The questionnaire consists of 12 items
covering, for example, behavioral problems, social problems and cognitive problems. We included all 12 items of the HoNOS in the PCR
scale.
The empirical network derived in the Deserno et al. (2017) study
was based on regularized partial correlations, where edges depict
unique relationships between sets of variables controlling for all other
variables in the network. To work with the exact same network elements that can be found in this previous study, we constructed the
PCR scale based on the 32 items (and/or subscales) mentioned above
plus two additional variables: age and number of co-occurring diagnoses.
Raters were asked cause-effect questions in regard to each item from
the constructed PCR scale, e.g. "To what extent do you think depressed mood causes cognitive problems associated with autism?"
and, likewise, "To what extent do you think cognitive problems associated with autism cause depressed mood?". For any given item pairing, participants rated the causal association with response options
from 0 to 10, with 0 and 10 denoting ’Not at all’ and ’Strong cause’,
respectively. With this scaling methodology, one can gain insight into
how clinical experts themselves perceive the causal organization of
the given elements in a network.
Since all possible combinations of the 34 network elements would
have resulted in 1122 cause-effect ratings, administering all item combinations to all clinicians proved infeasible. Therefore, we decided
to split the empirical network in three (overlapping) parts with an
(almost) equal number of nodes (j1 = 14, j2 =13, j3 =13) based on their
clustering in the empirical network to ensure study feasibility. That is,
we grouped items optimizing three parameters: clustering (i.e. cutting
through as few edges as possible), equal group size and overlapping
nodes with high degree centrality. This resulted in three subsets of
variables, each covering items from two of the three scales. Hence, we
chose reliable ratings, i.e. large rater groups, of a subset of all possible
cause-effect ratings above less reliable ratings, i.e. small rater groups,
of the full network. This also allowed us to assess inter-rater reliability. Clinicians who agreed to participate were randomly assigned
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to one of these three parts (N1 =10, N2 =10, N3 =9) and were asked
to complete the PCR scale based on their clinical experience. Afterwards, we combined the information given by the 29 different raters
to partially reconstruct the network structure insofar as the design allows (see below). We conducted a follow-up assessment in which we
asked clinicians who had participated in the ﬁrst rating task to take
a look at the constructed network, based on their averaged ratings,
and choose three intervention targets from the complete list of nodes
depicted in the network visualization.
5.3.3

Statistical Analysis

First, in order to explore the network of factors, we constructed a network model based on the information retrieved with the PCR scale
from the raters in this study. The causal relations that the clinicians
indicated were recorded and averaged to create an adjacency matrix.
We merged the resulting matrices from the three rater groups that
rated different (but partly overlapping) parts of the network to create
a partial reconstruction of the empirical network with the exact same
nodes. Each value in the adjacency matrix represents the cause-effect
rating from the PCR scale made by the raters, with all unrated factor pairings coded as missing. We constructed the directed network
(i.e., causal network) from this merged adjacency matrix using the
R-package qgraph (Epskamp et al., 2012). For reasons of clarity and
comprehensibility, only those causal relations endorsed by the raters
with an average rating of at least 6 (on a scale from 0 to 10) on the
PCR scale were included in the visual representation of the network.
Manually thresholding the visual representation was necessary since
the raters tended to attribute very high values to edges they thought
were present. Please note that we did not specify such thresholds for
any of the analyses described below. We explored network characteristics, such as degree centrality (Freeman, 1979) - the number and
strength of in- or out-going connections each factor has. Out-degree
refers to the sum of the weights of the edges leaving a node, whereas
In-degree reﬂects the sum of the edge weights of connections arriving
at a node. In other words, we investigated what factors (i.e., nodes)
are perceived to have a lot of causal inﬂuence (i.e., edges) on other
factors and what factors are more often attributed as the effect (Indegree) versus cause (Out-degree) in all factor-pairings.
Second, we took three different approaches in comparing the network structures found in the different PCR rater groups to the respective substructure of the empirical network from Deserno and colleagues (2017; Chapter 3). In a ﬁrst step, we focussed on the global
structure of these networks, ignoring the quantitative differences in
edge weights. In this step, our main question was whether the edges
that are present in the respective part of the PCR network are concor-
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dant with the empirical network. To address this issue, we calculated
the proportion of edges that are concordantly classiﬁed as either positive, negative, or absent in both networks compared to (i) all possible
(present and absent) edges in the PCR network and (ii) compared to
the edges present (both positive and negative) in the two networks. In
a second step, we then focused on whether the edges that are present
in both networks are similar in terms of weight. Because the PCR
network is directed, while the empirical network is not, to be able to
compare the two adjacency matrices, we averaged the unidirectional
causal relations between each two variables in the PCR network, resulting in a symmetric adjacency matrix with only one bidirectional
coefﬁcient for each pair of nodes; our justiﬁcation for this procedure
is that more directional effects should result in higher partial correlations as represented in the empirical network. In a third step, we implemented a Bayesian framework for integrating a priori knowledge
(here: the causal structure of the rated networks) in the estimation of
an empirically derived network structure (here: the empirical network
based on self-report data). Using the PCR framework as a scaffolding
structure, we constrain the estimated empirical network (following
Hinne et al. 2014): those connections for which our raters indicate no
evidence are forced to be absent in the estimated network. Simultaneously, the connections that correspond to a perceived causal relation
are estimated from the data as usual. The practical implication of
this is that our network consists only of the relations that we know
a priori to be relevant. At the same time, this has methodological advantages as it reduces the number of free parameters to be estimated,
which means fewer observations are required for accurate network
estimation results, and furthermore this approach is not subject to a
shrinkage bias as is the graphical lasso.
5.4

results

Twenty-nine clinicians were recruited from various mental health institutions and universities to serve as raters in the current study. Most
of them were clinical psychologists (N=19), a smaller group indicated
to work as a psychiatrist (N=6) or another profession (N=4). The majority of the participants were female (N=21) with an average age of
48.5 (SD=11, range: 30 to 66 years). The average clinical experience
was twenty-three years (SD=10, range: 7 to 50 years) of clinical work
with, on average, 14 years (SD=10, range: 4 to 50 years) of clinical experience in the autism realm. Most raters answered all questions, with
only 10% of all PCR ratings missing. We did not replace these values
and used all available data for the network analysis. Cronbach’s alpha indicated good inter-rater reliability within each group of raters,
α=0.85, α=0.80,α=0.85.

5.4 results

5.4.1

Perceived Causal Relation Network

Many associations apparent in the empirical network from Deserno
et al. (2017; Chapter 3) remain in the PCR network. Figure 5.1 depicts
the directed network based on the clinician ratings. Several features
are notable.
First, the PCR network was highly connected. This means that clinicians indicate that there is a dense set of causal effects involving the
relevant variable, supporting the idea that they indeed form a causal
network. Compared to previous PCR network studies (Frewen et al.,
2012; 2013; Ruzzano et al., 2015; Thornley et al., 2016), we found exceptionally few feedback loops. Only reduced social insight (rsi) and violations of social conventions (vsc); reduced empathy (remp) and reduced
social contact; the number of comorbid diagnoses (comNR); and comorbid problems (com) and psychological well-being and depressed mood
(dep) were attributed bidirectional relationships.
Second, among all autism symptoms included in the network, reduced social insight (rsiAS) ranked highest on both In- and Out-degree.
In other words, clinicians rated reduced social insight more often
as the cause of variance in other (central) factors, such as problems
with relationships (relDF), but also as the underlying cause of variance
in (most) other autism characteristics, i.e., reduced empathy (rempAS),
reduced social contact (rconAS), violations of social conventions (vscAS)
and insistence on sameness (inssAS). Also, one other autism symptom
ranked among the four variables highest on In- and Out-degree: insistence on sameness was attributed both many incoming and many outgoing connections, with for example a strong negative connection to
psychological well-being (psyWB). From all autism characteristics, sensory stimulation/motor stereotypies (ssmsAS) was the one with least connections in the network as it was only rated as a cause for problems
associated with daily life (adlDF).
Third, centrality indices (see supplementary Figure 12.1) showed depressed mood (depDF) and problems with relationships (relDF) as having
the highest degree centrality amongst both well-being (brown) and
daily functioning variables (rose). In addition, depressed mood ranked,
together with psychological well-being, highest on betweenness centrality in the network, i.e., these nodes most often funneled the shortest
path between two other nodes in the network. Also, depressed mood
was the strongest predictor for both low psychological well-being and
low general life satisfaction (lifWB), closely followed by reduced social
contact (and insistence on sameness for psyWB) and physical problems
(phyDF; for lifWB).
Finally, age and sexual well-being (sexWB) were attributed neither incoming nor outgoing connections. This means that our clinician sample did not consider these variables relevant causes of other variables
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Table 5.1: Contingency table for concordant and disconcordant positive (1),
negative (-1) and absent (0) links in the PCR and the empirical
network. As noted above, we could not include all possible links
in the PCR scale, resulting in induced zeros in the adjacency matrix (i.e., absent edges, by design, in the PCR network). We did
not include those absent edges in the contingency table nor the
calculation of the reported metrics.

Empirical
PCR

-1

1

-1

14

3

0

52

107

1

2

66

Note. As noted above, we could not include all possible links in the PCR
scale, resulting in induced zeros in the adjacency matrix (i.e., absent edges,
by design, in the PCR network). We did not include those absent edges in
the contingency table nor the calculation of the reported metrics. .

in the network, and, in case of sexual well-being, a result of any other
variable in the network1 .
Half of the clinician sample (N=16) responded to our follow-up
question, inquiring about where they would intervene in the network
if the goal would be to improve the general well-being of a person
with autism. For this follow-up question, we did not collect personal
information. The question resulted in a broad spectrum of intervention choices: 21 out of 34 nodes were at least once chosen to be a
target of intervention. The top three choices, however, were depressed
mood (dep; 7 votes), hyperactive or aggressive behavior (agr; 5 votes),
and reduced social insight (rsi; 4 votes) and problems with drugs (drug; 4
votes).
5.4.2

Comparison PCR network and empirical network

In this section, we compare the PCR network and empirical network
based on two classiﬁcations that characterize the structure of the network: the presence/absence of edges and their valence (positive/negative). First, we compare which edges are negative, positive, or absent, using proportions of edges that are classiﬁed concordantly in
the two networks (see the Methods section for a detailed rationale for
our choice of proportions). Second, we compare the PCR network to
the empirical network in terms of the relative strengths of the edge
weights, using correlations.
1 Please note that we did not include any questions asking participants to rate the
effect of some variable in the network on age, because this would not result in meaningful questions, e.g. "How much do you think depressed mood causes age?".
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Figure 5.1: This PCR network is a merged visualization of three subnetworks based on ratings by three clinical expert groups and depicts the cause-effect ratings between
autism characteristics (blue), well-being domains (brown), and aspects of daily
functioning (rose) as perceived by the clinicians. The nodes each represent a
unique variable and the edges represent the averaged directed cause-effect rating.
For reasons of visual comprehensibility, we only included edges with an edge
weight higher than 0.5 and used curved arrows in case of bidirectional relations.
Abbreviations used as node names are listed in Table 12.1 in the supplement of
this chapter.
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Figure 5.2: This empirical network based on self- and proxy-reported data from adults with autism
depicts the interrelations between autism characteristics, well-being domains, and aspects
of daily functioning as found in empirical data presented in Chapter 3. The nodes represent the same variables as depicted in Figure 5.1, while the edges represent regularized
partial correlations between those variables.

