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1. General summary 

 
Empirical investigation into the structure of psychopathology supports a dimensional 

conceptualisation of what constitutes mental disorders over the classic categorical approach 

that is the current psychiatric nosology (Caspi et al., 2014; Kotov et al., 2017). In parallel, 

investigation into neurobiological mechanisms of psychopathology find robust evidence that 

brain patterns are shared across mental disorder diagnoses (Goodkind et al., 2015; Opel et al., 

2020; Sha et al., 2019). Moreover, most mental disorders onset in the first three decades of 

life (Kessler et al., 2007), a time associated with large-scale reorganisation and maturation of 

the brain (Paus et al., 2008). Capitalising on these observations, it seems reasonable to 

assume that in order to understand psychopathology and what causes it, we must first 

understand what is shared and what is distinct across different forms of psychopathology.  

In this thesis, we aimed to disentangle neurobiological correlates of different forms of 

psychopathology. We used multivariate statistics to investigate brain-behaviour associations 

related to dimensional and categorical measures of psychopathology. Specifically, given the 

important context of development, we performed this work in a sample of children and 

adolescents between the age of 5 and 21. Most of the participants of this sample had at least 

one mental disorder diagnosis. We then performed out-of-sample validation of our findings in 

three different samples of children and adolescent from the general population. 

The main findings of this thesis will be integrated and discussed in the context of 

what is shared and what is distinct across different forms of psychopathology. In paper I, we 

investigated shared associations across measures of brain structure based on magnetic 

resonance imaging and measures of mental health, cognitive, and socio-environmental 

factors. We found evidence for two latent dimensions or “modes”: one reflecting physical and 

cognitive maturation, and another reflecting a cross-diagnostic pattern linking social and 

cognitive troubles with reduced white matter surface area. Of note, these patterns were 

consistent across diagnostic groups. In paper II, we narrowed the focus down to the 

investigation of shared associations across measures of brain function and mental health 

measures only. Specifically, we utilised both categorical and dimensional approaches to 

psychopathology to identify their shared associations with functional magnetic resonance 

imaging resting-state functional connectivity. We found evidence for a shared pattern relating 

functional connectivity to five dimensions of psychopathology, recapitulating the 

psychopathology hierarchy. Autism-spectrum disorder was the only diagnostic category to 
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exhibit a specific brain functional connectivity pattern. In addition, we identified a 

connectivity pattern related to a categorical cross-diagnostic case-control pattern (i.e., no 

diagnosis versus all diagnoses) and a dimensional cross-diagnostic case-control pattern (i.e., 

allowing the diagnoses to cluster by their covariance with functional connectivity resulted in 

this pattern). To further expand on this relationship between brain measures and measures of 

psychopathology, we then investigated in paper III whether the categorical patterns identified 

in paper II were sensitive to questionnaires measuring psychopathology in yet another 

independent Norwegian cohort. Here, we found that the categorical connectivity patterns 

replicated, but that they were not sensitive to symptom load in the validation sample.  

The findings of this thesis should be interpreted within the constraints of the chosen 

methodology. Notably, the data that forms the basis of the work is cross-sectional, thereby 

limiting any inferences to be made regarding change or developmental trajectory. Moreover, 

although out-of-sample validation was performed, generalisability of the findings was only 

partly demonstrated. Other considerations pertain to known limitations of functional brain 

imaging methodology, multivariate statistics, and studying developmental and clinical 

samples.  

 In sum, this thesis highlights the utility of multivariate statistics in disentangling 

brain-psychopathology relationships, as well as bridging the relevance of such associations 

from population-based studies to a clinical developmental sample. Importantly, the results 

suggest that the overarching associations are shared across diagnostic boundaries. Future 

studies may attempt to validate these shared brain-behaviour patterns across more 

comparable samples. The findings of this thesis support the notion that shared, 

transdiagnostic dimensions are more plausible operationalisations of psychopathology than 

categorical diagnoses. Although this has wide applications for the psychiatric nosology and 

the conceptualisation of psychopathology, an important caveat is that the design and 

methodology of this thesis do not permit inferences regarding aetiology or mechanistic 

insight. Towards achieving this goal, however, this thesis provides evidence that similarities 

show proclivity over differences in brain-behaviour associations relevant for a wide range of 

psychopathology in youth.  
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4. Introduction 

 
Since the beginning of time, humanity has been captivated by the mind and its mysteries. 

Despite centuries of investigation, and countless theories, however, we still know little of 

what causes a healthy mind to become a disordered mind. With the advent of brain imaging 

in humans, neuroscience has been searching for markers of disease, i.e., biomarkers, in the 

brains of individuals diagnosed with mental disorders. Beyond discovery of mental disorder 

mechanisms and causes, a big motivation to use brain imaging this way has been to improve 

diagnostics, and by extension, treatment of mental disorders (Insel et al., 2010). For example, 

by comparing the brains of healthy or non-diagnosed individuals (i.e., healthy controls) with 

individuals diagnosed with depression, studies have attempted to find biomarkers of the 

“depressed brain” (Winter et al., 2022). However, these biomarkers have remained elusive 

(Carvalho et al., 2020). Decades of research has yielded few consistent results regarding the 

difference between the depressed brain versus the healthy brain, and so forth. Instead, the 

accumulated research points to something else. Namely that compared to healthy controls, 

the most robust identified differences in brain structure (Goodkind et al., 2015; Opel et al., 

2020) and brain function (Elliott et al., 2018; McTeague et al., 2017; McTeague et al., 2020; 

Sha et al., 2019) in individuals diagnosed with any type of mental disorder, such as anxiety, 

depression, and psychosis, seem to be shared across disorders.  

 These observations motivated the belief that in order to understand the structure of 

psychopathology and what causes it, we must first understand what is shared and what is 

unique across different mental disorders. For example, a common factor across mental 

disorders is that they typically first manifest during the first three decades of life (Kessler et 

al., 2007; Solmi et al., 2022), alluding to the importance of developmental context. This 

thesis represents novel contributions to the investigation of this landscape, with the 

overarching aim to improve our understanding of brain-based differences and similarities 

across mental disorders in childhood and adolescence. In the following section, relevant 

literature pertaining to the concepts of psychopathology, development, and brain imaging will 

be introduced.  

  

4.1. Approaches to conceptualising psychopathology 

The foundation of our current understanding of psychopathology is the modern diagnostic 

nosology, outlined in diagnostic manuals such as the Diagnostic and Statistical Manual of 
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Mental Disorders – Fifth Edition (DSM-5) (Association, 2013) and International 

Classification of Diseases (ICD-11) (Organization, 1992). Here, mental disorders are 

understood as discrete categories, for example defined in DSM-5 as “a syndrome 

characterised by clinically significant disturbance in an individual's cognition, emotion 

regulation, or behaviour that reflects a dysfunction in the psychological, biological, or 

developmental processes underlying mental functioning”. An important element in this 

definition is the emphasis on clinically significant disturbance. This marks the boundary of 

each diagnostic category. Based on this boundary, you either have the disorder or not. This is 

classified based on meeting given criteria.  

 The primary purpose of a diagnostic nosology is to aid the clinician in treatment of 

mental disorders. A diagnosis will guide treatment selection, prognosis, and communication 

with patients and their families (First et al., 2015). Moreover, it represents the gold standard 

in separating “healthy” from “disordered”, which has important implications for regulatory 

agencies, policy decisions, access to benefits, and other legal matters. Therefore, an important 

goal when developing the current diagnostic manuals was to improve the reliability of 

diagnosis classification by taxonomizing diagnostic criteria (Hyman, 2007).  

Building on the biomedical framework (Deacon, 2013), the modern diagnostic 

nosology posits that mental disorders carve nature at its joints and represent “natural kinds” 

(Kendler, 2016). Implications of this is that each disorder has its own specific mechanisms 

and causes, akin to the way chickenpox is caused by a virus in somatic medicine. However, 

specific disease mechanisms for mental disorders remain largely unknown (Hyman, 2007). 

Instead, diagnostic criteria in the modern diagnostic nosology were developed based on 

clinical observation and represent descriptions of symptoms (Hyman, 2007).  

What constitutes a symptom may vary, but usually implies disruptions of emotional, 

behavioural, or cognitive functioning, such as feelings of sadness, or inability to concentrate. 

The symptoms are typically measured in severity and duration and a diagnosis is given when 

a sufficient number of symptom criteria are met. As such, the diagnostic manuals imply that 

diagnoses represent something qualitatively different from one another, which by the use of 

diagnostic criteria, can be reliably dissected by different observers (Hyman, 2007). For 

example, to meet the diagnostic criteria for depression, there is a requirement in DSM-5 of at 

least four symptoms being present for the past two weeks, such as persistent sadness, loss of 

interest or pleasure, and low energy. To set a diagnosis, the clinician is expected to be able to 

disentangle these symptoms from symptoms of other possible diagnoses, such as anxiety, 

providing the patient with the most appropriate diagnosis given the symptom presentation.  
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In the everyday setting within the mental health services this often proves impossible, 

as patients rarely present a clinical picture that fits with the discrete descriptions of reality 

that the diagnostic criteria afford, alluding to the low validity of diagnoses (Kendell, 1989). 

Instead, mental disorders exhibit a high rate of comorbidity (Hasin & Kilcoyne, 2012) and 

heterogeneity (Fried & Nesse, 2015). Patients often present symptoms that align with more 

than one diagnosis, as symptoms often overlap across diagnoses (Forbes et al., 2023). As a 

result, patients often get diagnosed with multiple diagnoses, what is called comorbidity. In 

addition, two patients with the same diagnosis may present very different symptom profiles, 

profiles that may not even overlap, as symptoms belonging to the same diagnosis may vary a 

great deal. These observations may reflect that different diagnoses, although currently 

categorised as being separate things, actually have the same causes. Or, it could be that one 

diagnosis may have several possible causes culminating in partly overlapping symptom 

clusters, i.e., subgroups of diagnoses. Of course, these two possibilities are not mutually 

exclusive and can be true at the same time. Thus, although the diagnostic nosology has 

greatly improved mental disorder classification, with important applications in clinical 

practice, it is being increasingly recognised that it also comes with limitations, not least that it 

impedes the scientific discovery of pathophysiological markers of psychopathology (Hyman, 

2007, 2021; Saggar & Uddin, 2019). 

In response to this, initiatives have been made to refine the diagnostic nosology, such 

as the Research Domain Criteria (RDoC) (Insel et al., 2010) and Hierarchical Taxonomy of 

Psychopathology (HiTOP) (Kotov et al., 2017). RDoC was initiated by the National Institute 

of Mental Health in the US with the aim to identify new ways to classify mental disorders 

based on dimensions of observable behaviour and neurobiological measures. In order words, 

to encourage research into the pathophysiological mechanisms of mental disorders by a 

particular emphasis on genetic and neuroscientific research. The framework conceptualises 

dimensions of psychopathology as disruptions to one or more of six major domains of 

functioning: negative valence, positive valence, cognitive systems, social systems, 

arousal/modulatory systems, and sensorimotor systems. This way, RDoC encourages 

translational and integrative analysis, as well as new ways of grouping participants beyond 

the traditional case-control design. Of note, the RDoC understands mental disorders as 

dysfunction of fundamental, behavioural functions and their associated neural circuitry. As 

such, this framework aims to improve the aetiological understanding and classification of 

mental disorders by increased emphasis on biologically based research. 
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 The HiTOP system for characterising psychopathology is developed based on 

covariation among diagnoses and symptoms and posits that psychopathology can be 

understood as a dimensional, hierarchical structure. This view is based on data-driven 

investigations into the latent structure of psychopathology, which suggest that a dimensional, 

hierarchical organisation represent a better fit (Caspi et al., 2014; Kotov et al., 2017; Lahey et 

al., 2012). This approach was inspired by the seminal observation that a single common 

factor, the p-factor, was the best model to explain the structure of psychopathology using 

confirmatory factor analysis (Caspi et al., 2014). Typically, the psychopathology hierarchy 

consist of this higher-order general factor, reflecting a general vulnerability to all 

psychopathology, followed by increasingly narrow dimensions of symptom clusters (Caspi et 

al., 2020). In HiTOP, the hierarchy consists of one broad “superspectrum” – i.e., the p-factor, 

followed by six, narrower “spectra”: somatoform, internalising, thought disorder, detachment, 

disinhibited externalising, and antagonistic externalising (Kotov et al., 2017). In short, these 

spectra reflect symptoms of somatic complaints, anxiety or depression, psychosis or cognitive 

disorganisation, social withdrawal, impulsivity, and aggression, respectively. These spectra 

are then followed by increasingly narrow sub-spectra, until reaching the level of individual 

symptoms. Although this approach has many applications and advantages, HiTOP does not 

really offer any deeper conceptualisation of psychopathology beyond a description of its 

structure. 

One advantage of dimensional conceptualisations of psychopathology is that 

comorbidity and heterogeneity of mental disorders are accounted for, by accommodating 

comorbidity and minimising heterogeneity. Another advantage of the hierarchical structure is 

that it facilitates investigation into neurobiological mechanisms of psychopathology at 

different levels, ranging from shared, transdiagnostic correlates to correlates of specific 

symptoms. This has great potential for the discovery of biomarkers and neurobiological 

mechanisms underlying psychopathology. However, although any such discovery may yield 

increased insight into neurobiological correlates of psychopathology, this does not 

automatically translate into mechanistic or aetiological insight (Saggar & Uddin, 2019). In 

turn, the implications for how to understand what psychopathology really is remains to be 

clarified. Nevertheless, a critical step towards achieving this aim is the understanding of what 

is shared and what is unique across different forms of psychopathology.  
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4.2. Neurodevelopment and its role in psychopathology 

Throughout childhood, adolescence and early adulthood, the brain undergoes some of the 

most dramatic changes of the entire lifespan. Supporting an expanding repertoire of motor, 

cognitive and social skills required for adulthood and independence from caregivers, major 

alterations occur in both brain structure (Mills et al., 2016) and function (Paus et al., 2008; 

Power et al., 2010). Briefly, alterations in brain structure implicate an inverted U-shaped 

trajectory for grey matter, while white matter exhibit an extended increase as one approach 

adulthood (Giedd et al., 2015; Tamnes et al., 2017). This process seems to develop in a 

posterior-anterior manner, aligned with the functional partition of the cortex along a sensory-

association axis (Walhovd et al., 2014). 

 Developmental trajectories of brain function and functional networks are not as well 

mapped, but recent work suggest that the maturation of functional networks follow the same 

posterior-anterior sensory-association axis of development (Edde et al., 2021; Sydnor et al., 

2021). Sensory and motor functions and their implicated regions develop during early 

childhood, while higher-order cognitive functions and implicated transmodal functional 

networks seem to be later maturing and still developing throughout adolescence. Brain 

regions assumed to underlie these later-developing networks involve the association cortices 

and fronto-parietal regions of the brain.  

The developmental perspective and the role of developmental context in psychopathology 

has been called out as a critical dimension missing from early research into neurobiological 

mechanisms (Kaczkurkin et al., 2020) as well as the original RDoC framework (Casey et al., 

2014; Conradt et al., 2021; Durbin et al., 2022). The reasoning here is that understanding 

typical development is a pre-requisite to understanding what goes “awry” in 

psychopathology. This developmental framework is essential also because it may shed light 

on whether any detected neurobiological or other differences between patients and controls 

are the result of developmental delay, deviation, or regression, which has wide implications 

for prevention and treatment (Casey et al., 2014). 

Accumulating behavioural, cognitive, neural, and genetic evidence support a 

neurodevelopmental origin of mental illness (Buckholtz & Meyer-Lindenberg, 2012; Insel, 

2010; Paus et al., 2008; Uhlhaas et al., 2023). Specifically, this hypothesis entails that 

aberrant neurodevelopmental processes occurring during early life, likely due to a 

combination of genetic and environmental factors, sets an individual on a path of increased 

risk for developing mental disorders. As mentioned, most mental disorders emerge during 

youth, with some emerging even during early childhood (Kessler et al., 2007). This includes 
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classic neurodevelopmental disorders such as attention-deficit hyperactivity disorder 

(ADHD) and autism spectrum disorder (ASD), but also conditions such as anxiety and 

obsessive-compulsive disorder (OCD). Conditions typically developing later, in adolescence 

and early adulthood, such as mood disorders and schizophrenia, also show signs of a 

neurodevelopmental origin, such as delayed developmental milestones in the first year and 

implicated genes being involved in brain development (Insel, 2010). Understanding the role 

of the neurodevelopmental context in the development of mental illness is therefore of pivotal 

importance.  

One framework to explain the co-occurrence of mental disorder onset with brain 

maturation is the framework of “sensitive periods” (Blakemore & Mills, 2014; Fuhrmann et 

al., 2015; Knudsen, 2004; Reh et al., 2020). Sensitive periods refer to time-limited 

developmental windows in which environmental exposures have marked effects on the 

function and structure of the brain due to increased plasticity. This idea was originally 

introduced by the observation that sensory deprivation in early life can impede successful 

development of vision circuitry in the brain (Hooks & Chen, 2007). The increased plasticity 

of the brain during childhood and adolescence as part of neurodevelopment affords 

adjustment and maturation but may come at the cost of increased risk for mental illness when 

combined with genetic and environmental vulnerability (Fuhrmann et al., 2015). A similar 

framework is the concept of developmental cascades, which posits that transactions at 

different timescales (e.g., perinatal, infancy, adolescence), constructs (cognition, mood, 

behaviour) and levels (molecular, individual, social) can have a cumulative cascading effect 

on subsequent development (Masten & Cicchetti, 2010).  

If psychopathology is the result of cumulative risk leaving traces in the developing brain, 

this was wide implications both for our understanding of psychopathology, and for prevention 

and treatment. Research into the neurobiological correlates of psychopathology during 

development thus represents two avenues in which neuroimaging research can aid 

psychopathology understanding (Nielsen et al., 2020). First, grounded in the biomedical 

framework of mental disorders, this research may yield additional insight into disease 

mechanisms relevant for individual predictions and personalised treatment (Saggar & Uddin, 

2019). Second, grounded in the developmental framework, this research may yield additional 

insight into neurodevelopment and which factors are involved in psychological risk and 

resilience more broadly, either protecting or exposing an individual to progressing from 

vulnerability to “disease” (Fuhrmann et al., 2015; Lehman et al., 2017). In the pursuit of 
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psychopathology aetiology, understanding mechanisms of neurodevelopment and how they 

relate to shared and distinct forms of psychopathology becomes important. 

 

4.3. Risk factors 
Although the precise aetiology of psychopathology remains largely unknown, attempts have 

been made to identify specific factors linked to increased risk. For schizophrenia, such 

investigations have identified factors such as genetic variants, drug use, obstetric 

complications, prenatal infections, urbanicity, migration, lower educational performance, 

brain pathology, and childhood adversity (Murray et al., 2017). In addition, a common theme 

is that non-specific symptom manifestations in childhood are linked to later psychopathology 

(Arslan et al., 2021; Lahey et al., 2016). Of note, general psychopathology in adulthood has 

been linked to lower cognitive function and compromised brain integrity years prior to 

symptom onset (Caspi et al., 2014), alluding to cognition and brain development as important 

early indicators or risk factors for later psychopathology. In line with the developmental 

framework, higher-order cognitive functions such as working memory and executive 

functioning are some of the last cognitive abilities to mature, corresponding to later 

development of implicated brain regions and circuits (Larsen & Luna, 2018). For example, 

these higher-order cognitive functions are believed to recruit circuitry involving the 

prefrontal cortex, a brain region consistently found to be impaired in mental disorders (Chini 

& Hanganu-Opatz, 2021). However, no one factor, or one group of factors, alone, have been 

found to be causal. Rather, psychopathology appears to result from a hugely complex 

combination of these and probably many other factors, consistent with the developmental 

cascades framework. In this thesis, we therefore employed a wider, multivariate investigation 

of associations between mental health data and other factors to illuminate relevant patterns 

for further investigation. 

 

4.4. Neuroimaging as a method to study the brain in psychopathology 

Magnetic resonance imaging (MRI) is a non-invasive imaging technique that has 

revolutionised the study of the human brain. Both physical states and mental states have been 

attempted quantified using this methodology, with various biological properties to form the 

basis of the investigation. Briefly, MRI works by inducing a strong magnetic field and then 

identifying separate types of biological tissue by quantifying the degree of magnetisation, 

which differs across different types of tissue (Weishaupt et al., 2006). In this thesis, two 

major and widely used approaches of MRI have been used, namely structural and functional 
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MRI. More detail regarding these methodologies and their application in the study of 

psychopathology is outlined below.  

 

4.4.1. Structural MRI 

Structural MRI or structural imaging refer to MRI sequences that aim to delineate the 

anatomical structure of the brain based on its different types of tissue. Typically, this MRI 

image is obtained using a T1-weighted sequence, which involves using imaging parameters 

that optimise separation of grey matter and white matter, in which the former appears grey, 

and the latter appears white (Bischoff-Grethe & Fennema-Notestine, 2023). These images are 

then often reconstructed and segmented using automated pipelines, such as from FreeSurfer 

(Fischl, 2012), a software toolbox which affords quantification of specific brain structures, 

such as by their thickness, volume, and surface area, measures which can then be compared 

and monitored across time and across populations.  

 Abnormalities in brain structure has been linked to both dimensional and categorical 

approaches to psychopathology, with substantial overlap in neural correlates across 

diagnostic boundaries in adult patients (Goodkind et al., 2015; Hettwer et al., 2022; Opel et 

al., 2020). In a population-based sample of youth called the Philadelphia 

Neurodevelopmental Cohort (PNC) (Satterthwaite et al., 2016), overall psychopathology has 

been linked to brain white matter aberrations across classical diagnostic boundaries (Alnaes 

et al., 2018), as well as reduced grey matter volume (Kaczkurkin et al., 2019; Moberget et al., 

2019). Reduced grey matter volume was also found linked to overall psychopathology in 

children aged 9-10 from the Adolescent Brain Cognitive Development study (ABCD) (Casey 

et al., 2018) (Durham et al., 2021; Mewton et al., 2022; Romer et al., 2023) and prefrontal 

areas in children aged 6-10 (Snyder et al., 2017). Importantly, general psychopathology 

correlated with greater negative deviations in normative cortical development (Parkes et al., 

2021) but brain structure measures could not predict within-person change in symptom 

burden across time (Romer et al., 2023).  

 

4.4.2. Functional MRI 

Functional MRI or functional imaging refer to MRI sequences that aim to infer something 

about the “function” of the brain, i.e., brain activity. This is achieved by following the 

rationale that a net increase of oxygenated to deoxygenated blood implies increased brain 

activity, as neural transmission is very energy consuming (Raichle, 1987). As such, functional 

20



 21 
 

MRI involves imaging the level of deoxyhemoglobin, specifically the blood-oxygen-level-

dependant (BOLD) response across regions of the brain over time (Kim & Ogawa, 2012). If 

imaged during rest, i.e., when doing nothing other than lying still inside the scanner bore, this 

approach is referred to as resting-state functional MRI (Biswal et al., 1995). This data can 

then be separated into “networks” of intrinsic brain activation across brain regions based on 

their covariation. This network approach is often called functional connectivity or the 

functional connectome (Biswal et al., 2010). The rationale of this approach is that brain 

regions that covary, talk together or are “more connected.” This can be defined as brain 

activity showing coherent temporal fluctuations across spatial networks that are present when 

an individual is not partaking in higher cognitive tasks (Moreno-Ayure et al 2020). These 

intrinsic networks of the brain can be estimated in different ways, with one common 

approach resulting in the following seven networks (Yeo et al., 2011): the default mode 

network (DMN), the visual network, the somatomotor network, the fronto-parietal/control 

network, the salience/ventral attention network, the limbic network, and the dorsal attention 

(DA) network. As their names imply, these networks are involved in different functional 

circuits typically fluctuating at rest. 

As with brain structure, investigations into the overlap across diagnostic categories in 

adults suggest shared neural correlates of brain function (McTeague et al., 2017; McTeague et 

al., 2020; Sha et al., 2019). Using diagnostic data in ABCD, a hierarchical model of 

psychopathology consisting of a general factor and three lower order factors (externalising, 

internalising and thought disorder), was associated with common and dissociable patterns of 

functional connectivity (Lees et al., 2021). Specifically, common patterns involved 

hypoconnectivity within the DA and retrosplenial-temporal networks, hyperconnectivity 

between the frontoparietal and ventral attention (VA) networks, and between the DA network 

and amygdala. In addition, the externalising factor was uniquely associated 

with hyperconnectivity between the salience and VA networks, while internalizing was 

characterized by hypoconnectivity between the DMN and cingulo-opercular networks.  

Likewise, recent efforts have established specific patterns of connectivity across 

dimensions derived from symptom data. Also in the ABCD sample, robust associations were 

found between connectivity and a general psychopathology factor, as well as a 

neurodevelopmental factor (Karcher et al., 2021). The general factor was associated with 

hypoconnectivity within the DMN, an association that was evident, and stronger, in the 

neurodevelopmental factor. In addition, the neurodevelopmental factor was characterised by 

associations with the cingulo-opercular, DA and “other” networks.  
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Connectivity patterns in ABCD were also used to predict the p-factor (Hong et al., 

2023) and sub-domains of psychopathology (Chen et al., 2022). Across dimensions of 

psychopathology, several studies consistently report a shared association with reduced 

functional segregation of the control or executive network from other core networks (Chen et 

al., 2022; Elliott et al., 2018; Lees et al., 2021), as well as reduced connectivity within the 

DMN (Chen et al., 2022; Karcher et al., 2021).  

In addition, delayed maturation of functional connectivity networks seems to be a 

common transdiagnostic correlate (Vanes & Dolan, 2021). For example, children and 

adolescents with subclinical symptoms of mental illness in the PNC sample showed 

diverging developmental trajectories of their brain functional connectivity, compared to 

healthy controls (Kaufmann et al., 2017). 

 

4.4.3. Multivariate brain-behaviour associations 

A promising approach to further understand the factors relating brain development to 

psychopathology is the utilisation of multivariate statistics. Multivariate statistics affords 

mapping of relevant associations across many measurements at once, accommodating 

correlations between individual measures and yielding increased statistical power to detect 

latent structures in the data if they exist (McIntosh & Lobaugh, 2004; Wang et al., 2020). 

This way, clusters of relevant factors can be identified, for example, the similarities and 

differences in brains of individuals with different forms of psychopathology.  

Multivariate approaches in adults have revealed a positive-negative population 

dimension linking brain functional connectivity with lifestyle, demographic, and 

psychometric measures (Smith et al., 2015), thereby characterising an intricate web of 

relevant factors across domains. This “positive-negative” axis of covariation has been 

replicated in adolescents (Modabbernia, Reichenberg, et al., 2021) and children aged 9-10 

from ABCD (Alnæs et al., 2020; Modabbernia, Janiri, et al., 2021), highlighting the existence 

of these patterns already early in life. In paper I of this thesis, we use a similar approach to 

investigate latent patterns linking brain development and clinical, cognitive, and socio-

environmental factors in children diagnosed with mental disorders.  

 Other lines of investigation have used multivariate statistics to derive dimensions of 

psychopathology based on covariance in brain data. For example, a partly replicable pattern 

of both shared and unique aspects of anxiety, irritability, and ADHD were related to 

distributed functional connectivity in two clinical samples of mainly children (Linke et al., 
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2021). Another recent study identified four neuroimaging patterns related to phenotypic 

variation across children with and without an ADHD diagnosis (Ball et al., 2018). In 

PNC, symptom dimensions were derived by finding their maximal correlation with functional 

connectivity (Xia et al., 2018). Dimensions of mood, psychosis, fear, and externalisation 

symptoms exhibited both unique patterns of connectivity, as well as a shared pattern of 

abnormal within-network connectivity of the DMN and frontoparietal network. In addition, 

they shared reduced segregation between the DMN and executive (fronto-parietal and 

salience) networks.  

Using a similar multivariate approach in ABCD (Kebets et al., 2023), brain 

covariance across both functional and structural data revealed overlapping symptom 

dimensions as those reported previously using symptom data alone (Michelini et al., 2019). 

Multivariate approaches also support the general psychopathology association with reduced 

cortical volume in youth (Bashford-Largo et al., 2023) and children from ABCD (Durham et 

al., 2023). Together, these findings strongly support the utility of the dimensional 

conceptualisation of psychopathology in the pursuit of neurobiological mechanisms of mental 

disorders. However, the similarities and differences across different forms of 

psychopathology need also be mapped out in clinical samples. In paper II of this thesis, we 

use multivariate methods to investigate this question.  

 

4.5. Replicability and generalisability 

One of the challenges for traditional case-control research into neurobiological correlates of 

specific mental disorders is the lack of replicability and generalisability across studies and 

across populations of patients (Uddin et al., 2017). Indeed, the neuroimaging field as a whole 

has had this problem to varying degrees (Botvinik-Nezer & Wager, 2022). Replicability refers 

to the ability to obtain similar results as previous research when using new data or 

methodology (Jadavji et al., 2023). A non-negligible part of this problem is likely due to 

methodological issues, such as small sample sizes or overfitting in large samples (Botvinik-

Nezer & Wager, 2022; Davatzikos, 2019; Poldrack et al., 2020; Varoquaux, 2018). However, 

the categorical approach to psychopathology may also have hampered this pursuit (Hyman, 

2007; Saggar & Uddin, 2019). For research to be clinically relevant, and one day be able to 

identify reliable biomarkers of psychopathology, establishing generalisability represents a 

critical prerequisite (Poldrack et al., 2020; Woo et al., 2017). In all three papers of this thesis, 

we tested the generalisability of our findings to an independent cohort.  
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4.6. Summary 

A major target for clinical neuroscience is establishing robust neurobiological correlates of 

psychopathology. This is important to better understand the mechanisms underlying 

psychopathology, which in turn may yield insight into psychopathology aetiology, which then 

may improve the diagnostic nosology, and thereby improve prevention and treatment. In 

response to the limitations of a categorical approach to diagnosis, novel approaches to 

conceptualising psychopathology have been developed (Caspi et al., 2014; Insel et al., 2010; 

Kotov et al., 2017). There is hope and accumulating evidence that these dimensional, 

transdiagnostic approaches will yield improved detection of relevant neurobiological 

mechanisms. Another important perspective to consider in this pursuit is the developmental 

context of psychopathology.  

 In this thesis, we investigate multivariate brain-behaviour associations in a clinical 

developmental sample and relate these to different operationalisations of psychopathology 

(i.e., dimensional vs categorical). We establish that dimensional, transdiagnostic approaches 

to psychopathology map onto patterns of covariance in both brain structure, brain function, 

and cognitive and socio-environmental factors, while categorical approaches are less 

successful. Finally, we attempt to validate our results in three different independent cohorts.  
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5. Main research objectives and hypotheses 

 
The overarching aim of this thesis was to use multivariate statistics and brain-based models 

to increase our understanding of what is shared and what is unique across different forms of 

psychopathology. Additionally, we aimed to test the extent to which these associations 

generalise to other populations.  

 These aims were operationalised through specific objectives, which were each 

addressed in the following empirical papers:  

 

5.1. Paper 1 

The objective of this study was to establish reliable brain-behaviour associations across brain 

structure and clinical, cognitive, and socio-environmental factors in a developmental clinical 

sample. Secondly, to investigate whether these associations look similar or different across 

different categories of psychopathology. And thirdly, to validate these results in an 

independent cohort. Based on the p-factor framework and other dimensional 

conceptualisations of psychopathology, we expected these brain-behaviour associations to 

reveal transdiagnostic patterns across brain structure and clinical-cognitive-socio-

environmental factors.  

 

5.2. Paper 2 

The objective of this study was to contrast categorical and dimensional approaches to 

psychopathology in terms of their covariance with resting-state functional connectivity. 

Secondly, to validate these results in an independent cohort. Again, we expected these 

associations to show that brain covariance aligns better with dimensional approaches to 

psychopathology.  

 

5.3. Paper 3 

The objective of this study was to test the generalisability of brain associations of categorical 

approaches to psychopathology in an independent Norwegian cohort. Given the trouble with 

replicating previous functional connectivity findings, we expected low degree of replicability 

and generalisability.  
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6. Methodology 

 

6.1. Samples 

This thesis include data from three publicly available datasets, in addition to locally collected 

data. Table 1 shows an overview of the samples. For paper I, data from the Healthy Brain 

Network (HBN) (Alexander et al., 2017) and PNC (Satterthwaite et al., 2016) were included. 

For paper II, data from HBN and the ABCD cohort (Casey et al., 2018) were included. For 

paper III, data from HBN and the Norwegian Brains and Minds in Transition (Brainmint) 

sample were included.  

 

 Paper I Paper II Paper III 

Cohort HBN / PNC HBN / ABCD HBN / Brainmint 

Sample size 1732 / 1253 2109 / 3504 1666 / 531 

Types of measures Structural MRI, 

behavioural, clinical, 

cognitive, socio-

environmental 

Resting-state 

functional MRI, 

clinical 

Resting-state 

functional MRI, 

clinical 

Age (mean ± SD) 10.52 ± 3.17 /  

15.26 ± 3.54 

10.99 ± 3.16 /  

9.94 ± 0.62 

10.91 ± 3.14 /  

17.69 ± 2.83 

Age range 5-21 / 8-21 5-21 / 9-10 5-21 / 9-25 

Table 1. Overview of the samples used in this thesis. HBN; Healthy brain network. PNC; 

Philadelphia neurodevelopmental cohort. ABCD; Adolescent brain cognitive development 

cohort. MRI; magnetic resonance imaging. SD; standard deviation. 

 

HBN sample. HBN is a clinically enriched developmental sample from four different 

sites across New York City, USA. The project is led by the Child Mind Institute with the aim 

to understand the heterogeneity of developmental psychopathology. The data collection is 

still ongoing. Participants included thus far ranged from 5 to 21 years old and most of them 

met the criteria for at least one neurodevelopmental or mental disorder diagnosis. They were 

recruited through “community-referred recruitment”, meaning that families with concerns 

regarding the mental health of their child were encouraged to participate. The participants 

underwent a range of examinations, including physical and cognitive testing, psychological 

assessment, diagnostic screening, MRI, electroencephalography, and genetics. The only 
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exclusion criteria for participation were the presence of any acute safety concerns, severe 

behavioural or cognitive impairment (e.g., being nonverbal), or medical concerns that would 

likely confound brain-related findings. HBN was approved by the Chesapeake Institutional 

Review Board (IRB) (https://www. chesapeakeirb.com/). 

PNC sample. PNC is a population-based sample from the greater Philadelphia area, 

USA. The project aimed to understand the link between genetics, behaviour, and the brain 

during development. Participants were 8 to 21 years old and were recruited after visiting a 

primary care facility associated with the Children’s hospital of Philadelphia. As a result, 

youth with a range of medical conditions were included, from well-child visits to more severe 

medical problems. Participants underwent MRI, cognitive tests, psychological assessment, 

and genetic testing. A formal psychiatric assessment of diagnosis was not performed. 

Inclusion criteria for participation were ability to give informed consent (parental consent 

was required for individuals <18 years old), English proficiency, and ability to participate in 

computerised assessments such as cognitive tests. PNC was approved by The University of 

Pennsylvania and Children’s hospital of Philadelphia IRB.  

ABCD sample. ABCD is a population-based sample recruited from 21 sites across all 

over USA. The study is still ongoing and plans to follow >10,000 children for ten years with 

extensive assessments and multiple timepoints. The aim is to conduct a longitudinal study of 

brain development and child health in a socio-demographically representative cohort. 

Participants were recruited for the baseline timepoint at age 9-10, which is the data included 

in this thesis. Ethical review and approval of the protocol was obtained from the IRB at the 

University of California, San Diego, as well as from local IRB (Auchter et al., 2018). 

Brainmint sample. Brainmint is a convenience-based sample of youth recruited from the 

Oslo region in Norway. This study is also ongoing, with the aim to understand the role played 

by brain plasticity in the increased risk for mental illness during adolescence. Participants 

included thus far range from 9 to 25 years old and were recruited through social media or due 

to participation in collaborating studies. The participants underwent MRI, cognitive tests, and 

psychological assessment. Brainmint was approved by the Regional Committee for Medical 

and Health Research Ethics (REC), South-East division in Norway. 

 

6.2. Behavioural measures  

HBN sample. Behavioural data from HBN used in this thesis include clinical, cognitive, 

and socio-environmental factors. In paper I, all available behavioural data in HBN was 
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initially included, prior to data cleaning and dimensionality reduction. In paper II and paper 

III, mental health symptom scores obtained from the parent-reported Child Behaviour 

Checklist (CBCL) (Achenbach & Rescorla, 2001) and Strength and Difficulties 

Questionnaire (SDQ) (Goodman, 1997) were used, respectively. We used both the raw 

symptom item scores and the summary scores for each subscale. For CBCL, these subscales 

were: Anxious/depressed, withdrawn/depressed, somatic complaints, social problems, 

thought problems, attention problems, rule-breaking behaviour, and aggressive behaviour. 

SDQ subscales included emotional problems, conduct problems, hyperactivity, peer 

problems, and prosocial behaviour. In paper II, we also used diagnostic information obtained 

from a computerised interview (KSADS) (Kaufman et al., 1997). We then categorised 

diagnoses as either “ADHD”, “ASD”, “anxiety disorders”, “mood disorders”, “other 

neurodevelopmental disorders”, “other disorders” or “no diagnosis”. 

PNC sample. Behavioural data from PNC used in this thesis include cognitive measures 

and clinical measures (paper I). In PNC, cognitive abilities were assessed using a 

computerised test battery of 12 tests, measuring executive function, working memory, 

episodic memory, verbal and non-verbal reasoning, and social cognition (Gur et al., 2014). 

We included a general cognitive ability factor, computed as the first principal component of a 

principal component analysis (PCA) run on these test results, which was derived by an earlier 

study (Alnaes et al., 2018). In addition, we included a social cognitive score, which was 

computed as the sum of the two social cognition tests: the Penn Emotion Identification Test 

and Penn Emotion Differentiation Test (Moore et al., 2015). Finally, we included a normative 

deviation score for cognitive abilities, which was estimated using normative modelling on the 

cognitive test data, also derived by an earlier study (Kjelkenes et al., 2022). This measure is 

an estimation of the degree of deviation from a normative age trajectory, i.e., the relative 

cognitive development compared to same-aged peers. Clinical measures in PNC included 129 

symptom scores obtained with a computerised clinical interview (GOASSESS) (Calkins et 

al., 2015). Based on earlier work, these symptom scores were decomposed into 7 clinical 

components using independent component analysis (ICA): Attention/ADHD, anxiety, 

conduct disorder, depression, psychosis prodrome, mania, and obsessive-compulsive disorder 

(Alnaes et al., 2018). In addition, we included a general symptom burden measure (mean 

clinical ICA-score).  

ABCD sample. Behavioural data from ABCD used in this thesis include mental health 

symptom scores obtained from parent-report CBCL. In paper II, we used both the raw 

symptom item scores and the summary scores for each subscale. 
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Brainmint sample. Behavioural data from Brainmint used in this thesis include mental 

health symptom scores obtained from self-report SDQ. In paper III, we used the raw 

symptom item scores to compute summary scores for each subscale. 

 

6.3. Brain MRI measures  

Full details regarding the MRI acquisition and pre-processing steps are given in each 

respective paper. A short description is provided below.  

HBN sample. Brain data from HBN used in this thesis include structural MRI (paper I) 

and resting-state functional MRI (paper II and III). HBN MRI data was collected at four sites 

with different scanners and slightly different acquisition parameters. Structural MRI was 

obtained from one of four different T1-weighted sequences, selecting the sequence with the 

best estimated quality per individual. Pre-processing steps included the recon-all 

segmentation pipeline of FreeSurfer (Fischl, 2012). Quality control steps was done using 

MRIQC (Esteban et al., 2017). Resting-state functional MRI was obtained as the first fMRI 

sequence out of four, in which the latter two included naturalistic movie viewing. Pre-

processing steps included motion correction, high-pass filtering, smoothing, distortion 

correction, registration, ICA-AROMA and FIX, all run using the FMRIB Software Library 

(FSL) (Smith et al., 2004). Again, quality control steps was done using MRIQC (Esteban et 

al., 2017). The resting-state timeseries were then parcellated into 100 parcels using the 

Schaefer parcellation (Schaefer et al., 2018). Finally, the functional connectivity matrix was 

estimated by running network analysis on the parcels using partial correlations in FSLNets.  

PNC sample. Brain MRI data from PNC used in this thesis include structural MRI (paper 

I). In PNC, structural MRI was obtained with a T1-weighted sequence acquired on a single 3T 

Siemens (TrioTim) scanner. Pre-processing steps included the same steps as for HBN data 

described above. 

ABCD sample. Brain data from ABCD used in this thesis include resting-state functional 

MRI (paper II). Pre-processing and network analysis of this data was done by another study 

(Kebets et al., 2023).  

Brainmint sample. Brain data from Brainmint used in this thesis include resting-state 

functional MRI (paper III). Resting-state functional MRI was obtained using a T2*-weighted 

sequence on a 3T GE SIGNA Premier scanner. Pre-processing and quality control steps 

included fMRIPrep (Esteban et al., 2019) and MRIQC (Esteban et al., 2017). Parcellation and 

network analysis steps were then the same as for HBN data described above.  
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6.4. Statistical analysis 

The backbone of this thesis is the use of multivariate statistics to understand the complex 

relatedness of brain-behaviour associations. The main statistical analyses were carried out in 

MATLAB R2020b (MathWorks, 2020). Supplementary analyses and plotting were carried 

out in R version 4.1.2 (R Team, 2018). In paper I, we used an integrated approach consisting 

of canonical correlation analysis (CCA) and independent component analysis (ICA) (Miller 

et al., 2016). In paper II, we used partial least squares (PLS) to compare rotated versus non-

rotated/contrast-based latent patterns (Krishnan et al., 2011). In all three papers, we 

investigated the generalisability of findings using out-of-sample validation. Below these 

methodological approaches will be outlined in some more detail.  

 

6.4.1. CCA-ICA 

CCA estimates orthogonal canonical variates or modes of covariation, reflecting maximal 

correlation across two matrices. These modes represent linear combinations of one matrix 

that explain variance in linear combinations of the other matrix across participants. In paper I, 

we used this methodology to investigate brain-behaviour associations across structural MRI 

and clinical, cognitive, and socio-environmental variables. To aid interpretability of the 

modes, we submitted the outputted CCA scores to ICA. This involved finding independent 

components drawn across both brain and behaviour variables. To ensure stability and 

robustness of the detected modes, permutation tests were run. Moreover, data was submitted 

to PCA prior to CCA-ICA analysis and reliability of this decomposition was assessed using 

split-half reliability.  

 

6.4.2. PLS 

PLS estimates latent variables (LV) reflecting maximal covariance across two matrices. 

Briefly, this involves an estimation of a cross-covariance matrix, which is then inputted to 

singular value decomposition for dimensionality reduction. To estimate PLS models using 

data measured on different scales, all brain MRI and behavioural measures where normalised 

prior to estimating PLS. The weights of each input variable onto each LV say something 

about which variables are relevant for this pattern, akin to factor loadings. To ensure stability 

and robustness of the detected LVs, permutation testing and bootstrapping with replacement 

were included as intermediate steps. In paper II, we used PLS to investigate shared 
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associations across functional connectivity and mental health data (symptoms and diagnostic 

categories).  