5.4 results

To be able to zoom in on different parts of the networks, we depicted the relationship between the values of the PCR network and
the empirical network in Figure 5.3, which presents a scatterplot of
the edge weight values in the PCR and the empirical network and
visualizes information on both the concordance in structure of the
networks (whether an edge is present or absent in both networks)
and the alignment of the relative strengths of the edge weights in
the networks. The values that form a line parallel to the x-axis represent edges that are 0 (absence of an edge) in the empirical network.
The reason that there are no values parallel to the y-axis (absence
of an edge in the PCR network) is that the averaged ratings never
resulted in a value of exactly 0. The values in the lower left section
of the scatterplot represent edges that are negative in both graphs
(e.g., agreement in both networks that psychological well-being has a
negative relation with depressed mood), while the values in the upper right section of the scatterplot represent edges that are positive
in both graphs (e.g., agreement in both networks that hyperactive or
aggressive behavior has a positive relation with drug problems). The
two values in the lower right section are edges that are positive in the
PCR network and negative in the empirical network, while the value
in the upper left section represents an edge that is negative in the
PCR network and positive in the empirical network (i.e., the ﬁndings
in the two networks are opposed to each other).
One possible metric to investigate the similarity of the networks’
structure is to simply look at the proportion of edges that are concordantly classiﬁed as either positive, negative or absent in both networks. Since there we no edges in the PCR network with a value of exactly 0, we decided to look at the concordant classiﬁcation of present,
both positive and negative, edges in the two networks. Making this
comparison, 96% of all edges present in the PCR network are matching in their classiﬁcation as positive or negative when compared to
the empirical network.
When comparing the weighted edges that are present in both networks, a ﬁrst clear difference that can be inferred from the adjacency
matrices is that the weights that result from the average ratings of the
clinicians are higher (both negative and positive weights) than the
regularized partial correlation values. This difference in magnitude
of the weights should not be interpreted in substantive terms, as it
follows simply from the different scale of these weights: weights in
the empirical network reﬂect partial correlations scaled between -1
and 1, whereas the weights in the adjacency matrix of the clinicians
result from averaging the ratings of clinicians on a scale from 0 - 10.
For this reason, to compare the empirical network to the PCR network we consider only the relative magnitude of the weights. That is,
are the edges that are relatively strong in one network also relatively
strong in the other network?
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Figure 5.3: This scatterplot depicts the relationship between the values of the
PCR network and the empirical network. The values on the line
parallel to the x-axis represent absent edges (value of 0) in the
empirical network. The values in the lower left section represent
edges that are negative in both graphs, while those values in
the upper right section represent edges that are positive in both
graphs.

5.4 results

Because not all edges that are present in the empirical network have
been rated by the clinicians, we calculated the correlation between the
weights in both networks only for those edges that had actually been
rated by the clinicians. This results in a correlation of r = 0.43. This correlation is likely to be a lower bound estimate for the correspondence
between networks, because the graphical lasso indiscriminately sets
edges to zero when they contribute insufﬁciently to model ﬁt (this
produces the horizontal pattern of points in Figure 5.3), while the
PCR network provides continuous variation across all edge weights.
This leads to restriction of range in the graphical lasso estimates,
which is well known to attenuate the correlation coefﬁcient. Therefore,
we also looked at the relationship between the edges that are present
in both networks and as such cannot be affected by restriction of range
(i.e., only those values that are located away from the horizontal axis
- corresponding to the value zero - depicted in Figure 5.3). This correlation coefﬁcient equals r = 0.73, mainly driven by the fact that most
positive edges in the empirical network were also attributed positive
edge weights by the clinicians and most negative edges in the empirical network were attributed negative weights. When zooming in on
the correlation of only the negative edges present in both networks
(depicted in the lower left section of Figure 5.3) or only the positive
edges present in both networks (depicted in the upper right section of
Figure 5.3), the correlation coefﬁcient equals 0.57 or 0.62, respectively,
indicating moderate correspondence. This suggests that the PCR network and the empirical network align strongly in terms of the signs
of relations between variables, moderately in terms of the magnitude
of these relations, and feature a weak-to-moderate correspondence
when the patterns of structural zeroes induced by the graphical lasso
is not accommodated for.
To integrate the empirical and PCR networks, we applied the constrained estimation approach described in Hinne et al. (2014), i.e. the
PCR-constrained estimation of the empirical network. Because this
integration requires a design in which ever edge is assessed by both
of the relevant techniques, we could only apply this technique for the
three subnetworks that had been both completely rated by experts
and assessed empirically (see Methods section). In this constrained
estimation approach, ﬁrst the symmetric PCR adjacency matrices are
used to deﬁne the probabilities of connections for each node pair.
Second, a thousand constrained networks are generated at random,
using these symmetric PCR scores of each edge as its probability.
Third, we use the R-package BDgraph to estimate the empirical network weights, given the provided structure. Fourth, we average the
estimated networks across the generated samples, to come up with
the Bayesian model average estimated network.
Figure 5.4 shows the resulting networks, next to the networks as
estimated by the graphical lasso for comparison. Qualitatively, these
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Figure 5.4: The upper row depicts the estimated PCR-constrained networks following
Hinne et al.(2014) for the three subgroups of fully rated networks. The bottom
row depicts the empirical networks as estimated by the graphical lasso technique applied in the Deserno et al. (2017) study, but here split into the three
subgroups according to the rating task of the current study.

ﬁgures conﬁrm that the perceived causal relation structure overlaps
greatly with the networks obtained from questionnaires. Only a handful connections are absent in the constrained approach and present
in the lasso estimates or vice versa. The connections with a difference
larger than 0.1 are:
Subgraph 1
• from depressed mood to self-harming behavior
• from problems with delusions to self-harming behavior
Subgraph 2
• from psychological well-being to insistence on sameness
• from having a friend to reduced contact
• from visiting friends to reduced contact
• from sexual well-being to social satisfaction
Subgraph 3
• from satisfaction with not working to relational problems
• from general satisfaction with life to depressed mood
• from psychological well-being to depressed mood
• from satisfaction with not working to problems with developing skills
• from problem with living situation to satisfaction about living situation
Interestingly, for the latter two subnetworks, those connections that
are excluded by the PCR-constrained estimate, but are present in the
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graphical lasso estimate, correspond mostly with negative partial correlations. A possible explanation for this effect is the presence of missing common-cause variables in the subnetworks (Pearl, 2010), as all
the variables of the other two subnetworks are absent. This induces
negative connections to which the constrained approach is more robust.
5.5

discussion

The current network study is the ﬁrst to compare how clinicians think
that autism symptoms and wellbeing are interrelated with how they
are interrelated in empirical data based on self-reports by individuals
with autism. Results suggest a moderate to strong alignment of the
networks arrived at through both approaches, suggesting that clinician networks and empirical networks may, at least in part, point
to the same underlying structure of causal relations. The moderate
convergence of these methods also suggests that promising insights
are readily available through a synergy between PCR networks and
empirical networks, which could capitalize of the strengths of both.
This indicates that the integration of these techniques is a promising
methodology that should be further studied, and we have provided
the ﬁrst workable solution to this challenge through the Bayesian constrained estimation approach. Finally, the current study provides the
ﬁrst validation study of widespread network estimation procedures
(i.e., regularized network estimation; Epskamp et al., 2018) to use independent sources of data, by comparing it to PCR methodology to
assess expert ratings of causal connections. The alignment between
the empirical network and the PCR methodology supports the validity of both methods, although research investigating sources of divergence is naturally called for as well.
In this study, the PCR network revealed the causal model autism
clinicians adhere to when they think about the interrelatedness of
autism symptoms. Results suggest that, in the ﬁrst place, reduced social
insight is seen as the underlying cause of the other autism symptoms
in the network. Other than that inﬂuence of reduced social insight, the
autism symptoms are not attributed any strong incoming connections.
Rather, they appear to be seen as exogenous variables, which cause individual differences in well-being and daily functioning, but are not
themselves caused by the other variables in the system. This would be
consistent with the plausible idea that autism symptoms arise from
sources external to the current networks. In addition, two pairs of
autism characteristics are connected by strong feedback loops (reduced
social insight with violations of social conventions, and reduced empathy
with reduced social contact) suggesting the plausible hypothesis that
these problems mutually reinforce each other. A strong impact on domains of well-being and daily functioning, on the other hand, is also
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attributed to the autism symptom insistence on sameness, which has
causal connections to e.g., problems with daily functioning and problems
with relationships.
Second, the clinicians’ choices regarding the factors that they would
make their target of intervention (depression, reduced social insight,
and aggressive behavior) were related to the respective centrality of
these nodes in the PCR network. The factor that ranked highest among
all choices was also the most central factor in the PCR network: depressed mood. This is in line with literature demonstrating that clinicians causal reasoning when dealing with diagnostic information concerning mental disorders is related to the causal model they adhere
to (de Kwaadsteniet & Hagmayer, 2017; Proctor & Ahn, 2007; Flores
et al, 2014).
Third, we found that the way clinicians perceive cause-effect relations between autism symptoms, well-being, and domains of daily
functioning is fairly similar to the interrelatedness of these factors
found in empirical data. All links that are present in both the empirical network from Deserno et al (2017; Chapter 3) and the current
PCR network, are attributed similarly weighted cause-effect ratings
by the clinicians as their edge weights found in the empirical data.
At the same time, this suggests that clinicians are aware of the speciﬁc impact certain variables in the well-being network have on each
other, and that the empirical network may pick up the relevant relations as well. This ﬁnding is concordant with earlier research, which
has suggested that clinicians’ personal cause-effect models affect their
diagnoses (Kim & Ahn, 2002) as well as their judgement of the effectiveness of a speciﬁc intervention (Ahn et al., 2009; Yopchick & Kim,
2009; De Kwaadsteniet et al., 2010). The congruence of these causeeffect ratings with the relationships found in empirical data suggests
that there are no major gaps between the two concerning those relationships that are present in both networks. It is important to note
that not all possible edges in the well-being network were rated by
the clinicians, so we are unable to assess to what extent this result
generalizes to parts of the network that have not been rated.
When interpreting the similarities and differences of these networks,
several limitations deserve mention. First, splitting up the network in
three parts for reasons of feasibility resulted in leaving out many pairings of factors for the PCR scale. This means that, as mentioned in the
Results section of this chapter, not all connections present in the empirical network have been rated by the clinicians. When setting up
the study, we chose large rater groups above a complete rating of
the empirical network, which safeguards reliability of the estimated
network structures but limits the breadth of the investigation. Future
studies, however, might focus on the latter if they aim to advance
the thorough comparison of these two type of networks, or may at-
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tempt to develop optimal ways of distributing raters across parts of
the network to optimize reliability and breath jointly.
Second, it is important to note that the centrality of nodes in the
empirical network indicates the importance of a node for the given
network structure within the autism population as it is mainly based
on self-reported data of people with an autism diagnosis. This means
that, for example, suffering from depressed mood, which is highly
central, impacts the state of all other factors in the network for this speciﬁc population (assuming that the variable in question indeed form a
causal system with symmetric effects). It does not reveal information
about whether this is a distinct feature of the network with respect
to other populations. For example, when researching a network of
factors in the general population and we look at what might be a central predictor for being a successful basketball player, the network is
likely to reveal that someone’s height plays an important, i.e., central,
role. When looking at the same network of predictors in a sample of
professional basketball players, their height will probably not be as
central in this population-speciﬁc network as they do not vary much
in terms of height. In the same vein, the PCR network might differ
from the empirical network in terms of centrality of certain nodes as
clinicians might have rated all connections aiming to represent what
nodes are important for the autism population compared to other
clinical populations or typically developing people.
Third, in this study we were able to reach out to highly experienced
experts in the autism ﬁeld: the knowledge that we combined into the
PCR network was based on about 14 years, on average, of clinical
work with people with an autism diagnosis. This is a very speciﬁc
sample of experts, of course, which limits the generalizability of the
ratings to, for example, other mental health professionals or general
practitioners (Nicolaidis et al., 2015). Another important factor regarding the generalizability of our results concerns the choice of what factors to include in the PCR rating task. In the current study, this choice
was a priori limited by the available data that our empirical network
was based on, i.e. the questionnaires that were implemented in the
treatment monitoring systems of a Dutch autism clinic (Deserno et
al., 2017; see Chapter 3).
In sum, we have presented a useful way of translating clinical expertise in the autism realm into quantitative information and hereby
illustrate a promising way to integrate clinicians’ knowledge into scientiﬁc studies. Future studies could use these tools to quantify different types of knowledge. For example, as many voices have been
campaigning for more participatory research in (not only) the autism
realm, the PCR methodology could be used to build new models and
generate hypotheses in cooperation with groups of autistic people or
any other knowledgeable informant. Advances in this methodology
could even result in a tool worth implementing in treatment and di-
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agnosis. The schematic representation of cause-effect models might
beneﬁt both clinician and client in any mental health setting (see also
Kroeze, 2013). In addition, we have provided the ﬁrst validation of
psychological network estimation procedures that have been energizing different clinical ﬁelds in psychological science. The combination
of empirical networks and PCR ratings offers a promising framework
to assess the validity of network structures found in empirical data.
However, in order to structurally compare these type of networks, it
is important to develop advanced statistical techniques in future research. Here, we illustrate what important insights are to be gained
into the causal interrelatedness of autism and well-being by using
the PCR methodology alongside empirical data. We are convinced,
however, that the complementary use of quantiﬁed clinical expertise
and self-reported data might offer novel opportunities to study the
workings of any multi-causal complexity in clinical psychology.