 

6.4.3. Out-of-sample validation 

Given that multivariate statistics is prone to overfitting (Poldrack et al., 2020), a final step to 

ensure robustness of results is the use of out-of-sample validation. In this thesis, out-of-

sample-validation was performed in all three papers. In paper I, the brain-behaviour 

associations detected across structural MRI and clinical, cognitive, and socio-environmental 

variables were validated in an independent cohort with slightly different clinical and 

cognitive variables. In paper II, the shared associations detected between functional 

connectivity and symptom data were validated in both an independent sample from HBN and 

an independent cohort with overlapping variables. In paper III, the shared associations 

detected between functional connectivity and diagnostic categories were validated in an 

independent cohort and used to predict symptom scores across samples. Joint across these 

validation efforts, the validation was performed on the MRI variables as the initial step. MRI 

variables in the validation sample were decomposed using weights derived in the original 

sample. Validation was then performed as the correlation across the MRI variables of the 

original sample and the derived MRI variables of the validation sample. Permutation testing 

was used to test significance. As a second step, generalisability was assessed by testing 

whether the derived MRI variables of the validation sample could predict behavioural 

measures in the validation sample. The reliability of these associations was assessed using 

bootstrapping with replacement.  

 

6.5. Ethical considerations 

Ethical considerations form an essential aspect of research. For the work conducted as part of 

this thesis, particular focus was put on ethical conduct in data collection when participants are 

children and adolescents. In addition, considerations were made with respect to the ethical 

implications of this research for those studied (i.e., children and adolescents) and for society 

at large.  

 For the three publicly available datasets, we were not part of the teams that collected 

the data. As such, we did not have any direct contact with any of the participants or otherwise 

any influence over how this data collection was carried out. However, all three studies had 

procedures for data collection and handling in line with their IRB approval.  
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 For the Brainmint sample, we were responsible for the data collection and handling of 

data. The study was conducted in line with the Declaration of Helsinki and has been reviewed 

and approved by the REC (2019/943), South-East division in Norway. All participants 

provided written informed consent prior to their participation in the study, and this was given 

after being provided with information regarding all aspects of participation. Particularly, this 

included information regarding what participation entails in terms of tasks and how we will 

ensure confidentiality of their data. Participants were also informed that they could withdraw 

their consent to participate at any time, without any consequence, and that they could ask to 

have their data deleted. This information was provided both via verbal communication and in 

written information sheets. For participants under the age of 16, both parents/legal guardians 

provided written informed consent on their behalf.  

Given that many participants were under the age of 18, we took particular care to ensure 

that participation felt safe and easy. MRI is considered safe, but lying still in a small space for 

a long time can feel tiresome, especially for children and adolescents. During the MRI scan, 

the scanning personnel would check with the participant at regular intervals if they felt ok to 

proceed, or otherwise end the exam prematurely. Parents were also allowed to join their child 

inside the scanner room if the child needed them close.  

As an additional safety measure, all MRI scans were examined by a qualified 

neuroradiologist to detect any incidental findings in the brain of the participants. For any 

clinically relevant findings, procedures were in place to follow these up in the regular 

hospital system.  

To ensure safe handling and storage of data, both from Brainmint and from the publicly 

available samples, all data was stored and analysed on the University of Oslo secure server 

for storage of sensitive data (TSD; https://www.uio.no/english/services/it/research/sensitive-

data/). Data handling procedures that ensure privacy/GDPR has been approved by the 

Norwegian Agency for Shared Services in Education and Research (https://sikt.no/en/home). 

Children and adolescents represent a vulnerable population, particularly youth with 

elevated symptoms of psychopathology. Conducting research in this group comes with an 

ethical responsibility for how such research is later communicated and used, for example in 

the media or in policy making. Research should be transparent, and the chosen research 

questions should feel relevant and beneficial to those being studied. Currently, the biological 

underpinnings of mental disorders and their developmental context remains largely unknown. 

Communication of such associations should therefore be cautious. Only later, when building 

on work such as this thesis, benefits for the individual patient or youth may be within reach.  
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Translating and replicating findings across research cohorts and populations represents a 

critical step towards this aim, and this thesis represents one step on this path. Advances in 

machine learning and predictive modelling comes with great potential. However, it is 

essential that models and their findings are not based on, and exasperating, bias in data, 

leading to stigma and unfair predictions. The utility of being able to predict the onset of 

mental disorders and preventative interventions must be balanced with the possibility of 

causing harm through potential discrimination and stigmatisation for those being labelled as 

at-risk. In the advent of personalised medicine, this issue must be overcome in order for any 

replicated findings to be useful.   
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7. Summary of papers 
 

7.1. Paper 1: Shared pattern of impaired social communication and cognitive ability 

in the youth brain across diagnostic boundaries 

Background. Abnormalities in brain structure are shared across diagnostic categories. 

Given the high rate of comorbidity, the interplay of relevant behavioural factors may also 

cross these classic boundaries.  

Methods. We aimed to detect brain-based dimensions of behavioural factors using 

CCA and ICA in a clinical youth sample (n=1732, 64% male, age: 5-21 years).  

  Results. We identified two correlated patterns of brain structure and behavioural 

factors. The first mode reflected physical and cognitive maturation r=.92, p=.005). The 

second mode reflected lower cognitive ability, poorer social skills, and psychological 

difficulties (r=.92, p=.006). Elevated scores on the second mode were a common feature 

across all diagnostic boundaries and linked to the number of comorbid diagnoses 

independently of age. Critically, this brain pattern predicted normative cognitive deviations in 

an independent population-based sample (n=1253, 54% female, age: 8-21 years), supporting 

the generalisability and external validity of the reported brain-behaviour relationships.  

Conclusion. These results reveal dimensions of brain-behaviour associations across 

diagnostic boundaries, highlighting potent disorder-general patterns as the most prominent. In 

addition to providing biologically informed patterns of relevant behavioural factors for 

mental illness, this contributes to a growing body of evidence in favour of transdiagnostic 

approaches to prevention and intervention. 
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7.2. Paper 2: Delineating disorder-general and disorder-specific dimensions of 

psychopathology from functional brain networks in a developmental clinical 

sample 

Background. The interplay between functional brain network maturation and 

psychopathology during development remains elusive. To establish the structure of 

psychopathology and its neurobiological mechanisms, mapping of both shared and unique 

functional connectivity patterns across developmental clinical populations is needed.  

Methods. We investigated shared associations between resting-state 

functional connectivity and psychopathology in children and adolescents aged 5-21 (n=1689). 

Specifically, we used PLS to identify LVs between connectivity and both symptom scores 

and diagnostic information. We also investigated associations between connectivity and each 

diagnosis specifically, controlling for other diagnosis categories.  

Results. PLS identified five significant LVs between connectivity and symptoms, 

mapping onto the psychopathology hierarchy. The first LV resembled a general 

psychopathology factor, followed by dimensions of internalising- externalising, 

neurodevelopment, somatic complaints, and thought problems. Another PLS with diagnostic 

data revealed one significant LV, resembling a cross-diagnostic case-control pattern. 

The diagnosis-specific PLS identified a unique connectivity pattern ASD. All LVs were 

associated with distinct patterns of functional connectivity. These dimensions largely 

replicated in an independent sample (n=420) from the same dataset, as well as to an 

independent cohort (n = 3504).  

Conclusion. This suggests that covariance in developmental functional brain 

networks supports transdiagnostic dimensions of psychopathology. 
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7.3. Paper 3: Testing the sensitivity of diagnosis-derived patterns in functional brain 

networks to symptom burden in a Norwegian youth sample 

Background. Aberrant brain network development represents a putative key aetiological 

component in mental disorders, which typically emerge during childhood and adolescence. 

Previous resting-state functional MRI studies have identified brain connectivity patterns 

reflecting psychopathology, but the generalisability to other samples and politico-cultural 

contexts has not been established.  

Methods. We investigated whether a previously identified cross-diagnostic case-

control and ASD-specific pattern of resting state functional connectivity (discovery sample; 

children and adolescents aged 5-21 from New York City, USA; n = 1666) would replicate in a 

Norwegian convenience-based sample of youth (validation sample; children and adolescents 

aged 9-25 from Oslo, Norway; n = 531). As a test of generalisability, we investigated if these 

diagnosis-derived resting-state functional connectivity patterns were sensitive to levels of 

symptom burden in both samples, based on an independent measure of symptom burden (i.e., 

not diagnostic criteria).  

Results. Both the cross-diagnostic and ASD-specific functional connectivity pattern 

was replicated across samples. Connectivity patterns were significantly associated with 

thematically appropriate symptom dimensions in the discovery sample. In the validation 

sample, the ASD-specific functional connectivity pattern showed a weak, inverse relationship 

with symptoms of conduct problems, hyperactivity, and prosociality, while the cross-

diagnostic pattern was not significantly linked to symptoms.   

Conclusion. Diagnosis-derived connectivity patterns in a developmental clinical US 

sample are replicable in a convenience sample of Norwegian youth, however, they were not 

predictive of mental health symptoms.  
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8. Discussion 

 
By mapping the associations across brain and mental health measures using multivariate 

statistics, this thesis aimed to disentangle what is shared and what is unique across different 

forms of psychopathology. This investigation utilised different brain measures and different 

measures of mental health, including also cognitive and socio-environmental factors, along 

with out-of-sample validation of each finding. The results that arose from this investigation 

support the utility of transdiagnostic approaches to psychopathology, consistently showing 

proclivity for shared, dimensional patterns over categorical, diagnosis-specific patterns. In the 

following section, the main findings and their implications will be discussed.  

 

8.1. Main findings  

In paper I, we investigated shared associations across measures of brain structure and 

measures of mental health, cognitive, and socio-environmental factors. We found evidence 

for two latent dimensions or “modes”: one reflecting physical and cognitive maturation, and 

another reflecting a cross-diagnostic pattern linking social and cognitive troubles with 

reduced white matter surface area. Of note, these patterns were consistent across diagnostic 

groups. There was no evidence for any unique or differentially related latent patterns for 

specific diagnostic groups. These findings suggest that in terms of overarching brain to 

clinical-cognitive-socio-environmental patterns in children and adolescents, these are shared 

across different diagnostic groups. Importantly, the association linking brain structure and 

lower cognitive ability were validated in an independent cohort.  

 Given that brain-behaviour patterns across diagnostic groups seemed to be shared, we 

wanted to dig a little deeper into this relationship. In paper II, we therefore narrowed the 

focus down to the investigation of shared associations across measures of brain function and 

mental health measures only. Specifically, we utilised both categorical and dimensional 

approaches to psychopathology to identify their shared associations with resting-state 

functional connectivity. We found evidence for a shared pattern relating functional 

connectivity to five dimensions of psychopathology, recapitulating the psychopathology 

hierarchy. ASD was the only diagnostic category to exhibit a specific connectivity pattern. In 

addition, we identified a connectivity pattern related to a categorical cross-diagnostic case-

control pattern (i.e., no diagnosis versus all diagnoses) and a dimensional cross-diagnostic 

case-control pattern (i.e., allowing the diagnoses to cluster by their covariance with functional 
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connectivity resulted in this pattern). The symptom dimensions were replicated in an 

independent cohort, but their associated connectivity pattern was not.  

 To further expand on this relationship between brain measures and measures of 

psychopathology, we then investigated in paper III whether the categorical patterns identified 

in paper II were sensitive to measures of psychopathology in yet another independent cohort. 

Here, we found that the categorical diagnosis-derived connectivity patterns replicated, but 

that they were not sensitive to symptom load in the validation sample.  

From these findings two major themes arise, namely that 1) brain patterns seem to be 

shared across different forms of psychopathology, and 2) that dimensional approaches to 

psychopathology capture more variance in brain measures than do categorical approaches. 

 

8.2. Brain-behaviour associations are shared  

Different diagnoses, if they indeed reflect “natural kinds” each with their own specific 

disease mechanisms and causes, would be expected to yield differential patterns related to 

risk or vulnerability. In this context, patterns of brain development and maturation would be 

expected to relate to each diagnosis in specific ways. For example, if a specific form of 

deviation from expected brain maturation was associated with depression or risk for 

developing depression, we would expect to detect this brain-behaviour association as a latent 

dimension in our multivariate analyses. And similarly, if vulnerability to psychopathology is 

instead cross-diagnostic and shared (as postulated by the HiTOP and p-factor framework), we 

would expect to detect shared latent dimensions of brain-behaviour associations.  

One major advantage of multivariate statistics is the ability to jointly model complex 

relationships across measures that may or may not be independent. In the context of both the 

brain and psychopathology, this advantage is crucial, given that both brain measures and 

psychopathology measures are related to each other. Concurrently, both brain measures and 

psychopathology are related to many other factors, representing risk factors, protective 

factors, confounding factors, and so on. In the disentanglement of this complex interplay, 

multivariate statistics as a methodological approach really shine, and can provide insight into 

the above question of shared versus specific latent dimensions across diagnoses. 

Paper I provides a step towards untangling these relationships in the context of 

diagnoses, investigating similarities and differences in these relationships across different 

diagnostic categories in children and adolescents. Perhaps not so surprisingly, individuals 

with and without mental disorder diagnoses are more alike than they are different in terms of 
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their overarching brain-behaviour associations. Important developmental domains such as 

physical maturation, cognitive ability, and social skills exhibit shared associations with brain 

structure across all individuals. However, beyond this latent pattern, we also found another 

latent pattern, relating brain structure to cognition and social skills. And this pattern was more 

pronounced in diagnosed individuals as compared to individuals with no diagnoses, as shown 

in figure 1. Of note, this pattern was shared across all diagnostic categories. No diagnostic 

group stood out to be driving this finding. 

 

 
Figure 1. Loadings on mode 2 across diagnostic categories in paper I. 

 

This fits with an increasing number of previous studies showing a “positive-negative” 

axis linking brain features to clinical, cognitive, social, and environmental factors in both 

adulthood (Smith et al., 2015), adolescence (Modabbernia, Reichenberg, et al., 2021), and 

childhood (Alnæs et al., 2020; Modabbernia, Janiri, et al., 2021; Xiao et al., 2023). Of note, 

the work of paper I was able to extend this “positive-negative” axis found in population-

based samples to a clinical developmental sample. This demonstrates the relevance of this 

“positive-negative” axis also across diagnostic groups. This is compelling evidence in favour 

of shared mechanisms across mental disorders. 

Shared mechanisms across mental disorders are also in line with previous literature 

finding risk factors of mental disorders to be non-specific and with low predictive utility of 

specific diagnoses (Lynch et al., 2021). Together, this literature does not support the 
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understanding of mental disorder diagnoses as “natural kinds,” at least not in terms of their 

specific underlying mechanisms separating one diagnosis from another. While we cannot 

infer any causality or aetiology based on shared associations and explained variance (Fried, 

2020), the overwhelming coherence of this literature points to similarities rather than 

differences in brain-behaviour associations across diagnostic boundaries. This alludes to the 

specificity of diagnosis mechanisms being small and inconsequential, at best.  

Narrowing the focus down to neurobiological correlates only, the question of 

similarities and differences across psychopathology was further tackled in paper II. Here, we 

investigated how covariance in functional connectivity would cluster in relation to 

dimensional and categorical measures of psychopathology. We found that across both 

approaches, the covariance with functional connectivity supported shared patterns. These 

shared patterns cut across both categorical (i.e., cross-diagnostic case-control) and 

dimensional boundaries, favouring a general psychopathology factor as the dimension 

explaining most covariance with functional connectivity. These findings fit with the 

increasingly coherent story of shared brain-behaviour patterns across diagnostic categories. 

Neurobiological correlates of mental disorders in adults are increasingly found to be 

shared across diagnostic boundaries (Goodkind et al., 2015; Hettwer et al., 2022; McTeague 

et al., 2017; McTeague et al., 2020; Opel et al., 2020; Sha et al., 2019). For example, 

aberrations in the functional connectivity of the DMN, fronto-parietal network, and salience 

network were found to be shared across eight psychiatric disorders (Sha et al., 2019). Another 

shared dimension in adult patients link psychopathology to somatosensory-motor network 

dysconnectivity (Kebets et al., 2019). Interestingly, shared brain structural abnormalities in 

adults were found across diagnoses of major depression, bipolar disorder, schizophrenia, and 

OCD, while abnormalities in neurodevelopmental conditions such as ADHD and ASD were 

largely independent (Opel et al., 2020). In paper II, we found evidence supporting that the 

shared patterns detected in adults can be extended to diagnosed youth, and that the shared 

pattern also encompass neurodevelopmental disorders.  

A shared pattern across diagnostic boundaries aligns with studies finding 

neurobiological correlates of a general psychopathology factor in youth (Chen et al., 2022; 

Durham et al., 2021; Elliott et al., 2018; Kaczkurkin et al., 2019; Karcher et al., 2021; Kebets 

et al., 2023; Lees et al., 2021; Mewton et al., 2022; Romer et al., 2020; Romer et al., 2018; 

Romer et al., 2021; Snyder et al., 2017; Xiao et al., 2023; Xie et al., 2023). This consistency 

is found across studies deriving a general psychopathology factor from both symptom 

measures and diagnostic information. However, most of these studies also find 
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neurobiological correlates of narrower symptom dimensions (Chen et al., 2022; Durham et 

al., 2021; Kaczkurkin et al., 2019; Karcher et al., 2021; Kebets et al., 2023; Lees et al., 2021; 

Mewton et al., 2022; Romer et al., 2020). In synchrony, paper II of this thesis found evidence 

for narrower latent symptom dimensions from the psychopathology hierarchy, in addition to 

diagnosis-specific patterns. There is also evidence for neurobiologically informed sub-types 

of diagnoses in youth (Kaczkurkin et al., 2020). These findings suggest that although much of 

the variance in brain measures are shared across different forms of psychopathology, there is 

also evidence supporting specificity.  

If brain-behaviour associations were to inform the understanding of psychopathology, 

these findings support the move towards transdiagnostic, dimensional approaches. Although 

this work does not inform aetiology or delineate causal mechanisms of psychopathology, the 

findings of this thesis converge with previous research identifying shared, cross-diagnostic 

neurobiological correlates of psychopathology. An implication of this body of literature is 

that the time is ripe for the psychiatric nosology to embrace a fundamentally different 

approach to classification of mental disorders. In this approach, similarities across disorders 

should be accounted for. This is not to say that specificity does not exist or should be ruled 

out. A comprehensive nosology should be able to accommodate both.  

 

8.3. Categorical vs dimensional approaches to psychopathology 

The consistent report of shared patterns across different forms of psychopathology has 

implications for how we may understand the structure of psychopathology. Not least, it has 

implications for the utility of categorical versus dimensional approaches to conceptualising 

psychopathology. A strength of paper II was the investigation of brain-psychopathology 

covariance in a sample with a high degree of comorbidity and access to both symptom 

measures and diagnostic information. This allowed the investigation into how these two 

different approaches to psychopathology differ in their covariance with functional 

connectivity.  

We found evidence that dimensional approaches to psychopathology capture more 

variance in functional connectivity than do categorical approaches. An important caveat in 

relation to this result is the difference between dimensional and categorical measures in terms 

of their statistical properties. Dimensional, continuous variables afford more covariance to be 

captured than do dichotomous, categorical variables by nature of their own inherent variance. 

The fact that dimensional measures of psychopathology exhibited more shared associations 
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with functional connectivity than categorical measures likely reflect this difference. That is 

not to say that this negates a superiority of dimensional measures over categorical measures. 

This statistical difference between the two represent a fundamental difference in the approach 

to psychopathology structure, as discussed in the introduction, which may or may not reflect 

the “nature” of psychopathology. The superiority of dimensional measures in capturing 

neurobiological correlates may reflect that this represents a “truer” classification of what 

psychopathology really is. Of course, this question goes beyond the scope of the results of 

this thesis, but nevertheless represent an interesting idea to be investigated further. A recent 

meta-analysis of taxometric research support the utility of dimensional approaches to 

psychopathology, finding that dimensional models outnumber those supporting taxonic (i.e., 

categorical) models five to one (Haslam et al., 2020). 

As outlined in the above section, both dimensional and categorical approaches to 

psychopathology converged on shared neurobiological mechanisms. This can be interpreted 

as evidence favouring a dimensional approach. However, it can also be used to advocate the 

utility of categorical diagnoses. Indeed, the convergence on a shared factor across disorders 

from studies using both symptom dimensions, as well as dichotomous diagnosis information, 

supports the notion of a latent vulnerability factor on which the diagnostic categories 

represent extremes (Sprooten et al., 2022). Following from this, the categorical psychiatric 

nosology has not necessarily lost its relevance, even if it proves inferior in the detection of 

reliable neurobiological mechanisms. Instead, diagnostic categories may be improved and re-

categorised based on incoming evidence, neurobiological and other (Insel et al., 2010). As 

outlined in the introduction, the utility of a psychiatric nosology goes beyond the one aim of 

detecting aetiological mechanisms. It serves other functions too, such as informing treatment 

and policy decisions. Transdiagnostic dimensional approaches may improve assessment 

reliability and inference validity compared to the current diagnostic system (Ruggero et al., 

2019), with subsequent potential to tailor treatment and intervention. However, somewhere 

down the line, a binary decision must be made regarding treat or not to treat (Eaton et al., 

2023). As diagnoses may represent extremes of psychopathology dimensions (Sprooten et al., 

2022), their utility with respect to this cut-off remains a strong argument for their continued 

relevance.  