SLEEP DETERMINES QUALITY OF LIFE IN
A U T I S T I C A D U LT S : A L O N G I T U D I N A L S T U D Y

6.1

abstract

Many individuals with autism report generally low Quality of Life
(QoL). Identifying predictors for pathways underlying this outcome is
an urgent priority. We aim to examine multivariate patterns that predict later subjective and objective QoL in autistic individuals. Autistic
characteristics, comorbid complaints, aspects of daily functioning and
demographics were assessed online in a two-year longitudinal study
with 598 autistic adults aged 17-83. Regression trees were ﬁtted to
baseline data to identify factors that could predict QoL at follow-up.
We found that sleep problems are an important predictor of later subjective QoL, while the subjective experience of a person’s societal contribution is important when it comes to predicting the level of daily
activities. Sleep problems are the most important predictor of QoL in
autistic adults and may offer an important treatment target for improving QoL. Our results additionally suggest that social satisfaction
can buffer this association.
6.2

introduction

Low Quality of Life (QoL) is a primary problem in autistic adults
(Van Heijst & Geurts, 2015, Ayres et al., 2017) and improving scientiﬁc
insight into this phenomenon is urgent. Our current understanding
of longitudinal trajectories of QoL in autistic adults, however, remains
limited (Drmic et al., 2018). This is the case for at least two reasons.
The ﬁrst concerns the lack of good data. Although the past decade
has featured intensive investigation into the identiﬁcation of characteristics involved in outcomes of autistic adults, reported ﬁndings are
variable and sometimes even contradictory (e.g., Moss et al., 2017;
Van Heijst & Geurts, 2015). Additionally, existing studies were mostly
cross-sectional in nature (but see Moss et al., 2017 and Woodman
et al., 2015) and focused on the relationship between speciﬁc characteristics and ’objective’ QoL (e.g., independent living or the level
of employment) instead of subjective QoL, i.e. the subjective evaluation of one’s QoL. This focus risks neglecting the lived experience of
autistic adults as an equally important source of information. Thus,
0 Submitted as: Deserno, M.K., Borsboom, D., Begeer, S., Agelink van Rentergem, J.A.
& Geurts, H.M. (under review). Sleep determines quality of life in autistic adults: A
longitudinal study. Revision submitted for Autism Research.
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currently available data omit important aspects of QoL or lack longitudinal information necessary to identify predictors of QoL. The
autism research community has therefore advocated the collection of
large-scale longitudinal data on this population (see e.g., goals of the
EU-AIMS Longitudinal European Autism Project) to illuminate the
relationship between behavioral measures, demographics, and later
QoL in autistic adults.
A second problematic issue is that impaired QoL, as observed in
autistic adults (Moss et al., 2017), exhibits a highly complicated and
heterogeneous causal background: a host of cognitive, social, environmental, biological, and health-related variables likely contribute
to lower QoL, and do so in multiple time-dependent patterns of reciprocal interactions. Given this highly complex etiology, identifying
predictors for pathways underlying QoL in the autism population requires the use of advanced multivariate statistical methodology that
so far has not been employed.
The current study meets the above problems by applying a datadriven approach to uncovering subtypes in multivariate patterns associated with longitudinal changes in QoL. The analysis is executed
on unique longitudinal data from the Netherlands Autism Register
(NAR). The NAR is a register that contains repeated assessments of
behavioral traits, life events, and health history of a comparatively
large sample of autistic individuals. Using a data-driven methodology in this cohort, which covers the entire adult lifespan (17-83 years),
we investigate whether we can identify characteristics that predict
later QoL in autistic adults from patterns in autistic characteristics,
comorbid complaints, aspects of daily functioning and demographics.
6.3
6.3.1

methods
Sample Descriptives

Participants were volunteers of the Netherlands Autism Register (NAR,
www.nederlandsautismeregister.nl/english/) which is a large lon-

gitudinal database that collects information from over 2000 autistic
individuals with an autism spectrum disorder (ASD) diagnosis of
DSM-IV or DSM-5 on a broad range of health history, life events, and
psychological traits (Begeer et al., 2013; Burke et al., 2015; see also
Chapter 2). Participants are invited to complete a battery of questionnaires on an annual basis. In the present study, we included N=598
participants for the analysis with subjective QoL as an outcome variable and N= 544 for the analysis with objective QoL as an outcome
variable. These sample sizes differ because the statistical analyses we
chose do not allow for missing values in the outcome variable. All
participants completed at least two waves of the NAR assessment
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themselves (i.e., instead of a proxy) and reported an ASD diagnosis.
Analyses in the present manuscript used data from two waves of data
collection spanning two years (2015-2017) and focuses on multiple potential predictors. The sample included twice as many participants as
comparable studies with similar analyses (e.g., Lever et al., 2015).
6.3.2

Measures

We selected a set of potential predictors covering autism-speciﬁc characteristics, comorbid problems, aspects of daily functioning, and demographics. For the analysis, we selected only those twenty-ﬁve predictors with less than 40% missing values. As we aimed to cover as
many behavioral facets of autism as possible we chose to include all
standardized questionnaires in the NAR study. First, we included the
ﬁve subscales of the Autism Quotient (Baron-Cohen et al., 2001), assessing communication, social skills, imagination, attention to detail,
and attention switching. Second, we included the ﬁve subscales of the
Sensory Perception Quotient (Tavassoli et al., 2014), i.e. vision, hearing, touch, smell, and taste. Third, we added the seven items of the Insomnia Severity Index (Bastien et al., 2001), i.e. severity of sleep-onset
and sleep-maintenance difﬁculties, satisfaction with current sleep pattern, interference with daily functioning, noticeability of impairment
attributed to the sleep problem, and the degree of distress caused by
the sleep problem. Participants were asked to rate these items on a
5-point Likert scale: (1) not at all, (2) a little, (3) somewhat, (4) much
(5) very much. All three questionnaires have been assessed within
the 2015 wave of the NAR study, here referred to as T0. We furthermore selected a set of 8 single items to cover a wide range of domains related to QoL (Mason et al., 2018; see also Chapter 2), such as
comorbid mental and physical diagnoses, subjectively perceived societal contribution, educational context, living situation, satisfaction
with social contacts, and age. These domains were all separately assessed within the 2016 wave of the NAR study, here referred to as T1.
Subjective QoL was measured with an item assessing how satisﬁed
participants were with their own life (Begeer et al., 2017; Bartels &
Boomsma, 2009). This item was answered on a 5-point Likert scale:
(1) always or almost always happy, (2) more happy than unhappy, (3)
equally happy and unhappy, (4) more unhappy than happy or (5) always or almost always unhappy. We selected an item assessing level
of daily activities as an operationalization of objective QoL based on
a 4-point scale: (1) unemployed, (2) supported daily activities, (3) unpaid daily activities, and (4) paid daily activities. Data on these items
were available at multiple time points. To use the longitudinal information about autistic adults, we ran the analyses with assessments of
these outcome variables at a later wave (i.e. 2017, here referred to as
T2). In other words, we investigated whether characteristics at T0 and
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T1 predict someone’s response value to (i) satisfaction with one’s life
at T2 or (ii) level of daily activities at T2.
6.3.3

Statistical Analyses

To investigate whether we could predict inter-individual differences
in QoL at a later measurement occasion, we used regression trees
(Strobl et al., 2009). Classiﬁcation and regression trees (CART) have
been proposed as a data-analytic tool for (theory-guided) exploration
of empirical data. Partitioning of the covariate space (of all predictor
variables) is used to generate a ﬁnal set of predictor variables and cutoff values within those predictors to derive non-overlapping groups
of subjects with similar values of a selected response variable. Group
membership can then be determined by running through the hierarchy of decision nodes, which are deﬁned as those predictors that
best explain heterogeneity in the cohort. This is based on a so-called
greedy approach, which means that the best split is made at each
step, rather than taking future steps into account. Each split in the regression tree is based on the idea of impurity reduction, selecting the
exact cut-off value in the parent node that maximizes the isolation of
subjects with different response patterns in the two daughter nodes.
We set stopping criteria in estimating a regression relationship between every two variables based on multiplicity adjusted (Bonferroni)
p-values and required p < 0.001 for a split to be implemented. Regression Tree Analyses were performed using the R (version 3.4.0)
package party (Hothorn et al., 2006). Please note that the regression
tree algorithm used here employs p-values to select predictors, rather
than either initially selecting many predictor variables and pruning
the tree later, or tweaking a variable selection parameter using crossvalidation. We did perform an additional check with the exact same
predictors using a random forest algorithm to estimate the stability
of the regression tree solution with the R-package randomForest (Liaw
& Wiener, 2002). Random forests are sets of independently grown regression trees, where each tree is weighted in order to calculate each
predictor’s importance.
6.4
6.4.1

results
Subjective Quality of Life

Exploratory regression tree analyses yielded four subgroups, with
distinct patterns of values on the predictor and outcome variables.
The ﬁrst subgroup is generally happy (subgroup 1, N=225, 38%). Two
subgroups are generally neither happy nor unhappy (subgroups 2
and 3, N= 39 and 246, 6% and 41% respectively). The last subgroup
is generally unhappy (subgroup 4, N=88, 15%). The ﬁrst split shows
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that having sleep problems that interfere with daily functioning is the
most important predictor for different response values on subjective
QoL over time. In other words, sleep problems separate a subgroups
of participants who were generally unhappy to neither happy nor
unhappy from those that were neither happy nor unhappy to generally happy1 . The decision nodes are the degree to which your sleep
problems interfere with your daily functioning, the number of comorbid (psychological) diagnoses and social satisfaction. The stability of
these decision nodes was underlined by the results of the random forest algorithm: All three variables ranked among the four most important predictors (with the addition of the degree to which you worry
about your sleep problems).
Speciﬁcally, the ﬁrst split divided the sample into two daughter
nodes based on whether they felt their sleep problems were either not
at all/a little/somewhat interfering (≤2) or much/very much interfering (>2). For the severe interference group, a second split was based
on whether they reported to be satisﬁed/neutral (≤ 2) or unsatisﬁed
about their social contacts (>2). Among those who experienced mild
or no interference through their sleep problems a second split was
made based on whether they reported no or at least one comorbid
psychopathological condition. In summary, we found four groups: (1)
a subgroup of generally unhappy participants with sleep problems
and low social satisfaction, (2) a subgroup of generally happy participants without sleep problems and comorbid disorders and two
subgroups of generally neither happy nor unhappy participants who
(3) either report sleep problems, but are socially satisﬁed, or (4) do
not report sleep problems, but do report comorbid disorders. Table
6.1 depicts general descriptives for the whole sample.
6.4.2

Objective Quality of Life

Exploratory regression tree analyses yielded a tree with two decision
nodes (see Figure 6.2), resulting in three terminal nodes representing
three response values: a subgroup of participants who do work but in
an unpaid employment setting, e.g. as an intern or volunteer (N=196),
a subgroup of participants who work in a paid employment setting
(N=336) and a smaller subgroup of participants who work in a, so
called, workhome2 setting (N=10). The ﬁrst decision node (i.e., ﬁrst
split) shows that an individual’s subjectively perceived societal contribution is the most important predictor for different response values
on their level of daily activities one year later. The number of psychological comorbidities is the second decision node. The random forest
1 To improve the interpretation of the reported results we discussed the selection of
predictors and all ﬁndings with help of a feedback panel consisting of autistic adults
and professionals working with people in autism.
2 In the Netherlands, ’workhome’ refers to a supported living environment that also
incorporates a supported work environment.
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sleep interference
≤2

psych comorbidities
≤1
generally happy

N = 225

>2

social satisfaction

>1

≤2
generally neither happy nor unhappy

N = 39

>2
generally unhappy

N = 246

N = 88

Figure 6.1: Regression tree based on the NAR sample, grown with a requirement of p< 0.001 for
a split to be implemented. The response node in this tree is the ﬁve-point scale of the
satisfaction with one’s life item at a later assessment wave of the NAR study. The pvalues stem from binary association tests for variable and cut-off value selection. A low
p-value equals high impurity reduction.
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Table 6.1: Descriptives for all autistic adults in the NAR cohort participating at T0, T1 and
T2.