With regards to clinical utility, paper II and paper III combined found evidence for 

limited degree of generalisability of functional connectivity patterns derived from both 

dimensional and categorical measures of psychopathology. In paper II, we replicated 

symptom dimensions of a latent pattern, while the connectivity dimensions did not. In paper 
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III, we attempted to replicate diagnosis-derived cross-diagnostic and ASD-specific functional 

connectivity patterns to a primarily healthy sample of youth. While the connectivity patterns 

themselves in fact replicated, they were not sensitive to symptom burden in the new sample, 

greatly diminishing their clinical utility. This lack of generalisability mirrors previous work 

finding functional connectivity results to be difficult to replicate (Marek et al., 2022; Nour et 

al., 2022; Uddin et al., 2017; Winter et al., 2022). Implications of this finding is that although 

dimensional approaches to psychopathology can account for many of the limitations faced by 

categorical approaches, their superior utility is not yet established, for example as 

foundations for biomarkers.  

It is becoming increasingly recognised that perhaps it is not feasible to find 

biomarkers specific to each diagnosis if they are in fact not “natural kinds.” Instead, 

biomarkers related to dimensions of psychopathology, with the general p-factor already 

spearheading this approach, may represent more feasible targets. This approach has already 

been embraced, with studies reporting, for example, ability to predict the p-factor based on 

functional connectivity in the ABCD sample (Hong et al., 2023). However, while this 

currently is a vibrant research field with many discoveries likely to be made in the near 

future, this research is faced by many of the same challenges as before (Marek et al., 2022). 

For any neurobiological correlate of psychopathology to have potential as a biomarker, it 

must show efficacy in both individual-level prediction and ability to generalise to new 

populations (Poldrack et al., 2020; Woo et al., 2017). Although some work show potential 

(Traut et al., 2022), reliable biomarkers have remained elusive (Carvalho et al., 2020). The 

implication of the consistent lack of generalisability of brain-behaviour associations is that 

much work remains in the pursuit of reliable psychopathology biomarkers, and before we can 

determine the utility of dimensional versus categorical approaches to psychopathology in 

relation to clinical relevance. 

 

8.4. Developmental context  

A final note on possible implications of this thesis concerns the developmental context of 

psychopathology. Although the focus of this thesis has not been trajectories of developmental 

change and how these relate to psychopathology, childhood and adolescence may represent 

sensitive periods in which the interplay between brain maturation and psychopathology is 

particularly susceptible. As such, understanding differences and similarities in the brains of 

children and adolescents, and how these in turn relate to psychopathology, represents a 
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crucial step towards understanding the role of brain maturation in psychopathology, with 

potential implications for both psychopathology aetiology, prevention, and treatment.  

In paper I, we modelled age as part of the model. As expected, age was found to be an 

important source of covariance between brain measures and other measures in a sample 

consisting of children and adolescents between the age of 5 and 21. In fact, it was the variable 

with the highest loading onto mode 1. In turn, most of the variance related to age was 

captured in this first mode, leaving the cross-diagnostic latent pattern identified as mode 2 

largely age-invariant. Similarly, we found that controlling for age or not did not significantly 

alter the shared associations between functional connectivity and psychopathology measures 

in paper II. As such, it seems that the associations between brain and psychopathology in this 

thesis were mostly independent of age. This goes against earlier work showing, for example, 

diverging neural correlates of ASD as a function of age (Uddin et al., 2013).  

One interpretation of this finding is that the shared brain-socio-cognitive vulnerability 

across diagnostic groups does not reflect delayed maturation or any other maturational 

process, but rather a general vulnerability separating healthy individuals from diagnosed 

individuals irrespective of their age or developmental stage. This aligns with recent reports 

that prenatal and early life factors remain the most important factors for later brain health 

(Walhovd et al., 2023). However, it remains a very essential caveat that the research of this 

thesis is based on cross-sectional data, which does not permit any inferences to be made 

regarding developmental trajectories. As such, this interpretation remains speculative. 

Cognition is consistently found to be an important associate of psychopathology 

across the lifespan. In adult clinical samples, lower reduced cognitive functioning separate 

patients from healthy controls (Abramovitch et al., 2021). In youth clinical samples, lower 

cognitive functioning is linked to higher overall psychopathology (Castellanos-Ryan et al., 

2016). In paper I, lower cognitive ability showed a replicable association with brain structure 

across clinical groups and a population-based sample of youth. In line with this, several 

studies have found cognitive development to be a key risk factor for psychopathology (Caspi 

et al., 2020; Kjelkenes et al., 2022; Xiao et al., 2023). Indeed, other studies have found the 

association between brain structure and psychopathology to disappear when accounting for 

cognitive functioning (Mewton et al., 2022). To disentangle the role of brain maturation and 

developmental context in psychopathology, this work shows that cognition remains an 

essential piece of the puzzle.  
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8.5. Methodological considerations  

As with any research study, the work that forms the basis of this thesis must be interpreted 

within the strengths and limitations of the chosen study design and methodology. In the 

following section, these methodological considerations will be discussed. 

 

8.5.1. Samples 

The commonality across all three papers of this thesis is the HBN sample. This sample 

consisted of children and adolescents, with the majority being under 15 years old (average 

age 11 years old) and diagnosed with at least one mental disorder. Although the sample was 

recruited from four different sites across New York City in order to increase diversity within 

the sample, the majority of the sample were white. This restricts the generalisability of 

findings to wider populations, especially outside a US context. In addition, families were 

encouraged to participate if they had any “concerns” regarding their child. Although this 

approach likely facilitated enrichment of psychiatric and neurodevelopmental conditions in 

the sample, this limits generalisability to other populations.  

A strength of this thesis is that the results obtained in HBN were attempted validated 

in three independent cohorts. However, these three cohorts were all very different from HBN, 

in each their own way. First, the PNC sample were generally older, with a mean age around 

15 years old. In addition, this sample was recruited from the general population and not 

enriched with mental disorders. Similarly, the ABCD sample is a population-based sample of 

children aged 9-10. Although this overlaps with the mean age of HBN, this limited age range 

strongly differs from that in HBN, in which the age range was from 5 to 21 years old. Finally, 

the Brainmint sample consisted of Norwegian youth that were both older (mean age around 

17 years old) and again not enriched with mental disorders. These differences between the 

samples are likely to limit the degree that generalisation realistically can be performed. 

In paper I, we could replicate the pattern relating brain-cognition in PNC, but not 

psychopathology. In ABCD in paper II, we could replicate symptom dimensions, but not 

connectivity patterns. In Brainmint in paper III, we could replicate diagnosis-derived 

connectivity patterns, but these were not sensitive to symptom load. Although challenges 

with generalisability is a common theme across the field (Marek et al., 2022), a limitation of 

the current thesis is that the obtained lack of generalisability may also reflect the differences 

inherent between samples.  
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8.5.2. Using fMRI in developmental samples 

Conducting neuroimaging research in children and adolescents is a challenge due to 

increased rates of motion and other sources of noise in the data (Dosenbach et al., 2017). 

Conducting neuroimaging research in children that also have mental disorders is on yet 

another level. More than 50% of the HBN sample was diagnosed with ADHD. As expected, 

motion was a big issue in this data. Although we performed several additional steps to 

ameliorate the effects of such confounds, including motion correction steps and control 

checks of the influence of missing signal on the processing of the remaining data, this 

remains a limitation of this thesis.  

 

8.5.3. Cross-sectional design 

Given that all data included in this thesis was cross-sectional, we cannot make any inferences 

regarding development or maturation per se. As already mentioned, this represents a major 

caveat of this thesis. Other limitations of a cross-sectional design are the ability to detect 

systematic confounds erroneously attributed to age differences, and the ability to infer 

causality between variables. Of course, causality inference is neither easily achieved within a 

longitudinal design. The discussion of what is required to make causal inferences goes 

beyond the scope of this thesis. 

 That being said, cross-sectional designs also have some advantages. For example, the 

comparatively lower cost and time investment required to obtain cross-sectional data enables 

collection of larger samples. In turn, this yields increased statistical power and improved 

generalisability, as a larger portion of the underlying population has been sampled. In this 

thesis, we relied on relatively large samples of youth, with more than 1000 individuals in 

HBN. For one, this enabled us to utilise multivariate statistics to investigate our research 

questions.  

 

8.5.4. Multivariate statistics 

Although multivariate statistics have many strengths and overcome challenges in the field 

such as lack of independence between measures, this methodology also comes with some 

caveats. First, individual bivariate associations obtained within a multivariate analysis cannot 

be interpreted in isolation, but only in relation to the bigger picture of the overarching latent 

association. Second, multivariate methods such as CCA and PLS are prone to overfitting 

(Botvinik-Nezer & Wager, 2022). We performed several steps to secure robustness of our 
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results, including permutation testing, hold-out validation, and external validation. However, 

our results did only partly generalise across cohorts. As such, our results need further 

replication to rule out overfitting. Third, as mentioned above, to obtain reliable results using 

multivariate statistics, a fairly large sample size is required to have sufficient statistical power 

(Varoquaux, 2018). In paper I, we performed dimensionality reduction using PCA to 

overcome this limitation. Still, although the included samples of this thesis were relatively 

large, they were still in the lower range for this type of methodology, which may also have 

reduced the robustness of our results. 

 

8.6. Concluding remarks 

The main aim of this thesis was to disentangle similarities and differences across different 

forms of psychopathology during childhood and adolescence. All three papers included in 

this thesis applied multivariate statistics and out-of-sample validation in independent cohorts. 

We have investigated shared associations between brain structure and clinical-cognitive-

social-environmental factors, as well as between brain functional networks and categorical 

and dimensional measures of psychopathology. In addition, we have contrasted these 

associations across diagnostic boundaries and tested their generalisability across samples. 

The work of this thesis shows the utility of multivariate statistics in disentangling brain-

behaviour relationships, as well as bridging the relevance of such associations from 

population-based studies to a clinical developmental sample. Importantly, the results suggest 

that overarching brain-behaviour associations are shared across diagnostic boundaries, 

supporting transdiagnostic, dimensional approaches to psychopathology.  

 The utility of these findings towards clinical relevance should be further investigated. 

To achieve this, further replication and generalisation is required. Future studies may attempt 

to validate shared brain-behaviour patterns across more comparable samples. In addition, the 

utilisation of several MRI modalities in the same multivariate analysis may yield additional 

insight into neurobiological correlates of psychopathology. In terms of the structure of 

psychopathology, this thesis argues that shared, transdiagnostic dimensions are more 

plausible operationalisations of psychopathology than categorical diagnoses. Although this 

has wide applications for the psychiatric nosology and the conceptualisation of 

psychopathology, an important caveat is that the methodology of this thesis does not permit 

inferences to be made regarding aetiology or mechanistic insight. Towards achieving this 
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goal, however, this thesis provides evidence that similarities show proclivity over differences 

in brain-behaviour associations relevant for psychopathology in youth.  
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A B S T R A C T   

Background: Abnormalities in brain structure are shared across diagnostic categories. Given the high rate of 
comorbidity, the interplay of relevant behavioural factors may also cross these classic boundaries. 
Methods: We aimed to detect brain-based dimensions of behavioural factors using canonical correlation and 
independent component analysis in a clinical youth sample (n = 1732, 64 % male, age: 5–21 years). 
Results: We identified two correlated patterns of brain structure and behavioural factors. The first mode reflected 
physical and cognitive maturation (r = 0.92, p = .005). The second mode reflected lower cognitive ability, poorer 
social skills, and psychological difficulties (r = 0.92, p = .006). Elevated scores on the second mode were a 
common feature across all diagnostic boundaries and linked to the number of comorbid diagnoses independently 
of age. Critically, this brain pattern predicted normative cognitive deviations in an independent population-based 
sample (n = 1253, 54 % female, age: 8–21 years), supporting the generalisability and external validity of the 
reported brain-behaviour relationships. 
Conclusions: These results reveal dimensions of brain-behaviour associations across diagnostic boundaries, 
highlighting potent disorder-general patterns as the most prominent. In addition to providing biologically 
informed patterns of relevant behavioural factors for mental illness, this contributes to a growing body of evi
dence in favour of transdiagnostic approaches to prevention and intervention.   

1. Introduction 

Mental illness typically manifest during childhood or adolescence 
(Caspi et al., 2020; Kessler et al., 2007), alluding to the importance of 
neurodevelopment for mental health. The interplay of a multitude of 
factors likely shapes the neurodevelopmental trajectory; however, most 
studies have typically investigated only one or a few such factors at a 

time. Associations that are relevant for brain development may in turn 
be elevated in clinical populations and subsequently relevant for psy
chopathology. A comprehensive mapping of behavioural factors and 
how they relate to measures of brain structure in a clinical sample of 
youth represents a critical step towards understanding the role of neu
rodevelopment in health and disease. 

Empirically derived models of psychopathology point to common 
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symptomatology (i.e. general vulnerability) across classic diagnostic 
categories. In line with this, abnormalities in both genetics (Lahey et al., 
2011; Pettersson et al., 2016; Roelfs et al., 2021), brain structure 
(Goodkind et al., 2015; Opel et al., 2020) and cognition (Abramovitch 
et al., 2021; Caspi et al., 2014) are shared across diagnostic syndromes. 
Furthermore, general psychopathology is linked to deviations from 
normative cortical (Parkes et al., 2021) and cognitive (Kjelkenes et al., 
2022) development, pointing to the relevance of mapping associated 
behavioural factors across diagnostic boundaries during 
neurodevelopment. 

Multivariate approaches in adults reveal a positive-negative popu
lation dimension linking brain features with lifestyle, demographic, and 
psychometric measures (Smith et al., 2015), in which factors typically 
considered positive are linked to advantageous or healthy brain features, 
while negative factors exhibit the opposite pattern. This “positive-
negative” axis of covariation has since been reported in studies of ado
lescents (Modabbernia et al., 2021a) and children (Alnæs et al., 2020; 
Modabbernia et al., 2021b), alluding to the presence of a link between 
brain and behaviour for advantageous development already early in life. 
However, the distribution of such brain-behaviour associations in rela
tion to psychopathology is not well mapped. Investigating 
brain-behaviour associations in a clinical population of youth may 
elucidate the relevance of such patterns for mental health. 

Symptoms of anxiety, irritability, and attention-deficit hyperactivity 
disorder (ADHD) have in a previous study been linked to both shared 
and unique patterns of brain connectivity (Linke et al., 2021). This 
finding was replicated across two independent clinical samples of youth, 
suggesting both disorder-general and disorder-specific patterns of psy
chopathology in the youth brain. Across children with and without an 
ADHD diagnosis (Ball et al., 2018), higher ADHD symptom load was 
linked with poorer academic performance, delayed pubertal develop
ment, and regional variability in cortical brain structure. However, less 
is known about how such patterns vary across diagnostic boundaries 
(Lynch et al., 2021). Identification of shared and distinct patterns of 
brain-behaviour associations across diagnostic boundaries may provide 
more informed models of psychopathology, illuminating the role of 
neurodevelopment and brain-behaviour associations. Such patterns can 
be determined by utilising multivariate approaches and dimensional 
clinical and behavioural phenotypes, as employed in several recent 
studies (Smith et al., 2015; Modabbernia et al., 2021a, 2021b; Alnæs 
et al., 2020). However, few studies have employed this approach in 
clinical youth samples, thus the relevance of the reported 
brain-behaviour relationships remain to be determined. 

In the current study we used canonical correlation analysis (CCA) in 
a sample of youth where the majority had at least one diagnosed psy
chiatric disorder. The aim was to identify latent dimensions of associa
tions between brain structure and clinical, cognitive, and socio- 
environmental factors, and to reveal putative and empirically esti
mated cross-diagnostic and diagnosis-specific factors. By using symptom 
scores instead of categorical diagnostic information when decomposing 
the data, we modelled brain associations with dimensional measures of 
psychopathology (Caspi et al., 2014). Diagnostic information was used 
to assess the relevance of the detected patterns for clinical diagnosis. To 
improve interpretability (Smith et al., 2015; Alnæs et al., 2020; Miller 
et al., 2016), we submitted the CCA scores to independent component 
analysis (ICA). This procedure results in maximally correlated, maxi
mally interpretable latent dimensions (i.e. modes) across the two 
high-dimensional datasets. As such, these dimensions link a broad range 
of behavioural factors that are present across diagnostic boundaries to 
individual differences in brain structure. If specific brain-behaviour 
patterns related to each diagnostic category exist, we expected these 
to appear as distinct modes for each diagnosis. While instead, if the 
strongest pattern is a cross-diagnostic vulnerability to psychopathology, 
we expected the analysis to yield one general clinical mode across 
diagnostic categories. 

Finally, we assessed the generalisability and construct validity 

(Chaytor and Schmitter-Edgecombe, 2003) of the identified clinical 
brain pattern in an independent population-based sample. First, we 
derived out-of-sample brain scores using overlapping brain-imaging 
measures derived from a harmonised protocol across the two samples. 
We then associated these out-of-sample brain-scores to measures of 
overlapping clinical and cognitive constructs in the independent sample. 

2. Materials and methods 

2.1. Sample 

We accessed brian structural, clinical, cognitive, and socio- 
environmental variables from the Healthy Brain Network (HBN) (Alex
ander et al., 2017), a cohort consisting of children and adolescents from 
New York City, USA aged 5–21. The data collection is currently ongoing, 
with behavioural data from 3628 individuals and magnetic resonance 
imaging (MRI) data from 2645 individuals having been released by the 
time of analyses for this study. Individuals were recruited through 
community sampling in which children with clinical concerns were 
encouraged to participate. Then, they underwent extensive assessment 
of biological and behavioural characteristics, such as neuroimaging, 
neuropsychological testing, psychiatric evaluation, genetics, physical 
assessment, and interviews regarding environmental, demographical 
and lifestyle factors. After quality control and data cleaning (described 
in Section 2.2), the final sample, with both MRI and behavioural data 
available, consisted of 1732 participants (624 females; mean ± sd age: 
10.52 ± 3.17 years). Sample demographics are provided in Fig. 1. 

2.2. Data pre-processing 

Behavioural data from 3628 participants in HBN were processed 
using R (https://cran.r-project.org). Categorical diagnostic information 
was removed from the data, keeping only symptom scores. Then vari
ables were cleaned for extreme scores and large amounts of missing data 
(remaining n = 2603). See Supplementary methods in the Supplemen
tary Material for more detail. MRI measures were obtained from T1- 
weighted scans of 2645 participants. Quality assurance was performed 
using the MRIQC classifier (Esteban et al., 2017) (n = 2479). For par
ticipants with more than one T1-weighted scan sequence, we selected 
the sequence with the best estimated quality. Distributions of imaging 
quality across scan sequences are shown in Fig. S1. 

The selected T1-weighted data were then processed using FreeSurfer 
(Fischl, 2012; Iglesias et al., 2015a, 2015b, 2018; Saygin et al., 2017; 
Billot et al., 2020) (see Supp. methods). We extracted cortical thickness, 
area, and volume for 34 regions of interest per hemisphere using the 
Desikan-Killiany parcellation, in addition to gyrification indices, 
nuclei/subfield and subcortical volumes, as well as summary statistics 
(n = 2440). Next, MRI variables were cleaned and quality controlled 
(n = 2379, see Supp. methods) and the remaining variables residualised 
for scanner/site, and T1-weighted scan sequence. Volumetric features 
were residualised for estimated total intracranial volume (eTIV). To also 
capture associations with global volume, eTIV was included as a variable 
in the analysis. Both for behavioural and MRI data, remaining missing 
values were imputed with knnimpute and data was normalised using a 
rank-based normal transformation (palm_inormal) from FMRIB Software 
Library Permutation Analysis of Linear Models (Winkler et al., 2014). 
The final sample, with both behavioural and MRI data available, con
sisted of 1732 participants with 793 behavioural variables and 447 
imaging variables (see Table S1 and S2 for a list). 

2.3. CCA-ICA, split-half reliability, and permutation testing 

To estimate modes of brain-behaviour-associations across partici
pants, we used ICA with CCA as an intermediate step. The canonical 
variates from CCA represent linear combinations of the imaging vari
ables that explain variance in linear combinations of the behavioural 
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variables across participants. To facilitate interpretation of the resulting 
orthogonal canonical variates, and following previous applications of 
CCA in population imaging (Alnæs et al., 2020; Miller et al., 2016), we 
submitted the CCA scores to ICA, using the fastICA algorithm (Hyväri
nen and Oja, 2000). See Supplementary methods for more detail. To 
increase robustness, while at the same time avoiding rank deficiency and 
fitting to noise, we submitted both imaging and behavioural data to 
principal component analysis (PCA) before running CCA-ICA. All ana
lyses were performed using MATLAB R2020b (Inc, 2020). As part of the 
analysis, we estimated the optimal dimensionality and decomposition 
for PCA and ICA and selected the dimensionality yielding the highest 

split-half reliability for the least reliable component (see Fig. S2 and S3). 
These tests revealed that results were robust to the choice of dimen
sionality. Next, the significance of the resulting CCA-ICA modes was 
tested using permutations (n = 1000), which inherently controls the 
family-wise error (FWE). To ensure that the initial CCA variates were 
significant (i.e. prior to ICA), these were also tested using permutations 
(n = 1000). 

2.4. Interpretation of CCA-ICA modes 

For plotting and interpretation of the resulting CCA-ICA modes, we 

Fig. 1. Demographics and clinical characteristics of the sample. Distributions of age by sex, sex, comorbidity, diagnosis categories, racial/ethnic background, and 
scanner location. 
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correlated the CCA-ICA participant weights (i.e. mode loadings) into the 
original de-confounded data. The resulting correlations reflect the 
strength with which each variable in the original data load onto the 
overarching pattern (akin to factor loadings), but do not inform us on the 
explicit strength of any bivariate relationships between individual var
iables. A lists of all variables, with correlations and CCA-ICA weights, 
are shown in Table S3 and S4. 