Variable

Descriptives

Subjective QoL

Objective QoL

(N=598)

(N=544)

Age in years

Mean / SD / range

42.8 / 15.5 / 17-83

44.2 / 14.5 / 17-82

Gender

Male / female

310 / 288

270 / 274

20% / 11% /

17% / 13% /

27% / 41%

30% / 40%

% Unemployed /
Employment

% supported / % unpaid /
% paid

AQ

Mean / SD / range

82.6 / 11.7 / 50-110

82.5 / 11.9 / 50 -110

SPQ

Mean / SD / range

44.4 / 15.4 / 3-93

44.3 / 15.5 / 3-93

ISI

Mean / SD / range

9.2 / 5.9 / 0-24

9.2 / 5.9 / 0-24

Note. QoL = Quality of Life; AQ = Autism Quotient; SPQ = Sensory Perception Quotient; ISI
= Insomnia Severity Index.

algorithm, too, ranked these variables as most important predictors
for an individual’s level of daily activities.
Speciﬁcally, the ﬁrst split separated the autistic adults in two subgroups: those that have the feeling they are unsuccessful in their contribution to society (≤5) or those that feel successful in their societal
contribution (>5). Among those that evaluated themselves as successful in their societal contribution, the regression tree analyses resulted
in a second split based on whether they reported three or less than
three comorbid psychological diagnoses or more than three comorbid
diagnoses.
6.5

discussion

This study shows that experiencing sleep problems is associated with
lower later subjective QoL, while the feeling that one cannot contribute to society and reporting psychological comorbidities predict a
lower level of daily activities one year later.
The ﬁnding that sleep problems are highly predictive of subjective
QoL resonates with the fact that the role of sleep in autism has become a subject of recent attention in the scientiﬁc literature. Between
44 and 86 percent of children with autism have difﬁculty falling or
staying asleep (Maxwell-Horn & Malow, 2017; Richdale & Schreck,
2009), which makes sleep problems one of the most urgent concerns
in daily life with autism. The current study underscores the importance of these problems as determinants of future QoL. Simultaneously, our results regarding ’objective’ QoL highlight the importance
of establishing an individualized context where autistic adults feel

90

later quality of life in autistic adults

societal
contribution
≤5

>5

psychological
comorbidities
≤3
volunteer / unpaid employment

N = 198

paid employment

N = 336

>3
workhome2 setting

N = 10

Figure 6.2: Regression tree based on the NAR sample, grown with a requirement of p< 0.001 for a
split to be implemented. The response node in this tree is the ﬁve-point scale of level
of daily activities at a later assessment wave of the NAR study. The p-values stem from
binary association tests for variable and cut-off value selection. A low p-value equals high
impurity reduction.
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they can contribute to society. Earlier research has pointed in a similar
direction: creating a professional context focusing on strengths and
interests of autistic individuals boosts self-esteem and social engagement (Diener et al., 2015; Lee & Carter, 2012) which, in turn, might
help individuals to reach their full potential in meaningful work.
A second important ﬁnding in our study contrasts with what one
might expect: the severity of autistic symptoms was not selected in
the predictive model for QoL. Thus, although it is often hypothesized
in the literature that the severity of autistic symptoms predicts later
outcome, autism-speciﬁc characteristic did not appear to be a strong
predictor for future QoL in this autistic sample. Further studies are
necessary to replicate this conclusion which, if correct, is of considerable importance.
Third, we found that 38% reported that they are generally happy
and 15% of the participants actually reported that they are generally
unhappy, which seems in contrast with the starting premise of this
study that the majority of autistic adults reports a low QoL. However,
previous studies have reported similar observations suggesting that
measures focusing on subjective QoL instead of objective outcome
measures do not show a substantial difference in self-reported QoL
for autistic individuals compared to the general population (Moss et
al., 2017; Hong et al. 2016).
The clinical utility of multivariate analyses in outcome ultimately
rests on their value in helping guide intervention decisions. Since our
data-driven approach yields groups of individuals that share their
experience of subjective QoL or their objective QoL, it might offer
one way forward for considering new targets with the aim to improve the QoL of autistic adults. In addition, although our ﬁndings
are correlational, sleep problems may in fact be causally associated
with autism symptoms, rendering possibilities for causal intervention.
A recent study suggested a relationship between parent-reported reduced amounts of sleep and increased severity of the classic difﬁculties associated with autism (social/communication impairment and
repetitive behaviors), maladaptive behaviors and other psychiatric comorbidities in children with autism (Veatch et al., 2017). The directionality of this relation is still to be determined and would require
large, well-controlled studies that investigate subsets of autistic participants based on their sleep issues. The results of our study, however,
suggest that intervening on the daily consequences of sleep problems
and getting back on a regular sleeping schedule might improve quality of life for autistic individuals. In addition, our ﬁnding that psychological comorbidities matter for the quality of life in autistic adults is
in line with current care guidelines highlighting that we should treat
symptoms of comorbid conditions rather than autism characteristics.
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6.5.1

Limitations

One limitation of our study is that we were constrained to a speciﬁc
set of symptom data and environmental factors for determination of
multivariate pathways. For example, the wide range of scores regarding QoL in some subgroups suggests that there might be other predictors which could result in another informative subgroup split. Moreover, recent studies have highlighted the importance of validating existing measures for outcome in the autism population (McConachie
et al., 2018; Ayres et al., 2017; Cottenceau et al., 2012) so that we
can make sure study results inform us on appropriate targets. Future
research should replicate these ﬁndings in an independent sample,
expanding the sample size and input features to establish a valid and
clinically viable taxonomy for QoL in autism.
A second limitation might be that often individuals have a longterm level of happiness to which they always spontaneously return
after life events of either valence (Diener & Diener, 1996). This has
implications for the assessment of change in happiness-related measures in any population. In order to test detailed temporal dynamics
one would need a large number of time-points with shorter time intervals. Future research on QoL in autistic adults could explore what
impact the identiﬁed factors have on the short-term dynamics of QoL
with e.g., experience sampling data. Nonetheless, our results provide
ﬁrst insights that can guide future research on predictors of subjective
and objective QoL.
In conclusion, this study illustrates how regression tree analyses
can be utilized to inform us on what factors should be targeted when
aiming to increase QoL in autistic individuals. Our results speciﬁcally highlight the importance of sleep problems for subjective QoL,
the presence of comorbid diagnoses, and the feeling that one can contribute to society for objective QoL. Using the identiﬁed paths, we can
further investigate whether targeting malleable factors, such as sleep
quality, can indeed improve the lifespan QoL of autistic adults.

L O N G I T U D I N A L D Y N A M I C S I N AT Y P I C A L
D E V E L O P M E N T: M U T U A L I S T I C C O U P L I N G I N
AUTISM?

7.1

abstract

Autism is a behaviorally-deﬁned neurodevelopmental condition based
on diagnostic criteria such as social and communication difﬁculties
and restrictive and repetitive behavior. Currently, the ﬁeld is moving
away from the theoretical stance that these behaviors have a common
cause, yet little is known about the dynamic processes that drive the
co-development of these characteristics. Using a longitudinal design,
the aim of the study presented here was to model the parallel growth
of social and non-social autism-related behaviors in a cohort of infants
at-risk for atypical development. Receptive language and ﬁne motor
skills were assessed on four measurement occasions in a group of
239 infants (122 girls and 117 boys, aged 6-36 months). Latent growth
curve analyses were applied to investigate the cross-domain coupling
of longitudinal changes in these domains. Our results suggested that
improvement in language goes hand-in-hand with improvement in
motor skills, and vice versa. We did not, however, ﬁnd compelling
evidence for mutualistic coupling between these skills. Group differences were observed in the variance of baseline levels of both language and motor skills, such that the at-risk rates of change suggest
the possibility of further latent heterogeneity. Our results also suggest
that those children who go on to receive a diagnosis of atypical development at age three are not speciﬁcally characterized by increased or
decreased coupling between language and motor skills.
7.2

introduction

What captures our attention automatically and what we choose to
attend to inﬂuences the way we experience and perceive the world
around us. This, in turn, impacts the course of brain and behavioral development. For example, young children suffering from language impairments may also show atypical behavior in other domains, such as impoverished social skills due to reciprocal adverse
effects of language limitations. Whereas traditional approaches often
consider development as simple, linear systems, a complex systems
0 Deserno, M.K., Fuhrmann, D., Borsboom, D., Begeer, S., Geurts, H.M., Bedford, R.
& Kievit, R.A. Longitudinal dynamics in atypical development: Mutualistic coupling in
autism? In preparation.
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approach might be better suited for capturing developmental phenomena such as equilibration (Piaget, 1978; e.g., reﬁning mental structures), self-organization (Köhler, 1940; Lorber et al., 2014; in the domain of learning) or emergence (Anderson, 2008; Van der Maas, 2006;
in the domain of higher-order phenomena such as intelligence). The
complex systems toolbox aims to capture the interaction between genetic, physiological, and social modes of functioning that might contribute to typical or atypical brain and behavioral development. In
the current study, we investigate behavioral cross-domain coupling
in infants at risk for atypical development. ’Coupling’ is a term commonly used on longitudinal SEM models (e.g. McArdle & Hamagami)
and captures the extent to which growth in one domain or variable is
governed by the starting point in another.
In the last decade, a growing body of developmental literature is examining developmental changes from this perspective, attempting to
capture the complex interrelations of developmental processes (Johnson, 2017; Kievit et al., 2017; Van der Maas, 2017). For example, atypically high performance in one domain, such as the savant abilities
associated with some autistic phenotypes (e.g., heightened perception of detail or hyperlexia), may dampen the rate of development in
motor domains (resulting in e.g., motor stereotypies; Ploeger, 2009).
This is an example of negative coupling. A promising avenue to pursue from this perspective is the idea that observed heterogeneity in
autism is a result of small differences amplifying to produce large
differences in emergent phenotypes, similar to the heterogeneity we
observe in typically developing individuals (Oliver et al., 2008). This
interpretation is analogous to the mutualism model (Van der Maas
et al., 2006), which proposes a network of multiple interacting and
mutually reinforcing factors contributing to development of cognitive abilities. Notably, simulations demonstrate how small dynamic
effects in these mutualistic causal pathways can amplify over time,
and lead to developmental discontinuities.
One of the ﬁrst empirical investigations of such mutualism has
looked at the co-development of ﬂuid reasoning and vocabulary (Kievit
et al., 2017). The authors found strong support for the idea that variation in these cognitive domains arises through their mutual coupling.
Individuals with higher initial scores in vocabulary show greater gains
on matrix reasoning over time and vice versa (Kievit et al., 2017, with
a recent replication demonstrating even stronger effects in younger
children). A similar approach to the developmental interrelation between vocabulary knowledge and reading comprehension has shown
one-way coupling, i.e., vocabulary knowledge acts as a driving force
for an individuals gains in reading comprehension, but not vice versa
(Quinn et al., 2015).
These examples suggest that the mutualism model might offer a
fruitful empirical framework to investigate the longitudinal dynamics
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of co-developing developmental domains. Its application to the study
of atypical development, however, is scarce in the literature. One study
suggested that the developmental un-coupling of cognition and reading might be the source of learning disability in the case of dyslexic
readers (Ferrer et al., 2010). Typical readers showed bidirectional coupling, i.e. higher IQ predicted greater gains in reading comprehension, and vice versa. In dyslexic readers, mutualistic coupling was
much smaller, suggesting that the general cognitive skills of readers
with dyslexia did not increase as quickly with greater reading, nor
did their reading ability beneﬁt from general cognitive developments
to the same extent as typical controls. This ﬁnding and simulation
work (e.g. van der Maas et al., 2006) demonstrates that profound differences in phenotypes may arise purely from disruptions to the dynamic system, rather than deﬁcits within a narrow domain. Given
the magnitude of these effects, it may be plausible that other conditions characterized by atypical development, such as autism, may
also be characterized by disrupted dynamic interactions between developmental domains. To the best of our knowledge however, such
approaches have not yet been implemented in the realm of autism.
Autism is a behaviorally deﬁned condition based on impaired social communication skills and stereotypies in motor and repetitive
interests (APA, 2013). The coupled development of these domains
has often been shown in typically developing children (Iverson, 2010;
Leonard & Hill, 2014) and empirical evidence highlights the predictive association between impairments in infant motor functioning
and autism-related impairments at a later stage (Bedford et al., 2016;
Leonard et al., 2014; Brian et al., 2008). Although this attests to a growing interest in the longitudinal co-development of autism-related impairments, to the best of our knowledge no study has yet directly investigated this account of development in children with a higher risk
for atypical development. In the current study, our aim was to investigate how the co-development of social and non-social characteristics
can inform us on dynamic processes that drive atypical development.
In the long run, such informed longitudinal models could enable us
to detect developmental challenges in an early stage and intervene,
when deemed appropriate, before they self-reinforce over time. First,
we use latent growth models (Bauer, 2007) to model changes in language and motor skills and their interaction across four assessment
waves in at-risk children between 8 and 36 months of age. We also
applied multigroup growth curve model to investigate whether those
infants that develop atypically differ in their rate of change and codevelopment of these skills from those that do not.
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7.3
7.3.1

methods
Sample Descriptives

Participants were infants taking part in the British Autism Study of
Infant Siblings (BASIS, www.basisnetwork.org), an ongoing longitudinal research program with infants ’at-risk’ for atypical development.
These infants all had brothers or sisters with an autism diagnosis.
For further details of recruitment and sample characteristics, please
see Elsabbagh et al. (2013). Ethical approval for this speciﬁc study was
obtained from the Ethics Review Board of the Faculty of Social and Behavioral Sciences, University of Amsterdam (2017-BC-8386). As part
of the BASIS study, two hundred and ﬁfty infants completed a battery
of assessments at 8, 14, 24, and 36 months of age. We included all 239
participants (117 boys, 122 girls) who completed at least three assessments of the Mullen Scales of Early Learning (MSEL; Mullen, 1995)
and the Autism Diagnostic Observation Schedule - Generic (ADOS-G;
Lord et al., 2000) and whose diagnostic outcome had been assigned
at 36 months. A group of expert clinical researchers reviewed all
information gathered about an infant at the 24 and 36 months assessment (including MSEL, ADOS, and Vineland Adaptive Behavior
Scales (VABS; Sparrow et al., 2005)). These experts then decided on
the best estimate diagnosis according to DSM-5 critera (APA, 2013)
and ICD-10 criteria (WHO, 1993). Based on these diagnostic classiﬁcations, the sample was split into two subgroups: 74 atypically developing infants and 165 typically developing infants. At 6 months
the infants eventually classiﬁed as atypically developing scored 10.18
(SD=5.24) on the Autism Observation Scale for Infants (AOSI) on average, compared to a mean of 7.51 (SD=4.36) for those who develop
typically (t(118.23)=-3.80, p<0.001). . At 36 months the atypical group
had an average score of 9.2 (SD=5.18) on the ADOS while the typical
group scored 3.86 (SD=3.31;t(97.33)=-8.09, p<0.001). Please see Bussu
et al. (2018) for more details on classiﬁcation and sample descriptives.
Note that those infants classiﬁed as atypically developing did not
necessarily all meet criteria for an autism diagnosis.
7.3.2

Measures

We focused on two subscales of the Mullen Scales of Early Learning
(MSEL), a widely used and well-validated measure of cognitive functioning for children with developmental disabilities (Mullen, 1995).
The MSEL is a standardized test for testing receptive and expressive
language, visual reception, and gross and ﬁne motor skills for the age
range of 0 to 68 months. The assessment is conducted in the presence
of the infant’s parent. We selected two subscales representing a social
and a non-social developmental domain, i.e. the receptive language
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subscale and the ﬁne motor subscale. The ﬁne motor subscale spans
33 items assessing skills ranging from evidence of reﬂexes to drawing a triangle. The receptive language subscale has 33 items assessing
skills ranging from comprehension, memory, and reﬂexes to noise.
Four clinical researchers reviewed all information gathered at 24 and
36 months to determine diagnostic outcome (typical or atypically developing; see Gammer et al., 2015 for more details).
7.3.3

Modeling framework

The trajectories of the MSEL domains were then modelled using various latent growth curve models (LGM). Models were estimated using
the R-package lavaan version 0.6-1 (Rosseel, 2012) in R version 3.4.0
("You Stupid Darkness"). In our models, we freely estimate the slope
factor loadings were freely estimated for timepoint 2 (14 months) and
timepoint 3 (24 months) for both language and motor. This implementation, known as ’latent-basis’ coefﬁcients, is preferred here since a)
we had no a priori hypotheses about the rate of change in these domains and b) we think it unlikely development will be purely linear.
We use robust maximum likelihood estimator with a (Huan-Bentler)
scaled test-statistic and robust (Huber-White) standard errors to account for deviations from multivariate normality. In this second step,
we ﬁt a multigroup growth curve model to test for group differences
in individual parameters of the model. We used the full information
maximum likelihood estimator (FIML) to account for missingness.
To assess model ﬁt we inspected the Comparative Fit Index (CFI),
the Root Mean Square Error of Approximation (RMSEA) and the
Standardized Root Mean Squared Residuals (SRMR). These indices
are usually interpreted as follows (Hu & Bentler, 1999): CFI (acceptable 0.95-0.97, good > 0.97), RMSEA (acceptable < 0.08, good < 0.05),
SRMR (acceptable 0.05 - 0.10, good < 0.05).
7.4

results

Figure 7.1 shows the domain-speciﬁc trajectories for the complete
sample (N= 239) on the Fine Motor subscale of the MSEL (left) and
the Receptive language subscale (right).
Receptive Language and Fine Motor latent growth curve model.
Since we were interested in potential dynamic relations between
the co-development of language and motor skills, we model their
growth trajectories simultaneously. First, in order to analyze the mean
growth trajectories of these domains, we ﬁt a parallel process model
(see Figure 7.2) to the full sample. This model regresses the slope of
one domain on the intercept of the other domain ? Coupling would
suggest that higher intercepts in one domain are associated with
greater gains in another. This latent growth curve approach often
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Figure 7.1: Trajectories for Receptive Language (RL) and Fine Motor (FM)
development (Mullen Scale of Early Learning) over four assessments at (on average) 8, 14, 24, 36 months of age in 239 children
at risk for atypical development.

yields more reliable convergence than similar models such as the dual
change score model (McArdle, 2009; Kievit et al., 2018) and as such as
more suitable for modeling an atypical sample with a moderate sample size (note that the BLCS, BDCS and PPM can be expanded and
restricted to yield equivalent model speciﬁcations, but for the purpose of simplicity we will consider them as distinct in their canonical
form). Notably, this parallel process model can capture similar coupling effects as the latent change score model This model showed
acceptable ﬁt: X 2 (16)=37.66, p = 0.002; CFI = 0.966; RMSEA = 0.074;
SRMR=0.068.
There was signiﬁcant variation in the intercepts of language and
motor skills, indicating individual differences in baseline levels of
these developmental domains at timepoint 1 (6 months on average).
There was signiﬁcant growth in both language and motor skills as
well as signiﬁcant variation in the growth trajectories of these domains, as indicated by the slope statistics (Table 7.1). The positive
(signiﬁcant) correlation between the two slope parameters (Table 7.1)
suggests that more growth in one domain was associated with more
growth in the other, suggesting co-development of the distinct domains. However, contrary to our hypothesis, we did not ﬁnd significant cross-domain coupling between intercepts and slopes of language and motor skills. This indicates that, in the current sample,
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Figure 7.2: Parallel process model for receptive language (RL) and ﬁne motor (FM) with freely estimated slope factor loadings at 14 and
24 months, error variances and structured residuals. Latent variables such as the intercepts (i) and slopes (s) are shown as circles,
and observed variables are represented by rectangles (with numbers 1-4 referring to the respective measurement occasion).

there is no signiﬁcant driving effect of one of these domains on the
development of the other over time.
Multigroup growth curve model.
In a second step, we tested for differences and similarities between
children that develop atypically (N=73) and those that develop typically (N=165) by testing multigroup LGMs. In these model comparisons, we tested for group differences in speciﬁc parameters while
constraining all other parameters in the model to be equal across
the two groups. We start out with a model in which all parameters are equality constrained. If this is an adequate approximation,
model comparison will prefer such a simpler model. If the model
does not seem to have adequate ﬁt, we can subsequently free speciﬁc
parameters to examine whether estimating them independently for
both groups leads to an improvement in ﬁt greater than expected by
chance in which case we can assume that the two groups differ on
the relevant parameter of interest. Our ﬁrst multigroup model with
equality constraints on the intercept, slope and structured residual
parameters across groups did not ﬁt the data well, see Table 7.2 for
the different models we subsequently tested based on the CFI.
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Table 7.1: Group level parameters (intercept [i] and slope [s]) for the parallel process model with Receptive Language (RL) and Fine Motor
(FM).

Parameters

Estimate

p

iRL

9.688

<0.0001

sRL

24.737

<0.0001

iFM

11.995

<0.0001

sFM

22.689

<0.0001

Covariances

Standardized

p

sRL∼∼sFM

0.963

<0.0001

iRL∼∼iFM

0.763

<0.01

Regressions

Standardized

p

sRL∼∼iFM

0.079

0.648

-0.127

0.445

sFM∼∼iRL

Parameters

df

X2

p

AIC

BIC

RMSEA

CFI

All constrained

60

219.555

<0.001

9213.379

9310.602

0.149

0.693

56

164.097

<0.001

9164.140

9275.253

0.127

0.792

55

153.853

<0.001

9159.511

9274.096

0.123

0.810

54

163.249

<0.001

9147.726

9265.783

0.130

0.790

53

144.592

<0.001

9145.078

9266.608

0.121

0.824

52

145.697

<0.001

9146.729

9271.731

0.123

0.820

46

125.380

<0.001

9139.145

9284.980

0.120

0.847

44

114.423

0.000

9138.422

9291.202

0.116

0.865

Free intercepts
and slopes
+ free RL
intercept var
+ free FM
intercept var
+ free RL
slope var
+ free FM
slope var
+ free error vars
+ free structured
residuals

Note. df = degrees of freedom; AIC= Akaike Information Criterion; BIC=
Bayesian Information Criterion; RMSEA = Root Mean Square Error of Approximation; CFI = Conﬁrmatory Fit Index.
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Figure 7.3: Group differences in model parameters for receptive language
(RL) and ﬁne motor (FM) for those children who develop typically versus those who develop atypically over time..

This suggests that the groups differ in both person-speciﬁc and
time-speciﬁc components of change: they differed in their mean intercept at both FM and RL, their growth trajectories of FM and RL (see
Figure 7.3) and their time-speciﬁc residuals of the observed repeated
measures. The groups did not differ in the covariance of intercepts between both domains, or in the cross-domain covariance between FM
and RL, i.e. the intercept of FM and the slope parameter of RL, and
vice versa. We did not ﬁnd evidence for differences in cross-domain
coupling that drive group differences. We did, however, ﬁnd group
differences in the intercept and slope variance in both domains: the
atypically developing group display a much wider range of starting
values and growth rates for both RL and FM (see Figure 7.3). This
ﬁnding, combined with very strong correlations between the slopes,
suggests that dynamic processes amplify small differences between
individuals at 6 months result into (very) large individual differences
in autism symptomatology at 36 months.
7.5

discussion

We examined parallel longitudinal changes in language and motor
skills in children at-risk for atypical development. The results indicated that development of both language and motor skills could be
captured by a non-linear latent growth curve model, in which there
was positive growth, but with considerable individual differences in
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both starting point as well as the rate of development over time in
both domains. Changes in language co-varied strongly with changes
in motor skills. Contrary to our hypothesis, we did not ﬁnd compelling evidence for mutualistic coupling between these skills: Children’s current motor skills did not seem to affect the rate of change
in language skills or vice versa. Infants who later receive a diagnosis of atypical development at age three were not speciﬁcally characterized by increased or decreased coupling between language and
motor skills compared to their peers. We observed group differences,
however, in the variance of both baseline levels and trajectories of language and motor skills - The group of infants developing atypically
showed a much wider range of trajectories and starting values than
the group of typically developing children.
These differences could be driven by differences in coupling strength:
basic simulations with different coupling strength values have shown
that higher values result in a larger variance of scores over time (http:
//brandmaier.de/shiny/sample-apps/SimLCS_app/). Our results suggest that the interplay between ﬁne motor skills and language skills
(as assessed by the MSEL) does not differ between infants that end
up with or without developmental atypicalities. It might very well
be that these speciﬁc behavioral features and their interplay at the
assessed developmental stages do not provide good prognostic values for atypical development. Chawarska et al. (2014), for example,
found that the combination of six behavioural features (i.e. repetitive behaviours, eye contact, intonation, gestures, giving objects and
spontaneous pretend play) show high predictive accuracy (83%) for
the identiﬁcation of autism, but poor eye contact or limited gestures
alone did not show good predictive value. Estes et al. (2015) have,
furthermore, shown a pattern of atypicalities in the sensorimotor domain at 6 months which then shifts to the social-communication domain after 12 months of age, suggesting another temporal ordering
of the interplay of these domains. Future work should investigate dynamic coupling in different sets of developmental domains affected in
autism, and possibly of higher temporal resolution, to evaluate these
dynamics in different domains and on different timescales.
7.5.1