2.5. Consistency across age, sex, racial/ethnic background, 
socioeconomic status, clinical diagnosis, and medication use 

To assess the effect of age and sex on each mode, we plotted and 
regressed the mode loadings against age, age2, and sex using linear 
models. We also reran the CCA-ICA with all behavioural phenotypes 
residualised with respect to sex. These results revealed similar patterns 
of covariation as the original analysis (correlations between the original 
and sex-adjusted results were r = 0.94 and r = 0.80 for mode 1 and 
mode 2, respectively). Similarly, we reran the correlations between 
mode loadings and original data controlling for age, to check the specific 
influence of age on each mode. These results revealed an almost iden
tical pattern of covariation for mode 2 (r = 0.98), indicating that mode 1 
(r = 0.86) captured most of the age-related variance. In effect, this age- 
residualised the data driving an age-invariant mode 2. See Fig. S5 for 
partial correlations between mode 2 and original data controlling for 
age. 

Considering that factors related to inequality and socioeconomics 
differ between ethnic groups, these variables were not regressed out of 
the data. To examine whether the detected modes were generalisable 
across racial/ethnic background, we plotted the mode loadings by 
ethnic group (see Fig. S6). Similarly, we plotted the mode loadings by 
median-split of household income, as a proxy for socioeconomic status 
(SES; see Fig. S7). We also reran the correlations between mode loadings 
and original data controlling for household income. These results 
revealed unchanged patterns of covariation (correlations between the 
original and income-adjusted results were r = 0.99 for both modes), 
indicating that our results are consistent across socioeconomic levels. 
The correlation between household income and mode 2 weights was 
r = 0.15. 

Based on clinical diagnostic information provided in the HBN sam
ple, each participant was categorised based on their first given diag
nosis, as either “ADHD”, “anxiety disorders”, “mood disorders”, “other 
disorders”, “other neurodevelopmental disorders” or “no diagnosis”. 
Mode loadings were then regressed against diagnosis, with pairwise 
comparisons estimated using the emmeans package in R and adjusted for 
multiple comparisons using Tukey. “No diagnosis” was used as a refer
ence group. We also regressed mode loadings against number of di
agnoses. All associations were adjusted for age, age2, and sex. 

As a cross check to investigate whether the dominance of ADHD in 
the sample influenced our findings, we then ran a leave-one-out-cross- 
validation of the CCA-ICA, excluding all those in the sample with an 
ADHD diagnosis. In this analysis, we decomposed the variables by 
multiplying them with the CCA-ICA weights estimated in the original 
analysis and then we correlated the mode loadings with the original 
data, as before. These results revealed similar patterns of covariation as 
the original analysis (the correlation between the original and leave-out- 
ADHD results was r = 0.97 for both modes), indicating that the domi
nance of ADHD did not unduly drive our findings. Finally, we also reran 
the correlations between mode loadings and original data controlling for 
medication use (yes/no; 288 participants reported yes). These results 
revealed unchanged patterns of covariation (correlations between the 
original and medication-adjusted results were r = 0.99 for both modes), 
indicating that our results are consistent across medication use. 

2.6. Out-of-sample validation 

For the validation sample, we accessed brain MRI, cognitive, and 

clinical data from the Philadelphia Neurodevelopmental Cohort (PNC), 
a large community-based study of brain development in youths aged 
8–21 (Satterthwaite et al., 2016). As a sub-sample of the larger study, 
1445 participants have undergone MRI. Participants were recruited 
from a larger genetic study at the Children’s Hospital of Philadelphia, 
stratified by sex, age, and ethnicity. After pre-processing and quality 
control, the final sample consisted of 1253 participants (681 females). 
Age distribution is provided in Fig. S8. 

The MRI data was processed using the same analysis pipeline as 
described above for HBN. Clinical variables included 129 symptom 
scores decomposed into 7 components using ICA, as reported previously 
(Alnaes et al., 2018): Attention/ADHD, anxiety, conduct disorder, 
depression, psychosis prodrome, mania, and obsessive-compulsive dis
order (Hettwer et al., 2022). These clinical symptom components reflect 
increased presence of symptoms. In addition, we included a general 
symptom burden measure (mean clinical ICA-score). As cognitive 
measures, we included a general cognitive ability factor (gF, first prin
cipal component from a PCA across 12 cognitive tests) (Alnaes et al., 
2018) and a social cognitive score (the sum of the Penn Emotion Iden
tification Test and Penn Emotion Differentiation Test) (Moore et al., 
2015), in addition to a normative deviation score for cognitive abilities 
(Kjelkenes et al., 2022), which reflects the deviation of each partici
pant’s cognitive ability relative to same-aged peers. 

To assess whether the brain-side of the CCA-ICA results were repli
cable in the validation sample, we decomposed the PNC MRI variables 
by multiplying them with the imaging CCA-ICA weights estimated in 
HBN. To test whether the resulting MRI spatial maps in PNC overlapped 
with those of HBN, we correlated them and tested the significance of 
these correlations using spin permutations (Vos de Wael et al., 2020; 
Alexander-Bloch et al., 2018). Then, to investigate whether the 
brain-behaviour pattern was generalisable to the validation sample, we 
tested whether the detected brain pattern in PNC could predict scores on 
clinical and cognitive measures. To do this, we correlated the brain 
loadings with clinical and cognitive scores in the PNC sample. These 
scores were not overlapping with clinical and cognitive scores in HBN, 
so they could not be directly compared. However, if the clinical and 
cognitive variables in each sample are ecologically valid, they should 
yield comparable associations with the detected brain pattern, if the 
detected pattern is indeed generalisable. To assess the reliability of the 
associations between derived brain loadings and clinical and cognitive 
variables in PNC, we performed 1000 bootstraps using resampling with 
replacement. For each bootstrap iteration we decomposed the MRI 
variables and correlated the derived brain loadings with the clinical and 
cognitive measures. The resulting bootstrap distribution was used to 
calculate the 95 % confidence intervals for the out-of-sample brain 
scores vs cognitive-clinical correlations. 

3. Results 

3.1. Modes of covariation 

By joint multivariate modelling using CCA-ICA, we aimed to delin
eate linked dimensions (i.e. modes of covariation) between brain 
structure and clinical, cognitive, and socio-environmental variables in a 
clinical sample of youth. This analysis identified two such modes of 
brain-behaviour covariation (both r = 0.92, pcorr = .005 and pcorr = .006 
for mode 1 and mode 2, respectively). In the initial CCA (i.e. prior to 
ICA), pcorr = .001 for the two first variates. Each mode of brain- 
behaviour covariation represents a distinct pattern that relates a 
weighted set of cognitive, clinical, and socio-environmental factors to a 
weighted set of brain structures. As shown in Fig. 2A, mode 1 captured a 
pattern of associations linked to physical and cognitive maturation. The 
most heavily weighted variables included age, height, weight, pubertal 
development, and academic performance such as numerical operations, 
spelling, and word reading. Higher scores on these measures were linked 
to less parental supervision at home, less need for help with homework, 
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lower prevalence of depressive symptoms, and being able to stay seated 
in the classroom. In relation to the brain, this mode was associated with 
lower cortical thickness and gyrification, specifically in the global gyr
ification index (GI), precentral, postcentral, and paracentral GI, as well 
as precuneus, superiorparietal, and mean cortical thickness. 

Mode 2 captured a pattern of clinical and cognitive scores, inde
pendent of age. Specifically, mode 2 linked language skills, academic 
performance, and trouble with social communication to distinct patterns 
of brain structure (see Fig. 2B). Trouble with social communication and 
social cognition overall was associated with worse phonological pro
cessing and other indications of language fundamentals, worse academic 
performance, and having an individualised education plan. These 
measures were further linked to callous-unemotional traits, lower social 

status, and higher prevalence of psychological difficulties such as 
attention problems, externalisation, internalisation, and hyperactivity. 
This pattern of associations was linked to several brain features, such as 
lower global white matter surface area, rostral middle frontal cortical 
area, lateral orbitofrontal cortical volume, and regional as well as mean 
cortical gyrification. See Fig. S9 for loadings of all variables included in 
the analysis. 

To understand the degree to which these linked dimensions were 
disorder-general or disorder-specific, we then investigated the extent to 
which diagnostic categories explained individual differences in loading 
on each mode. Fig. 3 shows loading on mode 2 by diagnostic category 
and by number of diagnoses (see Fig. S10 for loading on mode 1). Linear 
models (see Table 1, S5, S6, and S7) revealed that participants diagnosed 

Fig. 2. Multivariate pattern of brain-behaviour associations across diagnostic boundaries in youth. Left: Mode 1 captures a pattern linking age, physical, and 
cognitive maturation with lower cortical thickness and gyrification. Right: Mode 2 captures a pattern linking trouble with social communication, cognitive ability, 
and symptoms of psychopathology with lower white matter surface area and gyrification. The values represent correlations between original data values and 
participant CCA-ICA weights (i.e. mode loadings). Depicted here are the variables with the strongest associations with each mode. In; inches. Lbs; pounds. WIAT; 
Wechsler individual achievement test. Lh; left hemisphere. Rh; right hemisphere. CBCL; child behavior checklist. SDQ; strengths and difficulties questionnaire. SRS; 
social responsiveness scale. 

Fig. 3. A larger, more negative score on mode 2 (linking social skills, cognitive ability, and psychopathology to brain structure) was a common feature across all 
diagnostic boundaries. Left: All diagnostic categories had a stronger, more negative loading on mode 2 compared to having no diagnosis. Right: Stronger, more 
negative loading on mode 2 by increasing number of diagnoses (comorbidities). Box plot notches exhibit 95 % confidence intervals for comparing medians. Centred 
around no diagnosis median. ADHD; attention-deficit hyperactivity disorders. Other ND; other neurodevelopmental disorders. 
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with mood disorders showed a higher loading on mode 1, while all 
diagnostic categories, except anxiety disorders, were associated with 
more negative loading on mode 2 compared to participants without a 
diagnosis. Both mode 1 and mode 2 exhibited a significant linear asso
ciation with the number of diagnoses (see Table S8 and S9). This was 
true when including “no diagnosis” in the model or not, suggesting that 
this effect was not driven by case-control effects. 

3.2. Out-of-sample validation 

As a final step, we tested the replicability and generalisability of our 
findings using an independent sample. Using the brain pattern derived 
from the HBN sample, we estimated feature weights (i.e. loadings) 
across MRI variables in the PNC sample. Comparing these loadings, we 
found strong positive correlations between the two samples (r = 0.95, 
pcorr < .001 and r = 0.71, pcorr < .001 for mode 1 and mode 2, respec
tively; see Fig. S11 for null distributions of the spin permutation test). As 
shown in Fig. S12 and S13, the covariation structure across MRI vari
ables in PNC highly resembled HBN. Next, to test the generalisability 
and predictive ability of the brain patterns to clinical and cognitive 
measures, we estimated correlations between the derived brain scores in 
PNC with cognitive and clinical variables. While the measured clinical 

and cognitive constructs were similar between the two samples, they 
were not assessed using identical instruments. Thus, this out-of-sample 
validation also constitutes a test of the external validity of the brain- 
behaviour relationship. This analysis revealed that a larger, more 
negative mode 2 brain loading was linked to greater negative deviation 
from a normative cognitive trajectory, lower cognitive abilities, higher 
average symptom burden, as well as higher symptoms of anxiety and 
conduct disorder (see Fig. 4). Mode 2 was largely age invariant, how
ever, to further confirm the age-independence of mode 2, the scores 
were residualised with respect to age in this plot. Mode 1 exhibited 
positive associations with age and cognitive abilities, as well as higher 
average symptom burden (see Fig. S14). 

4. Discussion 

In this study we leveraged the HBN sample, a clinical youth cohort 
aged 5–21, to delineate dimensions of brain-behaviour associations 
across diagnostic boundaries in youth. We identified two modes of 
brain-behaviour covariation, linking maturation, cognitive ability, so
cial skills, and symptoms of psychopathology to individual differences in 
brain structure. The dimension linking cognitive ability, social skills, 
and symptoms of psychopathology to brain structure was a common 
feature across all diagnostic boundaries, suggesting a disorder-general 
effect. We also demonstrated the generalisability and predictive ability 
of these patterns in an independent population-based sample with a 
similar age range. Together, these findings suggest that brain-behaviour 
associations in youth are broad and transdiagnostic, implicating factors 
such as cognitive ability and social skills and scaling with the number of 
comorbid illnesses. 

The first mode linked lower cortical thickness and gyrification with 
age and measures of physical and cognitive maturation, reflecting age- 
related improvements in school performance, pubertal development, 
higher height, and weight. This mode replicates previous studies in 
youth showing lower cortical thickness (Shaw et al., 2008; Mills et al., 
2016; Tamnes et al., 2010) and gyrification (Raznahan et al., 2011; Su 
et al., 2013) with increasing age, as well as cognitive maturation (Chung 
et al., 2017). Moreover, our results align with a previous multivariate 
investigation in a longitudinal sample of adolescents (Modabbernia 
et al., 2021a), identifying the strongest brain-behaviour associations to 
be between measures of brain structure and sex, age, and indices of 
maturation. This emphasises common maturational factors as the most 
important influences on neurodevelopment, also when environmental, 

Table 1 
Pairwise comparisons of associations with each mode between no diagnosis and 
each diagnostic category. Age, age2, and sex are included as covariates.  

Comparison Beta SE df LL UL t- 
value 

corr p 

Mode 1        
ADHD 0.03 0.04 1719 -0.08 0.13 0.73 0.978 
Anxiety 0.01 0.04 1719 -0.11 0.13 0.28 1.000 
Mood 0.27 0.06 1719 0.09 0.46 4.22 3.7 × 10-4 

Other < 0.01 0.06 1719 -0.18 0.17 -0.06 1.00 
Other ND 0.06 0.04 1719 -0.05 0.17 1.58 0.611 
Mode 2        
ADHD -0.68 0.08 1719 -0.91 -0.46 -8.64 3.7 × 10-12 

Anxiety -0.24 0.09 1719 -0.51 0.02 -2.66 0.084 
Mood -0.74 0.14 1719 -1.15 -0.33 -5.15 4.3 × 10-6 

Other -0.51 0.14 1719 -0.90 -0.12 -3.71 0.003 
Other ND -0.57 0.09 1719 -0.81 -0.32 -6.59 8.7 × 10-10 

Note. ADHD; attention-deficit hyperactivity disorders. ND; neurodevelopmental 
disorders. SE; standard error. df; degrees of freedom. LL; lower confidence level 
(2.5 %). UL; upper confidence level (97.5 %). corr p; p-value adjusted with 
Tukey. 

Fig. 4. Mode 2 derived brain loadings in PNC correlate 
with comparable clinical and cognitive measures. A larger, 
more negative score on mode 2 is correlated with lower 
cognitive ability and negative deviations from normative 
cognitive development. A negative cognitive normative 
deviation indicates poorer cognitive development than 
expected. Error bars represent bootstrapped 95 % confi
dence intervals for correlations across 1000 bootstrap- 
decompositions of the PNC imaging data. ADHD; 
attention-deficit hyperactivity disorder. OCD; obsessive 
compulsive disorder. gF; general cognitive ability.   
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demographical, and psychosocial influences were considered. 
The second mode captured a pattern of socio-cognitive difficulties 

associated with lower cortical volume, surface area, and gyrification. 
Specifically, this pattern reflected difficulties with communicating and 
relating to peers, worse language development and school performance, 
and emerging psychological difficulties. Such a “positive-negative” 
dimension across behavioural, clinical, and socio-environmental factors 
has previously been linked to individual differences in brain 
morphology and connectivity in population-based samples (Smith et al., 
2015; Alnæs et al., 2020; Modabbernia et al., 2021b). The current results 
extend these findings by demonstrating their relevance for character
ising psychopathology in youth that already have a psychiatric diag
nosis. Indeed, we established that the current pattern was detectable 
also in an independent population-based sample. This overlap between 
clinical and non-clinical populations lend support to the con
ceptualisation of psychopathology as existing on a continuum, such as 
the p-factor framework (Caspi and Moffitt, 2018). Importantly, the 
pattern we identified was common across all diagnostic boundaries, 
indicating a disorder-general or shared pattern. Having a higher number 
of diagnoses (i.e. comorbidities) was also associated with larger de
viations (i.e. larger, more negative loading) on mode 2. This is in line 
with comorbidity as a prevalent feature of mental illness (Plana-Ripoll 
et al., 2019), as well as the finding that transdiagnostic symptom burden 
(i.e. the p-factor) is more predictive of clinical life trajectories than any 
specific diagnosis (Caspi et al., 2020, 2014). This has implications for 
prevention and interventions targeting risk for mental illness in youth, 
as well as the understanding of psychopathology aetiology more 
broadly. 

Previous work on shared brain structural abnormalities across 
diagnostic boundaries in adults found one latent factor to explain ab
normalities associated with major depression, bipolar disorder, schizo
phrenia, and OCD, while abnormalities in ADHD and autism spectrum 
disorder (ASD) were largely independent (Opel et al., 2020). Contrary to 
this, we found a great degree of overlap in brain-behaviour associations 
across all disorders. In the current work, the brain associations across 
disorders were constrained by their link to the behaviour-associations, 
which may explain the different results. Whether neurodevelopmental 
disorders belong in the general psychopathology domain or rather 
represent separate entities remains a topic of discussion (Ronald, 2019). 
Our findings suggest that in terms of brain-behaviour associations, 
ADHD and ASD belong in the same terrain as other psychiatric disorders. 

Cortical surface area was among the highest loading brain measures 
on mode 2, the dimension linked to cognitive ability, social skills, and 
psychopathology. Postnatal surface area expansion has been proposed to 
reflect local cellular events, such as intracortical myelination, glio
genesis, synaptogenesis and dendritic arborization (Hill et al., 2010). In 
typically developing children, surface area increases until late childhood 
or early adolescence (Amlien et al., 2016). As such, lower surface area 
may reflect disadvantageous or delayed brain development. Indeed, 
smaller surface area has been linked to poorer cognition, poorer physical 
development, and poorer social environment in children aged 9–10 
relative to same-aged peers (Modabbernia et al., 2021b). Given that 
surface area was adjusted for eTIV in our analyses, the high loading of 
this brain feature likely reflect cortical folding, the only plausible 
avenue for expanding cortical surface area without a corresponding 
expansion of intracranial volume (Mota and Herculano-Houzel, 2015). 
Indeed, both global and regional cortical gyrification were also among 
the highest loading brain features on mode 2. 

Gyrification typically decreases from middle childhood until young 
adulthood (Raznahan et al., 2011), and we replicated this age-related 
gyrification pattern in mode 1. Mode 2 was, however, only weakly 
associated with age, and the pattern of lower gyrification here was 
linked to individual differences in clinical and cognitive measures. 
Common age-related effects appear to be captured by mode 1, as shown 
by the fact that raw scores and t scores on cognitive tests exhibit over
lapping loading on mode 2. Moreover, the pattern of variable loading in 

mode 2 when controlling for age was largely overlapping with the 
original uncorrected analysis, further supporting this interpretation. As 
such, the pattern of associations in mode 2 is to a large extent age 
invariant and represent other mechanisms than merely the effect of age. 

Reduced cortical folding in individuals with socio-cognitive diffi
culties is in line with previous work relating lower gyrification to neu
rodevelopmental diagnoses such as ADHD (Wolosin et al., 2009), ASD 
(Bos et al., 2015), intellectual disability (Zhang et al., 2010), and 
dyslexia (Casanova et al., 2004). This association may thus represent an 
important neural correlate for social and neurocognitive difficulties. 
Indeed, our validation of the mode 2 brain pattern in an independent 
population-based sample revealed a robust association with deviations 
from normative cognitive development. These results suggests that 
cognitive problems represent a relevant characteristic of mental illness 
across diagnostic boundaries, which is compatible with previous find
ings identifying cognition as a common risk factor for psychopathology 
and a core characteristic of general vulnerability for psychopathology 
(Abramovitch et al., 2021; Caspi et al., 2014; Michelini et al., 2019). 
Interventions aimed at improving mental health in youth may thus 
benefit from targeting cognitive development and the environments 
supporting it, such as schools and education. In line with previous 
findings linking SES to vulnerability for mental illness (Reiss, 2013), 
mode 2 was associated with SES. However, the correlation was moder
ate, suggesting that brain-linked vulnerability cannot be simply 
explained as SES-driven individual differences. 

Other studies have reported shared brain connectivity patterns 
across anxiety, irritability, and ADHD in other clinical samples of youth 
(Linke et al., 2021). While substantial evidence now points towards 
cross-diagnostic brain deviations in psychopathology (Goodkind et al., 
2015; Sha et al., 2019), this does not rule out disorder-specific patterns, 
and a full account of the brain basis of mental illness require mapping of 
both (Linke et al., 2021; Buckholtz and Meyer-Lindenberg, 2012). Mood 
disorders predicted mode 1 in addition to mode 2, unlike the other 
diagnostic categories which were only linked to mode 2. This is likely 
driven by the fact that individuals with a mood disorder were older than 
the rest of the sample. Having a higher number of diagnoses was also 
associated with higher loading on mode 1, likely reflecting the increased 
prevalence of diagnoses with increasing age (Caspi et al., 2020). 