Limitations

Several potential explanations for the absence of mutualistic coupling
between language and motor skills in this cohort might be related to
the constraints of the data. One of these constraints is related to the
small number of children developing atypically, resulting in group
comparisons with N=165 typically developing children versus only
N=73 atypically developing children. It is also important to note that
our results are inevitably dependent on the measures of language
and motor skills that we used. The extent to which our measure is
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sensitive to change deﬁnes the likelihood to ﬁnd evidence for coupling between the two domains. Another constraint is related to the
within-timepoint variance of infant age: the age range within assessments was 2 months on average. Given that cognitive development in
these early years is quite rapid and highly individual, these age differences could obscure group-level effects in the current study. Landa
et al (2012), for example, found four distinct developmental trajectories across multiple developmental domains, which could very well
mean that it is essential to distinguish between these subgroups to
investigate differences in mutualistic coupling. Similarly, it is conceivable that mutualistic coupling between these domains occurs earlier
or later in development, resulting in other mechanisms, such as selffeedback, once (or before) a certain equilibrium of skills is reached.
It has often been suggested, for example, that healthy development
up until 6 months of age does not protect against atypical development, especially for infants with autism (Landa & Garett-Mayer, 2006;
Ozonoff et al., 2010; Young et al., 2009). Future studies should further
investigate these timeframes and their domain-speciﬁcity in autism.
Exploring cross-domain coupling parameters across the life span is
a fruitful framework to advance our understanding of (a)typical development. Potentially, differences between typically and atypically
developing infants in the interplay of a set of developmental domains
over time could be investigated by looking at group-speciﬁc network
structures with network analytic tools (Borsboom & Cramer, 2013). As
we advance our understanding of developmental patterns in autism,
we can eventually work towards empirically grounded diagnostic algorithms (Landa et al., 2012). In addition, these advances might pave
the way towards more formal (hierarchical) models connecting different levels of factors and mechanisms that drive atypical development
and its consequences.
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Looking at the literature concerned with psychometric models, the
ﬁeld of psychological science has been in transition for quite some
time now. Inspired by theoretical developments away from reductionism alongside statistical and technical advances, a novel complexitybased paradigm has emerged and taken the ﬁeld by storm. This thesis might be considered a ﬁrst stepping stone towards the application
of statistical translations of this complexity-based paradigm to the
autism realm. More importantly, however, it might pave the way towards more formal models connecting different levels of factors and
mechanisms that drive atypical development and its consequences.
8.1

this thesis

This thesis project originates from the promise of tapping into understudied knowledge sources in the rapidly moving ﬁeld of autism
research. We were keen to explore the application of the network
approach, both theoretically and methodologically, to the wealth of
autism data collected in both clinical and research settings to ﬁnd
a new way of looking at the developmental outcome of the autistic
population. More importantly, however, we put the network toolbox
to novel use to combine and compare the knowledge and reports
of autistic individuals with information provided by clinical experts.
We studied the interrelationship within and between atypical development and well-being and found that there are unique relations that
relate autism characteristics to each other and to aspects of well-being.
More theoretically, we argued that considering atypical development
as an adaptive response to a system of factors can advance our understanding of how these different atypical proﬁles arise and how they,
in turn, impact quality of life (QoL) throughout the lifespan. Similarly, advances in modelling development enable us to ask a novel
set of questions concerned with how atypical cognitive characteristics might interact over time. Statistical models always imply a set
of assumptions about the origin and relationships among the variables under investigation. Certain kinds of information, such as the
interaction between domains in atypical development, can be entirely
obscured when choosing a different model. This thesis, therefore, illustrates what novel insights can be gained from studying atypical
development as a phenomenon that arises from interactions among
observable processes.

8

106

summary and general discussion

We outlined several data-driven analytic approaches to various levels of atypical development and outcome. Our results provoke more
ﬁne-grained hypotheses about the importance of speciﬁc tributaries
within the multivariate system of autism. In the ﬁrst two chapters
of this thesis, for example, we have provided a detailed mapping of
the multivariate system of factors contributing to how happy autistic
adults are. The resulting structures highlight the importance of opportunities to build and maintain social contact, in whatever context
and frequency. We found that insistence on sameness is the aspect
of autistic behaviors that often complicates social contact and has a
strong impact on the QoL of autistic individuals. We have explored
this output regarding its congruence with expert ratings and its longitudinal workings. We found that the inﬂuence of social satisfaction
on QoL remains over time, but our results suggested that whether or
not individuals reported sleep problems plays a more important role
when it comes to later QoL. I would like to use the concluding chapter of this thesis to discuss several implications and potential research
avenues that follow from our work.
Essentially, we are still wondering about a very fundamental question: what is atypical development and what is the best way to conceptualize and study it? The level of heterogeneity and complexity in individuals’ developmental trajectories is so prominent that researchers
and clinicians doubt whether common labels can provide much predictive utility for trajectories of atypically developing individuals. In
the case of autism, there is accumulating empirical support for viewing autistic characteristics as separable since they often occur in isolation in family members and the general population (Happé & Ronald,
2008; Ronald et al. 2006a; Piven et al. 1997; Pickles et al. 2000). An
attempt to explain the isolated occurrence of autism-related behaviors is the fractionation theory of Happé and colleagues (Happé et
al. 2006; Happé & Ronald, 2008; Brunsdon & Happé, 2014). This account proposes that autistic impairments are relatively unrelated and
caused by different cognitive problems (Happé & Ronald, 2008). Following this theoretical account, Brunsdon and Happé (2014) predict
that the (atypical) development of social (communication) and nonsocial features (repetitive behaviors and interests) should be seen as
relatively independent (see their report for a detailed review of the
empirical evidence in line and opposing this stance). In the networks
reported in this thesis, we ﬁnd unique connections between these
characteristics, suggesting that they are not completely independent,
but mutually reinforcing (see Chapter 3 and 5). Out of curiosity and
in the process of writing this discussion, we translated these opposing theoretical stances into simple testable SEM-models, using assessments of communicative deﬁcits, social impairments and repetitive
behaviors in children at-risk for atypical development based on the
Vineland Adaptive Behavior Scales (Sparrow et al., 1984). We speci-
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ﬁed the three domains as either correlated (model 1) or uncorrelated
(model 2) indicators of ADOS-scores and compared these models for
the data reported on in Chapter 7. Our results showed that a model
with social and non-social features as correlated indicators showed
signiﬁcantly better ﬁt than the one with uncorrelated indicators. This
simple analysis highlights what the work incorporated in this thesis
has attempted to show: atypical development and its consequences
are best characterized as a multivariate complex system that reveals
not only symptom-environment but also symptom-symptom interactions. We do not ﬁnd fractionation in autistic features and its consequences, but correlated characteristics that potentially inﬂuence each
other. These results pave the way for several future investigations.
8.2

the road ahead

The network focus of this thesis has proven to be a fruitful framework to shed light on the way in which these characteristics are correlated within the atypical well-being system as well as the system
of autistic characteristics itself. Having established that these systems
can best be characterised as multivariate and deﬁned by the interrelations of individual factors within the system, I would argue that a
focus on small interactions between different network features can inform us on what drives speciﬁc developmental trajectories. For now,
we have looked at within-level (behavior being one level) interactions
between behavioral aspects of atypical development in Chapter 7. It
should be noted, however, that in our choice regarding the inclusion
of factors we were limited by the available information within existing data. Although we have aimed to cover the most important components of autism and QoL, the resulting networks, undoubtedly, do
not delineate a complete picture of all relevant factors. Improving
the framework to become informative across all other levels of inﬂuence, such as genetic inﬂuences or neural antecedents, comes with
a novel set of challenges: What could be considered the exhaustive
multivariate system of tributaries to atypical development, i.e. where
does it ’end’? And, what are the mechanisms connecting different
levels that contribute to an atypical phenotype? Up until now, the
network approach does not provide clear answers to these questions.
Taken together, however, there are some promising future roads connecting these questions with the strengths of the presented paradigm
for autism research.
8.2.1

Levels of organization

Both network theory and its accompanying analytical tools are indispensable for future advances in the study of complex psychological
systems. No theory of a single risk factor for atypical development
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can turn a blind eye to the system level effects of its interrelations.
As shown in Chapter 3 and in Letina et al. (under review), there are
multiple network metrics, well-established in other disciplines, that
would be as informative in networks for psychological systems. For
instance, motif analysis (introduced in Letina et al., under review) is
aimed at investigating dominant ’patterns’ in subnetworks within a
bigger network and might be a good candidate to distinguish levels from each other. One could hypothesize, for example, that different levels reveal different patterns of organization (Eronen, 2015)
in speciﬁc developmental stages. These developmental stages could
potentially be characterized by an increase in level-speciﬁc (or local)
network reactivity to inﬂuences from other levels which could be signalled by looking at such patterns. It might be insightful to investigate the effect of within-level patterns of behavior or brain parameters at different developmental stages on the within-level pattern of
another level. The behavior of a system right before a tipping point
(Van de Leemput et al., 2014), for instance, has recently gained attention in the context of psychopathological systems that approach a
point of change, e.g. from ’healthy’ to ’depressed’. While on a substantively different timescale, this idea is much in line with studies of developmental phase-speciﬁc interactions between intra-individual disturbances and development (e.g., Johnson, 2012; Ploeger et al., 2010;
Clancy et al., 2000). The network framework enables us to study clinically relevant concepts, such as resilience in the face of challenges
to typical functioning, on a more detailed micro-level of the system.
After all, recent work has suggested that autism may be a "disorder
of sensitive periods" (Johnson et al., 2015; Kroon et al., 2013; LeBlanc
& Fagiolini, 2011).
8.2.2

Cross-level causal cascades

Mapping these patterns to different network conﬁgurations could
then help us establish some intuition on what to look for when interested in pinpointing multivariate interrelations that reveal a huge
impact on a developmental stage, within and across levels. We could
then investigate the co-development of behavioral features and speciﬁc brain parameters of interest. A theoretical paper by Johnson et al.
2015 outlines a set of hypotheses that is concerned with the relation
between brain adaptation and the development of neurotypical or
atypical cognitive abilities. The authors speculate that developmental
conditions, such as autism or attention deﬁcit hyperactivity disorder
are a "family of adaptation syndromes" that depend on genes whose
expression patterns peak at different developmental stages. The relation between these expression patterns and behavioral traits within
such developmental stages is a major issue in autism research. Within
the network framework, we could investigate mutualistic processes
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within and between different levels to such an extent that this information could be used as input to establish formal hierarchical model
connecting these levels that are now predominantly studied in isolation. Once we create such a mapping, we would have a more detailed
overview of the tributaries that are relevant for complex emergent
phenomena (e.g., autism) in the developmental system. One promising modelling framework to test such a hierarchical causal cascade
is the watershed model introduced by Cannon & Keller (2006) and
Kievit et al. (2016) for psychological phenomena. This model conceptualizes developmental (potentially hierarchical) cascades of events
leading to complex behavior as many upstream developmental contributions leading to a complex downstream consequence (Kievit et
al., 2016). In addition, colleagues have advanced the network science
toolbox to study so-called multi-source data, i.e. networks including
nodes spanning different levels (e.g., genetic information or brain parameters; Tio et al., under review). Taken together, these methodological advances enable developmental researchers to translate their crosslevel hypotheses into testable statistical models. It should be noted,
however, that the quality of information extracted from models is always constrained by the quality of data used as input. Great promise
may, therefore, lie in large-scale simulations from neural systems to
brain regions to behavioral dynamics. These simulations allow us to
explore complex phenomena in (atypical) development, such as selforganization (Johnson et al., 2015) or emergence (Anderson, 2008).
Take the example of social relatedness. Typical social relatedness is
a beneﬁcial emergent phenomenon requiring an interacting network
of attributes (social motivation, expressive skills, etc.). Within the current framework one could investigate whether atypical social relatedness is a submergenic process resulting from the loss of mutualistic
interaction between those attributes, resulting from a deﬁcient mutualistic relation between attributes or from an underlying factor from
another level of the system that leads to the emergence of deﬁcient
network.
8.2.3

Simulating patterns

In the autism literature, there are multiple group-level phenomena
that are repeatedly reported in different autistic samples. For instance,
the autism population is often reported to reveal a lower group mean
on cognitive skills (Brunsdon & Happé, 2014), slower development
(Baron-Cohen, 1989) or self-selection effects such as niche construction (Bruineberg et al., 2018; Johnson et al., 2015; Jones & Klin, 2013).
The network and SEM models discussed in this thesis provide us with
a window of opportunities to test and simulate the relevance of small
parameters for the emergence of group-level phenomena.
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Eventually, one of the ultimate goals of psychological science would
be to predict the consequence of a combination of person-speciﬁc factors to such an extent that one could predict the optimal time and variable to intervene on the system to prevent the difﬁcult consequences
some atypical developmental trajectories can have. For example, social unease related to autism could be a modelled as a result of sensory input and the interest system according to a set of learning rules
that might explicate the emergence of atypical strategies for the distribution of attention (i.e. few highly aroused interests, language use
or social interactions). In order to establish such a highly sensitive
predictive framework, I would argue that we do not need to study
all factors in isolation and sum them up, but take a starting point
in investigating cross-level interrelations on a group level. Investigating the dynamics of multivariate systems over time can provide us
with an additional dimension to look for risk factors or warning signals. These warning signals could very well lie in the behavior of the
multivariate system and its network parameters before one can even
observe early symptoms of atypical development.
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Figure 9.1: The concentration network depicted in Figure 2.1. without visual highlighting.
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ASBQ Scale

10

item #

ASBQ item

19

You do not take the initiative in contacts with other people.

24

You have little or no interest in socializing with others.

30

You ignore invitations from others to do something with them.

Reduced contact

The only contact you have with others is when you have to

32

buy something or arrange something,
for example with people in a shop or in a government ofﬁce.

36
38
43

You avoid people who try to make contact with you.
You don’t enjoy doing things with other people, for example,
doing a chore together or going somewhere together.
You are a loner, even in a group you hold yourself apart.

Reduced empathy

1
7
20

You ﬁnd it difﬁcult to put yourself in someone else’s shoes,
for example, you can’t see why someone is angry.
The reason why you would contact others is to get things done
rather than because you are interested in them.
You are unaware of other people’s emotional needs, for example,
you do not encourage other people or reassure them.

26

You ﬁnd it hard to sense what someone else will like or think is nice.

31

You are not really bothered by someone else in pain.

34

You don’t notice when someone is upset or has problems.

44

You don’t show sympathy when others hurt themselves or are unhappy.

Violations of
social conventions

6
16
21
25

You don’t differentiate between friends and strangers,
for example, you don’t care who you are with.
You seek contact with anyone and everyone; you show no reserve.
You touch people when it is not suitable, for example,
you hug virtual strangers.
The questions you ask are too personal,
or you tell others things that are too personal.
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You behave the same wherever you are;

28

it makes no difference to you whether you are at home
or somewhere else (visiting others, at work, in the street).

40

You ask strangers for things you need, for example,
for food or drink if you are hungry or thirsty.

Reduced social insight

2
5

You don’t get jokes.
You take everything literally, for example,
you don’t understand certain expressions.

8

You are very naive; you believe everything you are told.

13

You don’t notice when other make fun of you.

15
27
29
37

You ﬁnd it hard to follow the gist of a conversation
- you miss the point.
You need an explanation before you understand
the meaning behind someone’s words.
You give answers that are not relevant because you haven’t really understood the question.
It’s easy to take advantage of you or
get you to do other people’s dirty work.

Sensory stimulation &
motor stereotypies

4
11
12
18
23

You feel the urge to ﬂap your hands or arms around
when are you excited.
You feel the urge to rock back and forth.
You feel the urge to make strange, quick movements
with your hands or ﬁngers.
You really enjoy making certain movements
and you want to repeat them.
You often want to smell objects.
You are fascinated by certain sounds, for example,

33

the squeaking of a door, the humming of a fridge,
the rustling of paper.

39
42

You feel the urge to often touch things
to see what they feel like.
You really revel in certain colors,
shapes or moving objects.

Insistence on sameness

3
9
10

You panic when things turn out
differently than you are used to.
It takes you ages to get used to somewhere new.
You resist change; if it were left up to you,
everything would stay the same.
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14

You want to do certain things in exactly the same way every time.

17

You do not like surprises, for example, unexpected visitors.

22

You don’t like a lot of things happening at once.

35

You really need ﬁxed routines and things to be predictable.

41

You hate it when plans are changed at the last moment.

118

supplementary materials accompanying chapter 3

Strength
vscAS
visWB
SumAS
ssmsAS
socWB
skiDF
sharDF
sexWB
safeWB
rsiAS
rempAS
relDF
rconAS
psyWB
phyWB
phyDF
onefWB
nworWB
livWB
livDF
lifWB
leiWB
inssAS
finWB
famWB
drugDF
depDF
delDF
comNR
comDF
cohWB
cogDF
agrDF
age
adlDF

●
●●
●
●
●
●

●

●
●
●

●

●
● ●
●
●
●
●
●
●
●
●

●

●

●
●

type

●

●●
● ●
●

●
●●
● ●
●

●

●
● ●

●

●
●

●

● ●
●

●
● ●
● ●

●●
● ●
●●
● ●

−2

−1

0

1

2

3

Figure 10.1: Betweenness, closeness, strength centrality for the subscale and sumscore networks depicted in Figures 3.2. and 3.3.
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Figure 10.2: Bootstrapped edge-weights.

Network stability check
We performed an additional analysis to check how accurate the reported networks are and to assess how stable the centrality indices
in these networks are under observing subsets of variables. The Rpackage bootnet allows us to investigate the network stability after
dropping nodes (node-dropping subset bootstrap; Costenbader & Valente, 2003). The correlation stability coefﬁcient used to quantify the
network stability was <0.5 indicating good stability. The ﬁgure above
shows that the correlation with the original sample starts to drop only
after 55% of the nodes have been dropped.
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Figure 10.3: Bootstrapped signiﬁcant difference between edges.

Figure 10.4: Bootstrapped signiﬁcant difference between degree centrality of
nodes in the network.
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Figure 10.5: Stability centrality coefﬁcient for betweenness =0.205, closeness
= 0.127, strength = 0.517.
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Appendix A. Overview of the SCL-90 items and their associated communities and dimensions
SCL-90 items and dimensions

communities
#1

3 Repeated unpleasant thoughts that won't leave your mind

#2

#3

#4

#5

#6

#7

#8

#9

i

i

i

#10 #11 #12 #13 #14 #15 #16 #17 #18

i

i

5 Loss of sexual interest or pleasure *
14

l

Feeling low in energy or slowed down

i

15

l

Thoughts of ending your life

i

i

Depression

19 Poor appetite
20 Crying easily

i

22 Feeling of being trapped or caught

i

26 Blaming yourself for things

i

i

30 Feeling blue

i

31 Worrying too much about things

i
i

32 Feeling no interest in things

i

i

51 Your mind going blank

i

54

i

Feeling hopeless about the future

i

i

59 Thoughts of death or dying

i

79 Feelings of worthlessness
2 Nervousness or shakiness inside

Anxiety

17 Trembling

i

i

i
i

i

23 Suddenly scared for no reason

i

33 Feeling fearful

i

39 Heart pounding
57

l

Feeling tensed or keyed up

72 Spells of terror or panic

i

i
i

29 Feeling lonely

l

i

i

i
i

i

i
i

i

78 Feeling so restless you couldn't sit still *

Agoraphobia

80 The feeling that something bad is going to happen to you

i

86 Thoughts and images of a frightening nature

i

13 Feeling afraid in open spaces or streets

i

25 Feeling afraid to get out of your house alone

i

47 Feeling afraid to travel on buses, subways or trains
Having to avoid certain things, places, or activities because they
50
frighten you

i
i

70 Feeling uneasy in crowds such as shopping or at movies

i

75 Feeling nervous when you are left alone
82 Feeling afraid you will faint in public

i

i
i

i

i

i

SCL-90 items and dimensions

communities

Sleep
difficulty

#1

#2

#3

#5

#6

#7

44 Trouble falling asleep

i

64 Awakening early in the morning

i

66 Sleep that is restless or disturbed
1

l

Headaches

i
i

i

4 Faintness or dizziness
27 Pains in lower back

#9

i

i

i

i
i

i

i

42 Soreness of muscles

i

48 Trouble getting your breath

i

i

i

i

49 Hot or cold spells

i

i

53 A lumb in your throat
56 Feeling week in parts of your body
58 Heavy feelings in your arms or legs

Interpersonal sensitivity-mistrust

i
i
i

6 Feeling critical of others

i

7 The idea that someone else can control your thoughts

i

8 Feeling others are to blame for most of your troubles

i

18 Feeling that most people cannot be trusted

#10 #11 #12 #13 #14 #15 #16 #17 #18

i

40 Nausea or upset stomach

52 Numbness or tingling in parts of your body

#8

i
i

12 Pain in heart or chest

Somatization

#4

i
i

i

21 Feeling shy and uneasy with the opposite sex

i

34 Your feelings being easily hurt

i

35 Other people being aware of your private thoughts

i

36 Feeling others do not understand you or are unsympathetic

i

i

37 Feeling that people are unfriendly or dislike you

i

41 Feeling inferior to others

i

43 Feeling that you are watched or talked about by others
61

l

i

Feeling uneasy when people are watching or talking about you

68 Having ideas or beliefs that others do not share
73 Feeling uncomfortable about eating or drinking in public

i
i
i

i
i

69 Feeling very self-conscious with others

i

i

i

i
i

i

76 Others not giving you proper credit for achievements

i
i

83 Feeling that people will take advantage of you if you let them

i

88 Never feeling close to another person

i

i

i

i

i

SCL-90 items and dimensions

communities
#1

Acting-out
hostility

11 Feeling easily annoyed or irritated

#2

#3

i

Unscaled SCL-90 items

Cognitive-performance
deficits

9 Trouble remembering things

i

10 Worried about sloppiness or carelessness

#9

#10 #11 #12 #13 #14 #15 #16 #17 #18

i

i

28 Feeling blocked in getting things done

i

38 Having to do things very slowly to insure correctness

i

i

Having to double-check what you do

i

46 Difficulty making decisions

i

i

i

55 Trouble concentrating
Having to repeat the same actions, such as touching, counting,
65
washing

i

71 Feeling everything is an effort

i

16

i

Hearing voices that other people don't hear

#8

i
i

81 Shouting or throwing things

l

#7

i
i

74 Getting into frequent arguments

l

#6

i

63 Having urges to beat, injure or harm someone

45

#5

i

24 Temper outbursts that you could not control
67 Having urges to break or smash things

#4

i
i

i

i

i

60 Overeating

i

62 Having thoughts that are not your own

i

77 Feeling alone even when you are with people

i

i

84 Having thoughts about sex that bother you a lot
85 The idea that you should be punished for your sins

i
i

i

i

87 The idea that something serious is wrong with your body

i

89 Feelings of guilt
90 The idea that something is wrong with your mind

i

i

i

i Denotes symptoms belonging to a community (i.e., problem area)
i Denotes 'stabilizing' symptoms within a community (i.e., within a problem area)
l

Denotes 'communicating' symptoms between communities (i.e., between problem areas)

*

Denotes symptoms that are not associated with any community (#5 Loss of sexual interest or pleasure - depression, and #78 Feeling so restless you couldn't sit still - anxiety)
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Figure 11.1: Bootstrapped edge weights. The red line depicts point estimates
of the edge weights in the reported network, the grey bars represent 95% conﬁdence intervals.