Some limitations should be noted. Acquiring high-quality neuro
imaging data in youth and clinical samples is challenging, especially in 
clinical cohorts. Here we utilised the MRIQC classifier to exclude par
ticipants with insufficient image quality and excluded any remining 
extreme data points from analysis. Both samples applied cross-sectional 
designs, while longitudinal studies are required to conclude whether the 
observed age-related individual differences reflect within-person 
developmental trajectories. Multiple measurements may also allow for 
determining the dynamic interplay between environmental factors, 
mental health symptoms, and brain changes, thereby illuminating 
whether brain changes precede or is a consequence of mental health 
symptoms (Muetzel et al., 2017). The current sample consisted of largely 
children with a clinical diagnosis. Although evidence suggests substan
tial overlap across diagnostic boundaries, we do not know whether those 
individuals who develop mental illness early in life represent a quali
tatively different group in terms of aetiology compared to those devel
oping mental illness during adolescence and early adulthood. Evidence 
suggests that age-of-onset is an important aspect of the p-factor, which is 
more predictive of clinical life trajectories than any specific diagnosis 
(Caspi et al., 2020, 2014). The identified brain-behaviour patterns were 
detectable in an independent sample, which further supports the gen
eralisability of our findings and is a strength of the current study. 

5. Conclusions 

In this study, we delineated dimensions of brain-behaviour associa
tions across diagnostic boundaries in youth. In addition to expected 
patterns of maturation, we found that lower cognitive ability, poor 

I. Voldsbekk et al.                                                                                                                                                                                                                               



Developmental Cognitive Neuroscience 60 (2023) 101219

8

social skills, and symptoms of psychopathology are linked to individual 
differences in brain structure, and that this is a common feature across 
diagnostic boundaries. These findings were detectable in an indepen
dent sample, supporting their generalisability and predictive ability. In 
line with the p-factor framework, this suggests that broad and trans
diagnostic effects are the most potent patterns of brain-behaviour as
sociations. This emphasises the importance of transdiagnostic 
approaches in the identification of shared and distinct patterns relevant 
for psychopathology, a critical step towards more informed models of 
psychopathology. 
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A B S T R A C T   

The interplay between functional brain network maturation and psychopathology during development remains 
elusive. To establish the structure of psychopathology and its neurobiological mechanisms, mapping of both 
shared and unique functional connectivity patterns across developmental clinical populations is needed. We 
investigated shared associations between resting-state functional connectivity and psychopathology in children 
and adolescents aged 5–21 (n = 1689). Specifically, we used partial least squares (PLS) to identify latent vari
ables (LV) between connectivity and both symptom scores and diagnostic information. We also investigated 
associations between connectivity and each diagnosis specifically, controlling for other diagnosis categories. PLS 
identified five significant LVs between connectivity and symptoms, mapping onto the psychopathology hierar
chy. The first LV resembled a general psychopathology factor, followed by dimensions of internalising- exter
nalising, neurodevelopment, somatic complaints, and thought problems. Another PLS with diagnostic data 
revealed one significant LV, resembling a cross-diagnostic case-control pattern. The diagnosis-specific PLS 
identified a unique connectivity pattern for autism spectrum disorder (ASD). All LVs were associated with 
distinct patterns of functional connectivity. These dimensions largely replicated in an independent sample (n =
420) from the same dataset, as well as to an independent cohort (n = 3504). This suggests that covariance in 
developmental functional brain networks supports transdiagnostic dimensions of psychopathology.   

1. Introduction 

Establishing the structure of psychopathology and its underlying 
neurobiological mechanisms is a critical step towards personalised ap
proaches in mental health research and care. The high rate of comor
bidity between diagnoses challenges the utility of traditional case- 
control designs and motivates novel strategies for clinical phenotyping 
such as transdiagnostic assessment of psychopathology dimensions 

(Caspi et al., 2014; Insel et al., 2010). Existing diagnostic categories do 
not map onto disorder-specific neurobiological substrates (Insel and 
Cuthbert, 2015), and many of the detected abnormalities in both ge
netics (Hindley et al., 2022; Lahey et al., 2011; Pettersson et al., 2016; 
Roelfs et al., 2021), brain structure (Goodkind et al., 2015; Opel et al., 
2020a) and brain function (Elliott et al., 2018; McTeague et al., 2017; 
McTeague et al., 2020; Sha et al., 2019) are shared across disorders. 
Investigation into the neurobiological substrates of distinct symptom 
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dimensions may therefore elucidate the brain-based underpinnings of 
mental disorders. 

Childhood and adolescence are characterised by large scale reor
ganisation and maturation of the brain and its functional networks (Paus 
et al., 2008; Power et al., 2010). Given that mental disorders often first 
manifest during this time (Caspi et al., 2020; Kessler et al., 2007), 
aberrant functional network development may represent a key aetio
logical component in mental disorders (Casey et al., 2014; Paus et al., 
2008). Indeed, while sensory and motor regions and their associated 
functional networks typically are fully developed by late childhood, the 
association cortex, and implicated functional networks such as the 
default mode network (DMN), take longer to mature. This might leave 
these brain circuits vulnerable to emerging psychopathology during 
neurodevelopment (Sydnor et al., 2021). To identify biologically 
informed dimensions of psychopathology, investigating associations 
between functional brain networks and psychopathology during child
hood and adolescence is imperative. 

Psychopathology is increasingly conceptualised as a hierarchical 
structure (Caspi et al., 2014; Kotov et al., 2017; Lahey et al., 2017). This 
hierarchy consists of a general psychopathology factor as the highest 
order, reflecting a general vulnerability to psychopathology, followed by 
increasingly narrow dimensions, such as internalising and externalising. 
These reflect anxious and depressive symptoms, and aggressive, 
rule-breaking, and hyperactive symptoms, respectively. A neuro
developmental factor is also often included to reflect autistic-like traits 
and symptoms of attention deficit hyperactivity disorder (ADHD). For 
example, recent work in the Adolescent Brain Cognitive Development 
(ABCD) cohort (Casey et al., 2018) derived five dimensions of psycho
pathology (i.e. internalising, externalising, neurodevelopmental, 
detachment, and somatoform) using exploratory factor analysis on 
symptom data (Michelini et al., 2019). Similar psychopathology di
mensions have been derived from both symptom data (Karcher et al., 
2021) and diagnostic data (Lees et al., 2021) and then associated with 
patterns of functional connectivity obtained from resting-state func
tional magnetic resonance imaging (rs-fMRI). However, these studies 
derived dimensions of psychopathology from symptom data or diag
nostic information in isolation, and only afterwards associated them 
with functional connectivity. To identify brain-based dimensions of 
psychopathology, the functional brain networks should inform the 
estimation of psychopathology dimensions per se. 

Doing exactly this, studies have identified symptom dimensions by 
finding their maximal correlation with functional connectivity in youth 
aged 8–22 (Xia et al., 2018) and preadolescents aged 9–11 (i.e., the 
ABCD cohort) (Kebets et al., 2023). In youth, dimensions of mood, 
psychosis, fear, and externalisation symptoms exhibited both unique 
and a shared pattern of connectivity. In ABCD, dimensions derived from 
structural and functional brain patterns simultaneously resembled a 
general psychopathology factor along with internalising-externalising, 
neurodevelopmental, somatoform, and detachment dimensions. 
Although this work is promising with respect to identifying biologically 
informed dimensions of psychopathology, the investigation of mental 
health symptoms in population-based studies may not generalise to 
clinical populations (Vanes and Dolan, 2021). While investigation in 
young, representative cohorts is essential to understand putative 
developmental mechanisms relevant for psychopathological vulnera
bility, it is equally important to map the relevance of these findings to 
individuals already diagnosed with a mental disorder. Mapping of 
disorder-general and disorder-specific patterns in clinical populations is 
needed to elucidate the underlying neurobiological mechanisms of 
psychopathology. 

Patterns of connectivity related to symptoms of anxiety, irritability, 
and ADHD were replicated across two independent clinical samples of 
children and adolescents (Linke et al., 2021). Specifically, this study 
identified one dimension consisting of all three domains, while the 
second dimension captured shared aspects of irritability and ADHD, and 
the third was specific to anxiety. This indicates clinically relevant 

disorder-general (i.e., shared across disorders) and disorder-specific ef
fects in functional networks of children and adolescents. Moreover, it 
points to the possibility of decomposing irritability, a symptom shared 
between anxiety and ADHD, into disorder-specific and common com
ponents based on patterns of brain connectivity. However, this study did 
not investigate connectivity patterns related to broad transdiagnostic 
symptom dimensions but maintained a focus limited to anxiety, irrita
bility, and attention problems. Moreover, the degree of overlap between 
functional networks linked to symptom dimensions and those related to 
diagnosis remain to be determined. 

In the current study, we aimed to investigate dimensions linking 
functional connectivity and psychopathology in a sample of children 
and adolescents where the majority had at least one diagnosed mental 
disorder. We used partial least squares (PLS) (Krishnan et al., 2011), a 
multivariate technique that identifies shared associations across two 
high-dimensional matrices. This enables identification of dimensions of 
psychopathology derived from connectivity patterns in functional brain 
networks. Specifically, we wanted to highlight similarities and differ
ences across dimensions derived from symptom data vs diagnostic 
classifications in the same sample. To do this, we investigated associa
tions between functional connectivity and a) symptom scores, and b) 
diagnostic information. In addition, we investigated associations be
tween functional connectivity and c) each diagnosis specifically, con
trolling for other diagnosis categories. To ensure robustness, we ran our 
analysis in a discovery subsample and then validated these findings in a 
replication sample from the same cohort. Finally, we validated the 
symptom dimensions of our findings in the ABCD cohort by formally 
comparing our results to the work by Kebets and colleagues (Kebets 
et al., 2023). 

2. Material and methods 

2.1. Sample 

The sample was recruited from New York City, USA to participate in 
the Healthy Brain Network (HBN) (Alexander et al., 2017), a cohort 
consisting of children and adolescents aged 5–21. Participants were 
recruited through “community-referred recruitment,” meaning adver
tisements to encourage participation of families who have concerns 
about in the mental health of their child. Exclusion criteria were: any 
present acute safety concerns (e.g., being a danger to oneself or to 
others), cognitive or behavioural impairments hindering participation 
(e.g., being nonverbal) or medical concerns that likely will confound 
brain-related findings. 

The participants underwent a comprehensive assessment of biolog
ical and socio-environmental factors, in addition to diagnostic evalua
tion by qualified health personnel. After quality control and data 
cleaning (see below), the final sample for our analyses consisted of 1880 
participants (721 females). This sample was then split into a discovery 
sample (80%, n = 1689) and a replication sample (20%, n = 420), 
matching the two subsamples on scanner location, age, sex, and diag
nosis categories. See Fig. S1 for a sample flow chart. Sample de
mographics are provided in Fig. 1. 

2.2. Clinical measures 

Symptom scores were obtained from the Child Behaviour Checklist 
(CBCL) (Achenbach and Rescorla, 2001), which assesses emotional, 
behavioural, and social problems in children by parent report. Parents 
scored their children on 113 items as either 0 (“Not true”), 1 (“Some
what or sometimes true”) or 2 (“Very true or often true”). The responses 
to these items result in eight syndrome measures, previously found to be 
the best-fitting model for data obtained from both general and clinical 
populations (Achenbach and Rescorla, 2001; Ivanova et al., 2007): 
Anxious/Depressed, Withdrawn/Depressed, Somatic Complaints, Social 
Problems, Thought Problems, Attention Problems, Rule-Breaking 

I. Voldsbekk et al.                                                                                                                                                                                                                               



Developmental Cognitive Neuroscience 62 (2023) 101271

3

Behaviour, and Aggressive Behaviour. 
Diagnostic information was obtained by a computerised version of 

the Schedule for Affective Disorders and Schizophrenia – Childreńs 
version (KSADS) (Kaufman et al., 1997), which is a 
clinician-administered semi-structured psychiatric interview based on 
DSM-5. Based on this interview and review of all other collected mate
rials, a consensus regarding clinical diagnosis was made by a team of 
licensed clinicians. We then categorised diagnoses as either “ADHD”, 
“ASD”, “anxiety disorders”, “mood disorders”, “other neuro
developmental disorders”, “other disorders” or “no diagnosis”. Most 
participants had more than one diagnosis. 

Of those with complete MRI data (see below), 1992 participants had 
available both diagnostic data and symptom data. Participants with 
more than 10% missing symptom data were excluded (n = 112). For the 
remaining participants (n = 1880), missing values were imputed with 
knnimpute in MATLAB (MathWorks, 2020). 

2.3. MRI pre-processing 

We accessed rs-fMRI and T1-weighted structural MRI for the current 
study. MRI data were acquired at four different sites: a mobile scanner at 
Staten Island (SI), Rutgers University Brain Imaging Centre, Citigroup 
Biomedical Imaging Centre (CBIC) and Harlem CUNY Advanced Science 
Research Centre. A detailed overview of the MRI protocol is available 
elsewhere (http://fcon_1000.projects.nitrc.org/indi/cmi_healthy_
brain_network/MRI%20Protocol.html). 

T1-weighted MRI data (n = 3334) were processed using FreeSurfer 
v. 7.1.0 (Fischl, 2012) and quality controlled using the MRIQC classifier 
(Esteban et al., 2017). For participants with more than one T1-weighted 
scan, we selected the sequence with the best estimated quality, as pre
viously described (Voldsbekk et al., 2023). 

For individuals with sufficient structural MRI image quality 
(n = 3213), we submitted rs-fMRI images for pre-processing along the 
following pipeline. We applied FSL MCFLIRT (Jenkinson et al., 2002) for 
motion correction, high-pass temporal filtering (cut-off: 100), spatial 
smoothing (FWHM: 6) and distortion correction as part of FEAT 
(Woolrich et al., 2001). The rs-fMRI images were also registered to the 
structural image using FLIRT (Jenkinson et al., 2002) and 
boundary-based registration (Greve and Fischl, 2009). Next, for addi
tional removal of artefacts and noise, we performed non-aggressive 
ICA-AROMA (Pruim, Mennes, Buitelaar et al., 2015; Pruim, Mennes, 
van Rooij et al., 2015) and FIX (Griffanti et al., 2014; Salimi-Khorshidi 
et al., 2014) with a threshold of 20. During this procedure, 595 partic
ipants were excluded due to missing data or insufficient image quality. 
As an additional step, quality control of the raw rs-fMRI images was 

performed using MRIQC. Estimations of temporal signal-to-noise ratio 
(tSNR) and mean framewise displacement (FD), as calculated by MRIQC, 
were used as covariates in subsequent analyses. 

2.4. Network analysis 

To increase reproducibility, nodes were estimated from the Schaefer 
parcellation with 100 parcels and 7 networks (Schaefer et al., 2018). 
These networks include visual A, visual B, visual C, auditory, somato
motor A, somatomotor B, language, salience A, salience B, control A, 
control B, control C, default A, default B, default C, dorsal attention A 
and dorsal attention B. As an additional quality check of the estimated 
parcels, participants with data in less than 60% of voxels for each parcel 
were excluded (n = 290). An overview of percentage missing data in 
each parcel is shown in Fig. S2. To check that 60% is a reasonable 
threshold, balancing exclusion of participants vs completeness of voxel 
data, time series correlations were computed in the subset of partici
pants with no missing data between the full parcel time series (i.e., from 
100% of voxels) and parcel time series based on 60% of the voxels of that 
parcel (removing those voxels most frequently missing). The correlation 
between the full 100% parcel and the 60% parcel time series was high 
for every parcel (all higher than r = .87, see Fig. S3). Parcel timeseries 
were then imported to FSLNets (https://fsl.fmrib.ox.ac.uk/fsl/fslwi
ki/FSLNets), as implemented in MATLAB (MathWorks, 2020), for esti
mation of edges (n = 2328). In this step, we calculated the partial 
correlations between nodes using L2-norm ridge regression, as these are 
considered a better measure of direct connectivity strength (Marrelec 
et al., 2006). Finally, edges were z-transformed using Fisher’s trans
formation and we extracted the upper triangle of the correlation matrix 
for further analysis, yielding 4950 unique edges reflecting the connec
tion strength between nodes for each participant. 

2.5. Partial-least squares 

To assess shared associations between edges (i.e., functional con
nectivity strength between two brain regions) and mental health data in 
the discovery sample, we used PLS Application (Krishnan et al., 2011), 
as this toolbox affords a straightforward implementation of contrasts. 
This approach yields latent variables (LV) reflecting maximal covariance 
across both matrices. See Fig. 2 for an overview of the PLS analysis 
pipeline. The PLS analysis estimates a cross-covariance matrix between 
imaging and behavioural data. This matrix is then inputted to singular 
value decomposition, yielding a total number of LVs corresponding to 
the number of behavioural variables. For each of these LVs, we get a 
singular value and the weights of each imaging and behavioural 

Fig. 1. Sample distributions of diagnosis categories (more than one per individual possible), total symptom burden, comorbidity, age, and sex. The lines indicate 
mean age for each sex. A. Discovery sample (n = 1689). B. Replication sample (n = 420). CBCL; child behaviour checklist. ADHD; attention-deficit hyperactivity 
disorder. ASD; autism spectrum disorder. ND; neurodevelopmental. 
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Fig. 2. Illustration of the PLS analysis pipeline. The cross-covariance matrix between imaging data and behavioural data is estimated. This matrix is then inputted to 
singular value decomposition, yielding singular values for each LV, as well as imaging, behavioural, and subject weights. Then, loadings onto each LV were calculated 
as the correlation between subject weights and the original imaging and behavioural data, respectively. PLS; partial least squares. LV; latent variable. 
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variable, as well as for each subject. The significance of LVs was assessed 
using permutation testing (n = 5000). Then, the stability of edges for 
each significant LV was estimated using bootstrapping with replacement 
(n = 1000), thresholding at |pseudo-z|> 3| (McIntosh and Lobaugh, 
2004) for significance. Loadings onto each LV was then extracted as the 
correlation between weights on each LV and the original data. First, to 
investigate symptom-based patterns, we ran a rotated behavioural PLS 
with z-transformed symptom data as behavioural variables. Next, 
entering diagnostic information (one column for each diagnosis: 1 as 
having the diagnosis, 0 as not – more than one possible 

per participant) as behavioural variables, we used the same rotated 
behavioural PLS approach to decompose data into putative specific and 
shared disorder dimensions (i.e., diagnosis-based patterns). Then, to test 
for diagnosis-specific patterns explicitly, we ran a non-rotated behav
ioural PLS, in which associations between edges and each diagnostic 
category was tested. This test was run for each diagnosis category 
separately, while controlling for all other diagnosis categories (see 
Table S1 for an overview of contrasts). 

Prior to running PLS, edges were adjusted for sex, age, tSNR, FD, and 
scanner site. PLS was run using Spearmańs rank correlation. Significant 
LVs were then plotted using R version 4.1.2 (https://cran.r-project.org). 
To aid in the visualisation and interpretation of the high dimensional 
connectivity patterns, edges were summarised across networks for sig
nificant LVs. To investigate the loading of nodes, we also estimated the 
nodal loading strength across the connectivity matrix for each connec
tivity pattern identified by PLS using the Brain Connectivity Toolbox 
(Rubinov and Sporns, 2010) in MATLAB. To obtain a more detailed 
overview of each connectivity pattern, we plotted nodal strength and 
edge strength using BrainNet Viewer (Xia et al., 2013). 

2.6. Consistency across age, sex, ethnicity, socio-economic status, 
intelligence, and medication use 

Given that aberrant brain development may represent a key aetio
logical component in mental disorders (Casey et al., 2014; Paus et al., 
2008), we assessed whether the shared associations between edges and 
symptom data in the discovery sample differed as a function of age or 
sex. To do this, we reran the symptom-based PLS without adjusting 
edges for age and sex. These results revealed similar patterns of 
covariation for all LVs except LV4, which was not found (Fig. S4). 
However, all LVs exhibited highly correlated feature weights across 
overlapping dimensions (Table S2). To examine whether the shared 
associations identified were generalisable across ethnic groups, we 
plotted the correlations between edges and symptoms by ethnic group 
(Fig. S5). Similarly, to examine whether the shared associations identi
fied were generalisable across levels of socioeconomic status (SES), we 
plotted the correlations by median-split of household income, as a proxy 
for SES (Fig. S6). To examine whether the shared associations identified 
were generalisable across levels of intelligence, we plotted the correla
tions by full scale IQ split into ± 70 (Fig. S7). To examine whether the 
shared associations identified were generalisable across current use of 
psychiatric medication or not, we plotted the correlations by current use 
vs no use (yes/no; 310 participants reported yes) (Fig. S8). Finally, 
symptom weights and connectivity weights from the symptom-based 
PLS were regressed against each diagnosis category separately, with 
“no diagnosis” as a reference group. We also regressed weights against 
number of diagnoses, interpreting the latter as a proxy of 
cross-diagnostic vulnerability. All associations were adjusted for age, 
age2, and sex. 

2.7. Validation in replication sample 

To test whether the results were robust and reliable, we repeated the 
PLS analysis in the replication sample. Akin to previous work (Linke 
et al., 2021), weights estimated in each subsample were then multiplied 
with input data from the other subsample to derive subject weights for 

participants whose data was not part of the model estimations. Repli
cation was determined as the Pearson’s correlation of the derived sub
ject weights for each dataset with those estimated in the corresponding 
subset. To establish significance of the correlations, we ran permutations 
(n = 5000) and results were considered replicable if correlations in both 
directions were significant. 

2.8. Validation in independent cohort 

To test whether the results also generalise to other cohorts, we 
formally tested the replicability of previous work in the ABCD cohort 
(Kebets et al., 2023) to the current sample. Specifically, we repeated the 
replication procedure described above, this time applying weights from 
the ABCD dataset to input data from HBN and correlated this product 
with subject weights from our symptom-based PLS analysis. Of note, as 
the previous work utilised the Schaefer parcellation with 400 parcels 
and submitted these to PCA prior to running PLS, we first decomposed 
the HBN data by multiplying 400 parcellated HBN data with PCA 
weights estimated in the ABCD analysis. 