Bootstrapping results indicated good accuracy of the estimated network parameters, see Figure 11.1. In addition, we calculated the correlation stability coefﬁcient (CS), which represents the maximum proportion of participants that can be dropped while maintaining results
that correlate at least 0.7 with the results obtained on the complete
sample. We speciﬁcally focused on the stability of the strength and
number of connections a node has (i.e., degree centrality) as this is
most relevant for our community detection analyses. With a CS of
0.52, the stability exceeded the proposed cut-off of 0.5, suggesting
good stability.
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Figure 12.1: Centrality indices for the PCR network depicted in Figure 5.1.
For the meaning of each node abbreviation see Table 10.1.
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Table 12.1: List of abbreviations of nodes in the networks

Questionnaire

Abbreviation node

Content

Daily Life

adl

Problems with activities of daily life

(HONOS)

agr

Aggressive behavior

cog

Cognitive problems

com

Comorbid problems

drug

Problematic drug use

del

Problems due to delusions

dep

Problems due to depressive mood

livP

Problems with living situation

phyP

Physical problems

rel

Problems with relationships

shar

Self-mutilation

Well-being

coh

Satisfaction about cohabitants

(MANSA)

fam

Satisfaction about family relationships

ﬁn

Satisfaction about ﬁnancial situation

lei

Satisfaction about leisure time activities

lif

Life in general

liv

Satisfaction about living situation

nwor

Satisfaction about not working

onef

Having a (good) friend

phy

Satisfaction about physical health

psy

Satisfaction about psychological health

safe

Satisfaction about personal safety

sex

Satisfaction about sex life

ski

Opportunities to develop & use skills

soc

Satisfaction about quality of friendships

vis

Having met a (good) friend in the past week

Autism

inss

Subscale: Insistence on sameness

(ASBQ)

rcon

Subscale: Reduced contact

General

remp

Subscale: Reduced empathy

rsi

Subscale: Reduced social insight

ssms

Subscale: Sensory stimulation & motor stereotypies

vsc

Subscale: Violations of social conventions

comNR

No. of co-occurring (comorbid) diagnoses
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Al sinds het werk van Francis Bacon (1561-1626) weten we dat structurele vertekeningen in de menselijke waarneming eerder de norm dan
de uitzondering zijn. We zien gelijkenis en regelmaat waar die niet is
en zijn buitengewoon behendig is het wegredeneren van informatie
die een wenselijke verklaring ontkracht. Vaak is deze tendens terug te
zien in onze collectieve keuze voor een plausibele metafoor voor (al
dan niet) causale relaties die we niet begrijpen. Zo zou het brein geprogrammeerd zijn als een computer, werkt het menselijk lichaam als
een uurwerk en kunnen we psychologisch welzijn het best beschrijving in termen van op te laden batterijen. In het voorjaar van 2018
verscheen een stuk in De Correspondent waarin werd beschreven hoe
dit soort metaforen ons denken bepalen. Daarin werd verwezen naar
een tweet die vooral bedoeld was als commentaar op een van de belangrijkste stijlmiddelen van de poëzie: de metafoor. De tweet luidde:
’we get it poets: things are like things’. Dit stijlmiddel lijkt misschien
onwetenschappelijk maar ligt tevens vaak ten grondslag aan wetenschappelijke theorievorming.
De psychologie is een relatief jonge wetenschappelijke discipline
waarin de onderliggende mechanismen voor allerlei psychologische
fenomenen grotendeels onbekend zijn. Veelal mechanistischgeïnspireerde metaforen, zoals de hardware-software metafoor voor
de relatie tussen brein en geest, vormen de basis van ons 21-eeuwse
denken over de menselijke psyche. Dit soort mechanistische metaforen volgen een reductionistische redenering - het idee dat we al het
waarneembare kunnen terugleiden tot onderliggende oorzaken die
we slechts nog moeten ontdekken. Zo hebben we lange tijd gedacht
dat men psychologische ziekten het best kan vatten met het medische model, net als een griep of longkanker: hetgeen we kunnen zien,
het symptoom, is terug te leiden tot de aanwezigheid van een duidelijk aanwijsbare intra-individuele oorzaak, zoals een virus of een tumor. Deze reductionistische redenering is van grote invloed geweest
op de diagnostische classiﬁcatiesystemen die we tot op de dag van
vandaag handhaven. De zoektocht naar die éne oorzaak voor psychologische stoornissen of atypische ontwikkeling heeft echter voor de
meeste diagnostische categorieën geen duidelijk resultaat opgeleverd.
Een recente stroming binnen de psychologie beweegt dan ook weg
van reductionistische metaforen voor psychologische fenomenen en
toe naar metaforen die meer dynamische complexiteit toelaten, zoals bijvoorbeeld de metafoor van de mens als ecosysteem. Complexe
fenomenen, bijvoorbeeld intelligentie of psychopathologie, zouden
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zo kunnen ontstaan uit een ecosysteem van genetische, neurale en
psychologische factoren en individuele verschillen ontstaan door het
brede spectrum aan input- en output-combinaties die mogelijk zijn.
Dit metaforische raamwerk heeft het fundament gelegd voor psychologische theorievorming op basis van eigenschappen en gedragingen
van complexe netwerken en ligt ten grondslag aan dit proefschrift.
Ook binnen het internationale autismeonderzoek groeit de vraag
naar een alternatieve benadering van hoe we atypische ontwikkeling
kunnen conceptualiseren en onderzoeken. Waar de zoektocht naar
zogenaamde biomarkers voor autisme (nog) wijdverspreid is, zien
we steeds meer publicaties die zich afvragen of atypische ontwikkeling niet simpelweg het product is van verschillen in input- en
output-combinaties die het complexe systeem van menselijke ontwikkeling kan hebben. Dit promotieproject was dan ook gericht op
het onderzoeken van de nieuwe mogelijkheden en implicaties die
de bovengenoemde netwerkbenadering van psychologische fenomenen voor het onderzoek naar autisme zou kunnen hebben. Zo werd
door het ontstaan van dit nieuwe paradigma onder andere duidelijk
dat de schat aan data die wordt verzameld in de (Nederlandse) autismewereld opnieuw benut zou kunnen worden voor vraagstukken
over complexe systemen binnen atypische ontwikkeling. Een van de
meest prangende vraagstukken is de vraag hoe we de de kwaliteit
van leven van mensen met autisme zouden kunnen verbeteren. Verschillende studies benadrukken met name dat een complex netwerk
van interacterende factoren van invloed is op hoe goed mensen met
autisme kunnen functioneren en hoe gelukkig ze zijn. Van oudsher
wordt vaak een duidelijk onderscheid gemaakt tussen traditionele
’objectieve’ maten, zoals zelfstandigheid in woon- en werksituatie, en
subjectieve maten, zoals een algemeen geluks- of tevredenheidscijfer
dat mensen zichzelf geven. Met de methodologische gereedschapskist van de netwerkbenadering is het voor het eerst mogelijk deze
gegevens in de vorm van een complex netwerk te analyseren. We
hebben deze analysetechnieken voor psychologische netwerken ingezet om nieuwe informatie uit bestaande data over kwaliteit van leven
van mensen met autisme te halen. Het uitgangspunt hierbij was de veelbesproken en onderbouwde hypothese dat
er niet één speciﬁeke voorspeller voor hoge of lage kwaliteit van leven aanwezig is, maar dat een combinatie van factoren een heel netwerk aan invloeden vormt. Ons doel was om dit netwerk in kaart
te brengen en daarbij te kijken naar de manier waarop allerlei factoren samenhangen en welke factoren een bijzonder belangrijke rol
spelen. We hebben daarvoor allereerst een grote studie (N∼2500) op
basis van de gegevens van het Nederlands Autisme Register (www.
nederlandsautismeregister.nl) gedaan waarin we naar de samenhang van allerhande factoren hebben gekeken, zoals fysieke problemen, persoonlijke tevredenheid met sociale contacten, maar ook aan-
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tal werkuren per week en behandeling. In deze eerste studie bleek
uit onze resultaten hoe relevant het voor de subjectieve kwaliteit van
leven van mensen met autisme is om de mogelijkheid te hebben om
deel te nemen aan sociale interacties, in welke vorm en frequentie
dan ook (zie hoofdstuk 1). Een tweede factor die een grote rol speelt
voor de subjectieve gelukservaring van mensen met autisme is het
gevoel een bijdrage te kunnen leveren aan de maatschappij, in welke
vorm dan ook. Voor de tweede studie hebben we op basis van data
van de behandelmonitor (N∼300) van het Dr. Leo Kannerhuis gekeken in hoeverre we ook een multivariate samenhang tussen autisme
symptomen en kwaliteit van leven kunnen identiﬁceren in een netwerk van relevante factoren zoals in de eerste studie reeds gevonden.
Met name een hoge mate van rigiditeit en (wederom) verminderd
sociaal contact bleken een directe invloed op de kwaliteit van leven
van mensen met autisme te hebben (zie hoofdstuk 2). Na deze studies op basis van cross-sectionele data hebben we ook nog kunnen
kijken naar de sterkste voorspellers van kwaliteit van leven binnen
de (inmiddels) longitudinale data van het NAR (N∼600, zie hoofdstuk 6). Hierbij vonden we dat het hebben van slaapproblemen een
sterke voorspeller is voor de kwaliteit van leven een jaar later. Het resultaat van de longitudinale NAR-studie is wat ons betreft een goede
reden om de aandacht voor slaapproblematiek bij mensen met autisme te vergroten. In de verdere uitwerking van de projectdoelstellingen hebben we de bruikbaarheid van een klinisch relevante tool
binnen de netwerkanalyse getest. Deze methode richt zich, uitgaande
van een netwerkstructuur van factoren, op het uitvragen van de causale samenhang tussen relevante factoren bij cliënten of clinici (zie
hoofdstuk 5). We hebben een netwerk aan factoren voorgelegd aan
Nederlandse clinici met veel ervaring in het autismeveld en hun antwoorden gebruikt om een netwerk van causale relaties te maken. Uit
de vergelijking van dit netwerk met een empirisch netwerk op basis
van zelfrapportage door mensen met een autisme diagnose bleek dat
de twee netwerkstructuren sterk overeenkomstig waren. De expertstudie onder clinici heeft zowel een relevant instrument geïntroduceerd
als ook laten zien dat de kennis van Nederlandse clinici in sterke
mate overeenkomstig is met het netwerk dat mensen met autisme
zelf rapporteren.
Zowel in hoofdstuk 4 als hoofdstuk 7 hebben we ons gericht op
meer theoretische vragen. In hoofdstuk 4 is een nieuwe implementatie van netwerkmaten in grote symptoomnetwerken binnen psychologisch onderzoek onderzocht. Hierdoor werd duidelijk dat we nieuwe
netwerkmaten kunnen inzetten om informatie te verkrijgen over hoe
symptomen elkaar zowel binnen als tussen diagnostische categorieën
kunnen aansteken. Om de ontwikkeling van atypische sociale en motorische kenmerken binnen autisme beter in kaart te brengen, hebben
we met behulp van de longitudinale data van het BASIS-project aan
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Birbeck University (London) onderzocht in hoeverre men kan spreken van een wederzijdse versterking van atypische ontwikkelingsdomeinen (sociaal en motoriek) in de ontwikkeling van kinderen tussen
8 maanden en 3 jaar die oudere broers of zussen hebben met een
autisme diagnose (zie hoofdstuk 7). We vonden geen evidentie voor
verschillen in die koppeling tussen ontwikkelingsdomeinen tussen
kinderen die uiteindelijk een atypische ontwikkeling vertonen vergeleken met de kinderen die een typische ontwikkeling doormaken.
Onze resultaten suggereren dat het onderzoeken van de complexe
systemen rondom atypische ontwikkeling nieuwe inzichten biedt met
grote relevantie voor de klinische praktijk, maar ook voor theorievorming binnen het vakgebied. Het bestuderen van autisme als product van een eindeloze combinatie aan factoren roept niet alleen een
nieuw soort onderzoeksvragen op maar werpt ook nieuw licht op
wanneer iemand het meest gebaat is bij een interventie. Ook al wordt
er in de klinische praktijk al vaak nagedacht over autisme als een
multi-causaal fenomeen, bieden de netwerk benadering en haar gereedschapskist ons nieuwe mogelijkheden om essentiële mechanismen te onderzoeken. Verschillende hierboven beschreven onderzoeken zijn onderdeel geweest van het samenwerkingsverband REACHAUT. REACH-AUT is een academische werkplaats waar onderzoekers, clinici, mensen met autisme en hun naasten en andere belanghebbenden samen nadenken over (de implementatie van) onderzoek
(www.reach-aut.nl). Met name de projecten waarbij de netwerkanalyses zijn toegepast op bestaande Nederlandse datasets, zijn steeds
voorgelegd aan een kenniskring van ervaringsdeskundigen. De discussies die hieruit voortvloeiden hebben effect gehad op zowel de interpretatie als ook de gekozen vervolgstappen in het onderzoek. Waar
dit onderzoek niet mogelijk was geweest door de belangrijke methodologische ontwikkelingen om juist beter naar multicausale systemen
rondom autisme te kunnen kijken, laat het ook zien hoe verschillende
soorten expertise een meerwaarde kunnen hebben.
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