3. Results 

3.1. Symptom-based dimensions 

Based on the scree plot of percent cross-block covariance explained 
(Fig. S9), we selected the first six LVs in the symptom-based PLS in the 
discovery sample for further analysis. Of these, five were significant 
(r = 0.72, p = .045; r = 0.65, p = .026; r = 0.75, p = .009; r = 0.71, 
p = .031; r = 0.62, p = .003, respectively; Fig. S10). Each LV represents 
a distinct pattern that relates a weighted set of symptoms to a weighted 
set of functional brain network connections. Inspection of the most 
heavily weighted symptoms for each LV revealed that they resemble the 
psychopathology hierarchy: the first LV resembled a general psycho
pathology factor (see Fig. 3 A), while the remaining four represented 
increasingly narrow dimensions (see Fig. 4). 

Specifically, LV2 was related to internalising- externalising, LV3 to 
neurodevelopment, LV4 to somatic complaints, and LV6 to thought 
problems. 

These psychopathology dimensions were identified by their shared 
associations with specific patterns of connectivity. For each dimension, 
these patterns were widely distributed across functional networks (see 
Fig. 3 and S11). LV1 was related to weaker connectivity between the 
salience and limbic network, and between the limbic network and DMN, 
as well as within the control network (Fig. 3B-C). In addition, LV1 was 
related to stronger connectivity between the limbic and visual network 
and between the salience network and DMN. The nodes with strongest 
loading on this pattern implicated the control network, DMN, and 
salience network. LV2 was related to stronger within- and between- 
network connectivity in the visual network and lower connectivity 
within and between the salience network and DMN. The strongest nodes 
in LV2 were in the DMN, control and DA network (Fig. S11). LV3 was 
related to stronger connectivity between the somatomotor and visual 
network and to lower connectivity between the limbic network and 
control network. The strongest nodes were distributed across the DMN, 
control, and visual network. LV4 was related to weaker connectivity 
between the DA and control network, stronger connectivity between the 
visual and limbic network, and within the DA and somatomotor 
network. The strongest nodes were in the DA network. LV6 was related 
to weaker connectivity between the limbic and visual network and be
tween the visual network and the DA network, as well as between the 
somatomotor network and DMN. The strongest nodes were in the con
trol network and DA network. 

3.2. Diagnosis-based dimensions 

The rotated diagnosis-based PLS identified one significant LV 
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(r = 0.68, p = .009). As shown in Fig. 5 A, this pattern resembled a 
general case vs control pattern across all diagnoses. Partly consistent 
with the general psychopathology pattern of the symptom-based LV1, a 
higher loading on this LV (i.e., having a diagnosis) entailed stronger 
connectivity between the limbic and visual and salience network, in 
addition to weaker connectivity between the salience network and DMN 
(Fig. 5B-C). The strongest nodes were distributed across all these 
networks. 

3.3. Diagnosis-specific patterns 

The non-rotated diagnosis-specific PLS, which tested each diagnosis 
category separately while controlling for all other diagnosis categories, 
identified a unique connectivity pattern for ASD (r = 0.44, p = .012). As 
shown in Fig. 6, the ASD-specific pattern was widely distributed, 
including weaker connectivity within the somatomotor network and 
between the DA network and visual network. The strongest nodes 
implicated the salience, visual, and 

DA network. In addition, the non-rotated diagnosis-specific PLS 
identified a unique pattern of no diagnosis vs all diagnoses (r = 0.56, 
p = .012) (Fig. S12). This pattern implicated increased connectivity 
between the somatomotor, and salience and DA network, in addition to 
lower connectivity between the visual and limbic network. The strongest 

nodes implicated in this pattern were in the salience and somatoform 
network. The remaining diagnosis categories did not show disorder- 
specific patterns of functional connectivity. 

3.4. Symptom-based pattern evident across diagnostic boundaries 

To understand the distribution of symptom dimensions in more 
detail, we plotted them against diagnosis categories (Fig. S13). As shown 
in Fig. 3E-F, there was a consistency between a higher degree of co
morbidity and higher weights on LV1. We also observed expected 
variation in symptom weights with respect to specific diagnoses, such as 
patients with ADHD and ASD loading more highly on the neuro
developmental dimension (LV3; Fig. S13). On the internalising- 
externalising dimension (LV2), mood disorder, ASD, and anxiety disor
der loaded more negatively, consistent with increasing symptoms of 
internalising being typical for these diagnosis categories. In addition, 
linear models revealed that all diagnosis categories showed higher 
symptom and connectivity weights on LV1 compared to having no 
diagnosis (Table S3). There was also a significant linear association with 
the number of diagnoses for both symptom and connectivity weights on 
LV1 (Table S4 and S5). This was true when including “no diagnosis” in 
the model or not, suggesting that this effect was not driven by case- 
control effects. 

Fig. 3. The first dimension of shared associations between functional connectivity and clinical symptoms resembled a general psychopathology factor. A. The highest 
loading symptoms of this dimension. Loadings reflect correlations between LV weights and original data. B. Strength of edges and nodes that contributed to this 
dimension. Edges are coloured red for higher connectivity and blue for lower connectivity. Nodes are coloured based on network membership. C. Both increased and 
reduced connectivity in specific edges contributed. Magnitude in this plot reflects summarised edge strength across each network. D-E. Connectivity and symptom 
weights across diagnostic categories (left) and number of comorbidities (right). In these plots, the data is centred around the mean of no diagnosis. LV; latent variable. 
ADHD; attention-deficit hyperactivity disorder. ASD; autism spectrum disorder. ND; neurodevelopmental. Vis; visual network. SM; somatomotor network. Sal/VA; 
salience network. Cont; control network. DMN; default mode network. DA; dorsal attention network. 
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Fig. 5. One dimension of shared associations 
between functional connectivity and diagnosis 
categories, resembling a cross-diagnostic case- 
control difference. A. The diagnosis dimension 
reflected a pattern across all diagnostic cate
gories vs no diagnosis. B. Strength of edges and 
nodes that contributed to this dimension. Edges 
are coloured red for higher connectivity and 
blue for lower connectivity. Nodes are coloured 
based on network membership. C. Both 
increased and reduced connectivity in specific 
edges contributed. Magnitude in this plot re
flects summarised edge strength across each 
network. ADHD; attention-deficit hyperactivity 
disorder. ND; neurodevelopmental. ASD; 
autism spectrum disorder. Vis; visual network. 
SM; somatomotor network. Sal/VA; salience 
network. Cont; control network. DMN; default 
mode network. DA; dorsal attention network.   

Fig. 4. Dimensions of shared associations between functional connectivity and clinical symptoms map onto the hierarchical structure of psychopathology. A. LV2 
map onto symptoms of higher externalisation and lower internalisation. B. LV3 map onto symptoms of neurodevelopmental problems. C. LV4 map onto symptoms of 
higher somatic complaints and lower withdrawn/depressive symptoms. D. LV6 map onto symptoms of higher thought problems. Colours reflect CBCL syndrome 
measures. LV; latent variable. CBCL; Child behaviour checklist. 
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3.5. Validation in replication sample 

The symptom item weights from the symptom-based PLS were vali
dated in the replication sample (Fig. S14). For LV1-LV3, the correlations 
between replication and discovery and vice versa were high 
(r = 0.91–0.99, all p = .001), while the correlations for LV4 and LV6 
were lower (r = 0.13–0.20, all p = .001, and r = 0.10–0.15, p < .016, 
respectively). The connectivity weights for LV2, LV3 and LV6 were also 
significantly correlated (r = 0.08–0.18, p < .025), while LV1 and LV4 
did not replicate (r = 0.04–0.14, p = .001–0.18) (Fig. S14). Of note, the 
association between connectivity weights for LV1 and LV4 were corre
lated between replication-derived discovery weights and original dis
covery weights, while the opposite direction was not. 

For the diagnosis-based PLS and the diagnosis-specific PLS, a similar 
pattern emerged. The diagnosis weights in the diagnosis-based PLS were 
replicated across the discovery and replication samples (both r = 0.99, 
p = .001), while the connectivity weights were not (r > 0.06, 
p = .002–0.094) (Fig. S15). For the ASD-specific pattern derived in the 
diagnosis-specific PLS, the connectivity weights were validated across 
samples (r = 0.20–0.21, both p = .001), while no diagnosis-specific 
connectivity weights were not replicated (both r = 0.04, p = .07–0.20) 
(Fig. S16). 

3.6. Validation in independent cohort 

The application of ABCD-derived PLS weights to HBN data revealed 
replication of all five symptom LVs in the symptom-based PLS across 
cohorts. As shown in Fig. 7, the LV1-LV3 symptom weights were highly 
correlated (r = 0.86–0.98, all p = .001), while LV4 and LV6 exhibited 
lower correlations (r = 0.12, p = .001, and r = 0.21, p = .001, respec
tively). The connectivity weights did not replicate (r = 0.001–0.02, 
p > .18). 

4. Discussion 

Through shared associations between mental health data and func
tional connectivity, the current study delineated shared and unique 
patterns in child and adolescent functional brain networks. We found 
that dimensions of clinical symptoms map onto specific patterns of brain 
connectivity, aligned with the psychopathology hierarchy. The rotated 
decomposition of diagnostic data (i.e., the diagnosis-based PLS) 
revealed one significant dimension, implicating a cross-diagnostic 
pattern. The disorder-specific tests revealed specific patterns of con
nectivity related to ASD and no diagnosis (i.e., a case-control disorder- 
general effect), but not for any other diagnosis. For the symptom-based 
dimensions, we found that higher comorbidity was consistently related 
to both increased symptom burden and increased connectivity aberra
tions. Critically, these clinical patterns were replicable in an indepen
dent sample from the same cohort, as well as in an independent cohort, 
supporting the robustness and generalisability of our findings. Consis
tent with previous work (Linke et al., 2021), the connectivity patterns 
were not replicable to the same extent. Taken together, these results 
indicate that compared to diagnostic classifications in isolation, trans
diagnostic and symptom-based dimensions of psychopathology are more 
closely mapped to the functional networks of the brain during the 
formative years of childhood and adolescence. 

The clinical dimensions revealed by shared associations between 
functional connectivity and symptoms in the current study adhere to the 
hierarchical structure of psychopathology, implicating a general psy
chopathology factor, followed by dimensions of internalising- exter
nalising, neurodevelopment, somatic complaints, and thought 
problems. PLS derives orthogonal LVs, leaving dimensions independent. 
Capturing internalisation- externalisation as the second latent pattern is 
consistent with previous work (Kebets et al., 2023; Linke et al., 2021). 
Indeed, we did not only detect overlapping symptom-based dimensions 
as those previously identified by Kebets and colleagues (Kebets et al., 
2023), we were able to replicate them in our sample. This replication 
across samples is striking, suggesting generalisable patterns of func
tional connectivity-psychopathology associations, and strongly sup
porting the conceptualisation of the general population vs clinical 
populations as existing on a continuum. Interestingly, given the overlap 
between the current functional connectivity-derived symptom di
mensions and CBCL subscale syndromes derived from symptom data 
alone, it appears that the psychopathology hierarchy is represented in 
functional networks during development. 

In contrast to our findings, Linke and colleagues (Linke et al., 2021) 
identified a dimension specific to anxiety symptoms. Neither did we 
detect a pattern specific to having an anxiety diagnosis. This discrepancy 
may reflect diversity in the range of symptoms and diagnostic groups 
included. Indeed, in the current study, the diagnostic range was broader 
than in the study by Linke and colleagues (Linke et al., 2021). Concur
rently, the symptom domains assessed by Xia and colleagues (Xia et al., 
2018) were more closely mapped to adult psychopathology than to child 
symptomology, which may explain the differences in clinical dimensions 
derived. Although the age range is largely overlapping between the 
current sample and the sample used by Xia and colleagues, the current 
sample had a mean age of 10.5 years, while the previous study had a 
mean age of 15.82 years. Consistent with this difference in age, the di
agnoses and symptoms prevalent in the current sample were neuro
developmental and early emerging psychopathologies, such as attention 
problems, autism, and anxiety, while the sample used by Xia et al. 
(2018) present symptomatology more closely resembling distributions 
seen in adolescent and adult samples, including all those childhood 
categories, but also markedly higher prevalence of symptoms of mood 
disorders and emerging psychosis (Alnaes et al., 2018). It is not unrea
sonable to expect this difference in symptom distribution to yield dif
ferences in the clinical dimensions derived in the current work 
compared to the previous study. In addition, the current study included 
CBCL summary scores, alongside item scores. This may have influenced 

Fig. 6. ASD was the only diagnosis category exhibiting a unique pattern of 
connectivity A. Strength of edges and nodes specific to ASD. Edges are coloured 
red for higher connectivity and blue for lower connectivity. Nodes are coloured 
based on network membership. B. Both increased and reduced connectivity in 
specific edges contributed. Magnitude in this plot reflects summarised edge 
strength across each network. ASD; autism spectrum disorder. Vis; visual 
network. SM; somatomotor network. Sal/VA; salience network. Cont; control 
network. DMN; default mode network. DA; dorsal attention network. 

I. Voldsbekk et al.                                                                                                                                                                                                                               



Developmental Cognitive Neuroscience 62 (2023) 101271

9

the way our model structured the associations, which may also explain 
why we obtain different results. 

Alterations in functional connectivity of the DMN have previously 
been implicated in several neurological and mental disorders (van den 
Heuvel and Sporns, 2019). In addition, DMN connectivity has been 
linked to general psychopathology (Elliott et al., 2018; Karcher et al., 
2021; Kebets et al., 2023; Sato et al., 2018). In line with this, DMN nodes 
were some of the strongest loading nodes and edges of the general 
psychopathology factor (i.e. symptom-based LV1) in the current study. 
This factor was further characterised by a distributed pattern involving 
weaker connectivity between the limbic network and salience network 
and DMN. It also implicated stronger connectivity between DMN and 
salience network, and between the control network and somatomotor 
network. In line with this, the limbic, salience, fronto-parietal and 
sensorimotor networks are also implicated in general psychopathology 
(Vanes and Dolan, 2021). 

The connectivity pattern related to a general psychopathology factor 
in the ABCD sample (Kebets et al., 2023) implicated increased connec
tivity between the DMN and salience network, which was also a key 
finding in the current sample. However, this pattern was not replicable 
across cohorts when formally comparing them. The lack of general
isability of connectivity patterns across cohorts is consistent with pre
vious replication attempts across cohorts (Linke et al., 2021). This study 
showed that while connectivity-informed clinical dimensions were 
replicable across two cohorts, the connectivity patterns themselves were 
less so (Linke et al., 2021). The authors attributed this to a “many-
to-one” mapping between neural and clinical variables, which may also 
explain the lack of overlap in specific connectivity patterns identified in 
the current work compared to previous work. 

The diagnosis-based analysis revealed only one significant dimen
sion, resembling a cross-diagnostic case-control pattern. This pattern 
was characterised by no diagnosis exhibiting the highest loading, with 
all the other diagnosis categories exhibiting smaller associations in the 
opposite direction. If, instead, connectivity patterns specific to each 
diagnosis were detectable, we would have expected this test to reveal 
several dimensions (i.e., LVs), each consisting of loadings from one (or a 
few) diagnoses. In addition, we identified a no diagnosis vs all diagnoses 

specific pattern, representing an inverse cross-diagnostic case-control 
pattern. Although the weighting of each diagnosis category differed 
between these two analyses, the overarching connectivity patterns for 
these dimensions revealed inverse overlap. Indeed, although the 
symptom-based general psychopathology dimension exhibited a more 
distributed connectivity pattern, there was also some overlap between 
this pattern and cross-diagnostic case-control pattern. Together, these 
patterns implicate a distributed connectivity pattern implicating several 
key networks, such as the salience network and the limbic network, in 
separating no diagnosis from having a diagnosis. 

ASD was the only diagnosis category exhibiting a detectable unique 
pattern of connectivity. This pattern was widely distributed, implicating 
altered connectivity within several brain networks. Hyperconnectivity 
within several large-scale brain networks has previously been impli
cated in ASD (Uddin et al., 2019). The distributed nature of the 
ASD-specific pattern identified in the current study, including both 
increased and reduced connectivity within and between several net
works, is in line with the notion that both hyperconnectivity and 
hypoconnectivity may underlie ASD (Kana et al., 2011). Importantly, 
the finding that ASD was the only diagnosis group exhibiting a unique 
connectivity pattern has implications for our understanding of the 
neurobiological substrates of ASD, but also for our understanding of the 
structure of psychopathology and ASD in this landscape more broadly. 
The current work supports the understanding that rather than belonging 
in the general psychopathology domain, ASD likely represent a separate 
neurodevelopmental dimension (Opel et al., 2020b; Ronald, 2019). 

Although our findings provide several new insights into the link 
between functional brain connectivity and the structure of childhood 
psychopathology, some limitations should be noted. First, functional 
connectivity results are known to be influenced by methodological 
choices (Li et al., 2021; Sala-Llonch et al., 2019; Shirer et al., 2015), 
complicating the identification of robust and replicable results. To in
crease replicability of the current work, we relied on an established 
parcellation scheme (Schaefer et al., 2018). Critically, we also validated 
our findings in both an independent sample from the same cohort, as 
well as in an independent cohort. Second, several functional connec
tivity patterns identified implicated the limbic network, a network 
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Fig. 7. Correlations between PLS weights derived in the ABCD cohort and in the current sample (i.e., HBN). A. Symptom weights were significantly associated across 
ABCD and HBN cohorts. B. Connectivity weights were not significantly associated. PLS; partial least squares. ABCD; adolescent brain cognitive development cohort. 
HBN; healthy brain network cohort. 
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known to be sensitive to susceptibility artefacts and reduced signal 
(Khatamian et al., 2016). Although we did additional measures to 
reduce the influence of reduced signal on our analysis, we cannot 
completely rule out that our results are influenced by this confound. 
Third, as the sample consisted of mainly children, and most of them with 
at least one mental disorder, motion was an issue. To ameliorate this 
influence, we used the MRIQC classifier to exclude participants with 
insufficient image quality, cleaned data using FIX and AROMA, and 
regressed out measures of image quality and motion from the data. 
Fourth, the cross-sectional nature of the study design prohibits any 
conclusion to be drawn with respect to the within-person temporal dy
namics of any identified pattern. Fifth, given that the symptom data was 
continuous, and the diagnostic analysis separated the sample into 
dichotomous groups, the power to extract maximal covariance between 
symptoms and functional connectivity was better than that for the 
diagnostic analysis. As such, these results cannot be directly compared. 
Finally, the sample was enriched with children diagnosed with ADHD 
and other neurodevelopmental conditions. Although this may be 
representative of a developmental clinical sample, it may not generalise 
to other clinical populations. For example, this has implications for the 
comparison of the current results to other studies investigating a derived 
general psychopathology factor. However, given that we could replicate 
previous work in a population-based sample in the current sample, our 
findings seem to generalise to other populations, which is a strength of 
the current study. 

5. Conclusions 

The current work found that dimensions of psychopathology derived 
from clinical symptoms were associated with specific patterns of func
tional connectivity in the developing brain, while ASD was the only 
diagnostic category to exhibit such a specific pattern. This contributes to 
a growing body of evidence in favour of dimensional and transdiagnostic 
classifications of psychopathology (Vanes and Dolan, 2021). In this 
classification, neurodevelopmental conditions such as ASD may possess 
specific abnormalities in functional connectivity networks above and 
beyond those related to general psychopathology. This has implications 
for the pursuit of individualised brain-based surrogate markers in 
mental health research and care, which in turn may lead to improved 
prevention and intervention of mental disorders. 
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Abstract 
Aberrant brain network development represents a putative key aetiological component in 
mental disorders, which typically emerge during childhood and adolescence. Previous 
resting-state functional MRI studies have identified brain connectivity patterns reflecting 
psychopathology, but the generalisability to other samples and politico-cultural contexts has 
not been established. 

We investigated whether a previously identified cross-diagnostic case-control and 
ASD-specific pattern of resting state functional connectivity (discovery sample; children and 
adolescents aged 5-21 from New York City, USA; n = 1666) would replicate in a Norwegian 
convenience-based sample of youth (validation sample; children and adolescents aged 9-25 
from Oslo, Norway; n = 531). As a test of generalisability, we investigated if these diagnosis-
derived RSFC patterns were sensitive to levels of symptom burden in both samples, based on 
an independent measure of symptom burden (i.e., not diagnostic criteria).  
 Both the cross-diagnostic and ASD-specific functional connectivity pattern was 
replicated across samples. Connectivity patterns were significantly associated with 
thematically appropriate symptom dimensions in the discovery sample. In the validation 
sample, the ASD-specific functional connectivity pattern showed a weak, inverse relationship 
with symptoms of conduct problems, hyperactivity, and prosociality, while the cross-
diagnostic pattern was not significantly linked to symptoms.   
 Diagnosis-derived connectivity patterns in a developmental clinical US sample are 
replicable in a convenience sample of Norwegian youth, however, they were not predictive of 
mental health symptoms.  
  



1 Introduction  
Childhood and adolescence constitute periods of life characterised by substantial 
developmental adaptations. These include rapid physical, hormonal, brain, cognitive, and 
psychological changes, adapted to the increasing complexity of our social environment and 
expectations with age. For example, during this time, the functional networks of the brain 
undergo large-scale reorganisation and maturation (Paus et al., 2008; Power et al., 2010; 
Sydnor et al., 2021). Adolescence is also a period with a marked increase in the incidence of 
psychopathology (Kessler et al., 2007). The co-occurrence of these phenomena has led to the 
hypothesis that increased brain plasticity during this period results in increased susceptibility 
to mental illness (Paus et al., 2008). Several studies have identified plausible links between 
psychopathology in youth and resting-state functional connectivity (RSFC) derived from 
functional magnetic resonance imaging (fMRI). However, the generalisability of such 
network patterns to vulnerability for mental illness in non-clinical samples is currently not 
well demonstrated.  

In the context of generalisability and vulnerability, a related question is whether 
RSFC patterns are specific to diagnostic categories of mental disorders or shared across 
disorders. Considerable effort has been made to characterise RSFC patterns associated with 
both diagnostic syndromes and dimensional symptom scores. Transdiagnostic patterns can be 
identified by including participants with a range of (comorbid) diagnoses, or by modelling 
dimensional scores of multiple symptom domains. Using these approaches, an increasing 
number of studies have reported that RSFC patterns relating to psychopathology are 
transdiagnostic or shared across disorders (Elliott et al., 2018; Karcher et al., 2021; Kebets et 
al., 2023; Lees et al., 2021; Linke et al., 2021; McTeague et al., 2017; McTeague et al., 2020; 
Sha et al., 2019; Voldsbekk et al., 2023; Xia et al., 2018). For example, in a population-based 
sample of children (Adolescent Brain Cognitive Development cohort; ABCD), a shared 
psychopathology factor was derived and linked to RSFC using both symptom data (Karcher 
et al., 2021) and diagnostic data (Lees et al., 2021). 

The convergence of studies on a shared factor across disorders from studies using 
both symptom scores as well as binary diagnosis information supports the notion of a latent 
vulnerability factor on which the diagnostic categories represent extremes (Sprooten et al., 
2022). The above-mentioned findings linking a shared latent mental illness factor to brain 
measures are promising with regard to detecting neural signatures of psychopathology risk in 
the youth brain. However, an important question is whether these clinical RSFC patterns are 
sensitive to symptom burden and by extension putative risk in youth samples that are not 
enriched with mental disorder diagnoses.  

Recently, we estimated both diagnosis-specific and cross-diagnostic RSFC patterns in 
a clinical developmental sample. We identified a pattern specific to a diagnosis of autism 
spectrum disorder (ASD), as well as a shared patterns across attention-deficit hyperactivity 
disorder (ADHD), ASD, other neurodevelopmental disorders, anxiety, mood-disorders, and 
other diagnoses versus no diagnosis (Voldsbekk et al., 2023). In the current study we aimed 
to investigate whether these diagnosis-derived RSFC patterns are sensitive to mental health 
symptoms in a Norwegian convenience-based sample of youth. To do this, we investigated 
whether a) the cross-diagnostic and ASD-specific RSFC patterns previously identified could 
be replicated in the validation sample, and b) if these RSFC patterns could predict levels of 



symptom burden in the validation sample. As a further test of external validity, we also tested 
whether c) the RSFC patterns previously identified could predict levels of symptom burden in 
the discovery sample.  
 
2 Material and Methods 
2.1 Samples 
2.1.1 Discovery sample - HBN 
Children and adolescents from New York City, USA were recruited to be part of the HBN 
cohort (Alexander et al., 2017). The majority have a least one diagnosed mental disorder. In 
the previous study (Voldsbekk et al., 2023), 1880 participants in HBN took part. 1689 of 
these were in the discovery sample. Of these, 1666 had available symptom score data used 
for the current investigation. Missing values in the symptom data were imputed with 
knnimpute in MATLAB (MathWorks, 2020). For more details regarding MRI data cleaning 
and quality assurance steps, see Voldsbekk et al. (2023). The final sample consisted of 1666 
participants (641 females, mean ± sd age: 10.91 ± 3.14, range: 5-21). See Figure 1 for 
distributions of sample characteristics.  
 
2.1.2 Validation sample – Brainmint  
Children and adolescents in the Oslo region were recruited to participate in the Brains and 
minds in transition (Brainmint) study. Participants were recruited through convenience 
sampling by advertising in social media, aiming to recruit young people from the general 
population interested in contributing to a study investigating brain development and mental 
health. All participants provided written informed consent prior to their participation in the 
study. For participants under the age of 16, both parents/legal guardians provided written 
informed consent on their behalf. Per May 4th 2023, 759 participants had undergone magnetic 
resonance imaging (MRI) and 697 had responded to questionnaires. Of these, 531 had 
available both fMRI and symptom score data. No participants had missing data and so all 
were included in the sample used for the current analysis (390 females, mean ± sd age: 17.69 
± 2.83, range: 9-25). See Figure 1 for distributions of sample characteristics. 
 
2.2 Mental health measures 
In the previous study (Voldsbekk et al., 2023), we investigated diagnosis-derived patterns of 
RSFC in HBN (discovery sample). Diagnostic information was collected using a 
computerised version of the Schedule for Affective Disorders and Schizophrenia – Children´s 
version (KSADS) (Kaufman et al., 1997), which is a clinician-administered semi-structured 
psychiatric interview based on DSM-5. We then labelled diagnoses as belonging to either of 
these categories: “ADHD”, “ASD”, “anxiety disorders”, “mood disorders”, “other 
neurodevelopmental disorders”, “other disorders” or “no diagnosis”.  
 For testing the external validity and predictive utility of diagnosis-derived RSFC 
patterns, the current study obtained HBN symptom scores from the Strength and Difficulties 
Questionnaire (Goodman, 1997), which is a 25-item questionnaire measuring emotional and 
behavioural problems. The SDQ has five syndrome measures: emotional symptoms, conduct 
problems, hyperactivity/inattention, peer relationship problems, and prosocial behaviour. For 
this analysis, we used only the summary syndrome measures. In HBN, the SDQ items were 



parent-reported. See Figure S1 for symptom load distributions on SDQ summary measures 
across diagnostic categories in HBN. 

Symptom scores in Brainmint were investigated using the same approach as in HBM, 
only in this sample the SDQ responses were self-reported. 
 

 
Figure 1. Sample distributions. A. Age. B. Sex. C. SDQ summary syndrome scores. HBN; Healthy 
brain network sample. Brainmint; Brains and minds in transition sample. SDQ; Strengths and 
difficulties questionnaire.  
 
2.3 MRI acquisition 
HBN MRI data were acquired at four different sites: a mobile scanner at Staten Island (SI), 
Rutgers University Brain Imaging Centre, Citigroup Biomedical Imaging Centre (CBIC) and 
Harlem CUNY Advanced Science Research Centre. A detailed overview of the MRI protocol 
is available elsewhere 
(http://fcon_1000.projects.nitrc.org/indi/cmi_healthy_brain_network/MRI%20Protocol.html). 

Brainmint MRI data were acquired at Oslo University Hospital Ullevål, using a 3.0 T 
GE SIGNA Premier scanner using a 48-channel head coil. Structural MRI data was acquired 
using an T1-weighted MPRAGE sequence (repetition time (TR): 2.526 s, echo time (TE): 
2.836 ms, flip angle (FA): 8°, field of view (FOV): 256 mm, slice thickness: 1.0 mm, number 
of slices: 1). Resting-state functional MRI (rs-fMRI) data was acquired using a T2*-weighted 
blood-oxygen-level-dependent echo-planar imaging (EPI) sequence with a TR of 800 ms, TE 



of 30 ms, multiband acceleration factor = 6, number of slices: 60, 750 repetitions and voxel 
size = 2.4 × 2.4 × 2.4 mm.  
 
2.4 MRI pre-processing 
Rs-fMRI images in HBN were processed with the following pipeline. First, FSL MCFLIRT 
(Jenkinson et al., 2002) was applied for motion correction, high-pass temporal filtering, 
spatial smoothing and distortion correction. The rs-fMRI images were registered to a T1-
weighted structural image using FLIRT (Jenkinson et al., 2002) and boundary-based 
registration (Greve & Fischl, 2009). Next, for additional removal of artefacts and noise, we 
performed non-aggressive ICA-AROMA (Pruim, Mennes, Buitelaar, et al., 2015; Pruim, 
Mennes, van Rooij, et al., 2015) and FIX (Griffanti et al., 2014; Salimi-Khorshidi et al., 
2014). Estimations of temporal signal-to-noise ratio (tSNR) and mean framewise 
displacement (FD) were calculated by MRIQC (Esteban et al., 2017) and used as covariates 
in subsequent analyses. For more details, see our previous study (Voldsbekk et al., 2023). 

In Brainmint, preprocessing of rs-fMRI images were run using fMRIPrep v22.0.1 
(Esteban et al., 2019), an automated pipeline consisting of head motion correction, high-pass 
temporal filtering, spatial smoothing and distortion correction using MCFLIRT, slice-timing 
correction using 3dTshift from AFNI, registration to structural reference image using FLIRT 
and boundary-based registration, and, finally, non-aggressive ICA-AROMA. Same as for 
HBN, estimations of tSNR and FD were calculated by MRIQC (Esteban et al., 2017). 
 
2.5 Network analysis 
RSFC in HBN were derived using the Schaefer parcellation with 100 parcels and 7 networks 
(Schaefer et al., 2018). These networks include visual A, visual B, visual C, auditory, 
somatomotor A, somatomotor B, language, salience A, salience B, control A, control B, 
control C, default A, default B, default C, dorsal attention A and dorsal attention B. The 
connectivity matrix was then estimated as the L2-norm ridge regression partial correlation 
between parcel timeseries using FSLNets (https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/FSLNets), as 
implemented in MATLAB (MathWorks, 2020). This resulted in 4950 unique partial 
correlations (i.e., edges). 

RSFC in Brainmint were derived using the same approach as in HBN, making the 
edges comparable. 
 
2.6 Out-of-sample validation 
In the previous work (Voldsbekk et al., 2023), we used partial least squares (PLS) (Krishnan 
et al., 2011) to identify diagnosis-derived patterns of RSFC, controlling for other diagnosis 
categories using contrasts. This analysis revealed an ASD-specific pattern, as well as a cross 
diagnostic case-control pattern. 
 
2.6.1 Testing the replicability of the HBN-derived brain pattern to Brainmint 
See Figure 2 for an overview of the out-of-sample validation pipeline. First, we decomposed 
the Brainmint RSFC data by multiplying them with the brain weights estimated in the HBN 
PLS analysis. These Brainmint brain weights were then correlated with the original 
Brainmint RSFC data to get Brainmint connectivity loadings. Then, to assess whether the 



brain pattern was replicated across the two samples, we correlated the Brainmint connectivity 
loadings with HBN connectivity loadings for each latent variable (LV) using Pearson’s 
correlation. Their significance was tested using permutations (n=1000), randomly 
shuffling the rows (participants) of the Brainmint RSFC data. We calculated p-values by 
dividing the count of permuted maximum R values (including the observed non-
permuted value) ≥ the non-permuted R values by the number of permutations. Prior to 
analysis, Brainmint RSFC data was adjusted for age, sex, tSNR and FD, same as HBN RSFC 
data prior to running PLS. As a proxy for significance, connectivity loadings were 
thresholded at Z-scores<|3| in visualisations, akin to the procedure in our previous work using 
PLS.   
 

 
Figure 2. An overview of the out-of-sample validation pipeline. RSFC; resting-state functional 
connectivity. HBN; Healthy brain network sample. Brainmint; Brains and minds in transition sample.  
 
2.6.2 Testing the predictive utility of the brain pattern  
To assess whether the brain pattern had predictive utility, we correlated the derived 
Brainmint RSFC pattern with Brainmint symptom data. Specifically, we investigated the 
Spearman’s rank correlation between diagnosis-derived brain weights and symptom 
dimensions from SDQ. To assess the reliability of the associations between brain weights and 
symptom dimensions, we ran 1000 bootstraps using resampling with replacement. Finally, as 
a test of external validity, we also ran these correlations between the HBN RSFC pattern and 
SDQ symptom dimensions in HBN.  
 
3 Results 
The correlation between Brainmint and HBN connectivity loadings was significant for both 
the cross-diagnostic pattern (r=.39, permuted p<.001; see Figure 3A) and ASD (r=.49, 
permuted p<.001; see Figure 4A), indicating that both brain patterns were replicable across 
samples. As shown in Figure 3B, the cross-diagnostic RSFC pattern implicated weaker 
connectivity within the control network, in addition to weaker between-network connectivity 



between the salience network and control network, as well as between the default mode 
network (DMN) and limbic network. In terms of symptom dimensions, this connectivity 
pattern exhibited significant positive associations with anxiety, conduct problems, 
hyperactivity, and peer problems in HBN, as well as a negative association with prosocial 
behaviour (see Figure 3C). In Brainmint, there were no significant associations between the 
cross-diagnostic connectivity pattern and symptom dimensions (see Figure 3D).  

As shown in Figure 4B, the RSFC pattern for ASD implicated weaker within-network 
connectivity in the somatomotor network, dorsal attention (DA) network, salience network 
and DMN. In terms of symptom dimensions, this RSFC pattern was significantly associated 
with more symptoms of peer problems and hyperactivity in HBN, as well as lower degree of 
conduct problems and prosociality (see Figure 4C). In Brainmint, the ASD-specific RSFC 
pattern was associated with higher levels of prosocial behaviour and fewer symptoms of 
hyperactivity and conduct problems (see Figure 4D).  

 

 
Figure 3. Replication of the cross-diagnostic connectivity pattern from HBN to Brainmint. A. 
Pearson’s correlation of connectivity weights between samples (left) and corresponding permutation 
test (right). The dotted line marks the non-permuted R value. B. Visualisation of RSFC pattern in each 
sample. Depicted are thresholded edges (Z-scores<|3|). C. Associations between derived brain pattern 
and SDQ symptom dimensions in Brainmint. D. Associations between derived brain pattern and SDQ 
symptom dimensions in HBN. Associations with symptom dimensions are marked in bold green if 
95% confidence interval of the bootstrap distribution did not contain zero. ASD; Autism spectrum 
disorder. HBN; Healthy brain network sample. Brainmint; Brains and minds in transition sample. 
SDQ; strength and difficulties questionnaire.  



 

 
Figure 4. Replication of the ASD-specific connectivity pattern from HBN to Brainmint. A. Pearson’s 
correlation of connectivity weights between samples (left) and corresponding permutation test (right). 
The dotted line marks the non-permuted R value. B. Visualisation of RSFC pattern in each sample. 
Depicted are thresholded edges. C. Associations between derived brain pattern and SDQ symptom 
dimensions in Brainmint. D. Associations between derived brain pattern and SDQ symptom 
dimensions in HBN. Associations with symptom dimensions are marked in bold purple if 95% 
confidence interval of the bootstrap distribution did not contain zero. ASD; Autism spectrum disorder. 
HBN; Healthy brain network sample. Brainmint; Brains and minds in transition sample. SDQ; 
strength and difficulties questionnaire.  
 
4 Discussion 
The current study aimed to investigate whether psychopathology-related RSFC patterns are 
informative of vulnerability for mental illness in undiagnosed individuals by replicating 
connectivity patterns derived in a developmental clinical sample from the US in a Norwegian 
convenience-based sample of youth. However, the RSFC pattern was only sensitive to 
symptom burden in the discovery sample. Specifically, we found that the RSFC patterns were 
associated with symptom dimensions thematically overlapping with core symptom 
characteristics in the discovery sample, while in the validation sample we found a weak, 
inverse relationship for ASD. This latter association was small, hence exhibiting low 
predictive utility at the individual level. Taken together, these results show that although 
diagnosis-derived RSFC patterns replicate across samples, their utility is greatly limited due 
to their lack of sensitivity to symptom burden. 



 Replicability and generalisability of neuroimaging findings remain a challenge in the 
field (Botvinik-Nezer & Wager, 2022). Historically, small sample sizes and lack of 
methodological rigour have resulted in poor replication rates, possibly reflecting that many 
published findings are potential false positives (Ioannidis, 2005). To overcome such 
challenges, increasing effort has been put into developing procedures for reproducible 
science (Niso et al., 2022). With the advent of multivariate machine learning approaches in 
neuroscience, issues related to statistical power and extensive univariate testing in small 
samples have been improved (Botvinik-Nezer & Wager, 2022). However, these multivariate 
approaches come with new challenges, such as data leakage, overfitting and the need for 
sufficiently large data sets to ensure robustness (Botvinik-Nezer & Wager, 2022; Davatzikos, 
2019; Poldrack et al., 2020; Varoquaux, 2018). Although the current study aimed to 
overcome some of these challenges, we still did not obtain generalisable results. 

Generalisation of RSFC patterns related to psychopathology has been hampered by 
challenges related to the stability and reliability of RSFC results, as well as variations in 
mental health profiles across cohorts (Uddin et al., 2017). Data driven approaches to 
symptom clustering have to some degree yielded reproducible clusters or hierarchies of 
symptom structure across samples (Caspi et al., 2014). Recently, we derived brain-based 
latent dimensions of psychopathology using symptom covariance with functional brain 
networks in HBN (Voldsbekk et al., 2023). Similar brain-based dimensions of 
psychopathology were identified in ABCD, combining measures of both brain structure and 
RSFC (Kebets et al., 2023). By decomposing the HBN data using feature weights estimated 
in ABCD from Kebets et al., we found that the symptom dimensions replicated, however the 
RSFC patterns did not (Voldsbekk et al., 2023). Previous attempts at replication of brain-
symptom mapping in independent samples have shown similar findings of replicating latent 
clinical dimensions, but weak or non-replicable RSFC patterns (Linke et al., 2021). In light of 
this, it is surprising that the current study could replicate case-control and ASD-specific 
RSFC patterns from HBN to Brainmint. Even so, the clinical associations of this pattern in 
the discovery sample were not replicated in the validation sample.   

The current replication effort is conducted across two widely different samples, both 
in terms of age, sex distribution, and other demographical variables, and in their mental 
health profile. While the HBN sample consists of mainly children with diagnosed 
neurodevelopmental disorders, the Brainmint sample consists of adolescents recruited from 
the community. Some of these adolescents have elevated symptom burden and may meet the 
diagnostic criteria of a mental disorder, but this sample is not enriched with diagnoses as is 
the case with HBN. The symptom distribution is also different, with higher prevalence of 
anxiety symptoms in Brainmint, as compared to conduct problems and peer problems in 
HBN. In line with this, there is also a marked difference in the sex distribution across the two 
samples, with higher prevalence of males in HBN and the majority being female in 
Brainmint. Given these differences, it is all the more striking that the RSFC patterns 
replicated. Concomitantly, this may also explain the lack of replicable clinical associations. 
One possible explanation could be that the RSFC patterns do reflect some vulnerability to 
psychopathology, only it is not sensitive enough to be predictive in a widely different sample.  
 Consistent with the symptom load distribution in HBN across diagnostic categories, 
the RSFC pattern in HBN picked up associations with peer problems, hyperactivity, and 



prosocial behaviour for the ASD-specific pattern and all symptom dimensions for the cross-
diagnostic pattern. This represents a sanity check that the diagnosis-derived RSFC pattern in 
HBN picks up similar associations with symptom load as the diagnosis groups they are 
modelled to represent. Reliability of mental health measures has remained a challenge in the 
field (Nikolaidis et al., 2022). Here we show that RSFC patterns derived from diagnostic 
information exhibit associations with an independent measurement of symptom load that are 
overlapping with symptom load associations observed for each diagnostic category. This 
supports that these RSFC patterns reflect something that overlaps with their corresponding 
diagnostic categories. However, this sensitivity of the RSFC pattern was not generalisable to 
Brainmint. The RSFC pattern in Brainmint picked up an inverse relationship with prosocial 
behaviour, hyperactivity, and conduct problems for the ASD-specific pattern, indicating that 
higher prosociality and lower conduct problems and hyperactivity was associated with a more 
“ASD-like” brain pattern. This finding is paradoxical and the opposite of what one would 
expect. While it is too early to conclude based on one preliminary association only, it is 
worth noting that the strength of this association was low. Similarly, there was no significant 
associations with the cross-diagnostic pattern in Brainmint. Given these weak group-level 
associations, with low predictive utility at the individual level, adding too much emphasis to 
this preliminary finding is unwarranted. Instead, this result adheres to the previous literature 
finding generalisation of RSFC results a challenge (Uddin et al., 2017). 
 Some further limitations should be noted. First, RSFC results are influenced by 
methodological choices (Sala‐Llonch et al., 2019; Shirer et al., 2015). To increase 
reproducibility of RSFC networks, we utilised an established parcellation scheme (Schaefer 
et al., 2018). Second, the two samples underwent slightly differing fMRI preprocessing 
pipelines. However, this difference should diminish, rather than inflate, any reproducibility of 
the findings across samples. Third, the symptom dimensions from SDQ were measured by 
parent-report in HBN and by self-report in Brainmint. This may have induced systematic 
variations in the data across the two samples due to differences in response style, which may 
explain why the community-based sample seemed to exhibit a higher symptom burden than 
the clinical sample. This limitation represents an important reminder that low reliability in 
mental health measures impedes scientific discovery (Nikolaidis et al., 2022) and underscores 
that the current results must be interpreted with caution. 
 
5 Conclusions 
This work demonstrates that diagnosis-derived RSFC patterns in a US developmental clinical 
sample can be extended to a Norwegian convenience-based sample of youth. Both the cross-
diagnostic and the ASD-specific RSFC patterns were found to replicate across samples. 
However, although both connectivity patterns exhibited significant associations with 
thematically appropriate symptom dimensions in both the discovery sample (HBN), they 
were not found to be sensitive to overlapping dimensions of symptom burden in the 
validation sample (Brainmint). Implications of this work is that generalisation of RSFC 
results remains a challenge. For any psychopathology-related RSFC patterns to be 
generalisable and clinically relevant, their sensitivity to symptom burden across samples 
represents a prerequisite.   
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