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Abstract

Background. Patients with psychiatric disorders often experience cognitive dysfunction, but
the precise relationship between cognitive deficits and psychopathology remains unclear.
We investigated the relationships between domains of cognitive functioning and psychopath-
ology in a transdiagnostic sample using a data-driven approach.
Methods. Cross-sectional network analyses were conducted to investigate the relationships
between domains of psychopathology and cognitive functioning and detect clusters in the net-
work. This naturalistic transdiagnostic sample consists of 1016 psychiatric patients who have a
variety of psychiatric diagnoses, such as depressive disorders, anxiety disorders, obsessive
−compulsive and related disorders, and schizophrenia spectrum and other psychotic disor-
ders. Psychopathology symptoms were assessed using various questionnaires. Core cognitive
domains were assessed with a battery of automated tests.
Results. Network analysis detected three clusters that we labelled: general psychopathology,
substance use, and cognition. Depressive and anxiety symptoms, verbal memory, and visual
attention were the most central nodes in the network. Most associations between cognitive
functioning and symptoms were negative, i.e. increased symptom severity was associated
with worse cognitive functioning. Cannabis use, (subclinical) psychotic experiences, and
anhedonia had the strongest total negative relationships with cognitive variables.
Conclusions. Cognitive functioning and psychopathology are independent but related dimen-
sions, which interact in a transdiagnostic manner. Depression, anxiety, verbal memory, and
visual attention are especially relevant in this network and can be considered independent
transdiagnostic targets for research and treatment in psychiatry. Moreover, future research
on cognitive functioning in psychopathology should take a transdiagnostic approach, focusing
on symptom-specific interactions with cognitive domains rather than investigating cognitive
functioning within diagnostic categories.

Introduction

It is becoming increasingly accepted that psychiatric diagnostic categories are pragmatic, man-
made constructs that should be interpreted as guidelines for clinical communication rather
than true representations of underlying disorders (Marshall, 2020). Symptom expression is
not disorder-specific, possibly explaining findings of high rates of comorbidity, general treat-
ment effects, heterogeneity within disorders, and a lack of objective biomarkers (Hyman, 2010;
Ofrat & Krueger, 2012; Olbert, Gala, & Tupler, 2014).

To remedy this, a transdiagnostic approach has been put forth to advance the understand-
ing of psychopathology in which mental disorders are not deemed categorically distinct
entities. This transdiagnostic approach acknowledges that expression of symptoms can mani-
fest across disorders and takes into account other clinically relevant dimensions, including
cognitive functioning. Consortiums and research initiatives, such as the Research Domain
Criteria (RDoC) framework (Insel et al., 2010) and the Hierarchical Taxonomy of
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Psychopathology (HiTOP) consortium (Kotov et al., 2017), have
been created with the goal to elucidate the nature of psychopath-
ology without being bound to diagnostic categories. The Across
study is among these research initiatives in its effort to employ
a transdiagnostic approach to increase insight into the relation-
ship among cognitive functioning, psychiatric symptoms, and
biological parameters across psychiatric disorders (Nieman
et al., 2020).

Previous research indicates that individuals with mental disor-
ders often experience cognitive deficits (Iosifescu, 2012; Millan
et al., 2012). For instance, executive dysfunction and memory def-
icits are apparent in patients with schizophrenia, depression,
obsessive−compulsive disorder, post-traumatic stress disorder,
and bipolar disorder (Czepielewski et al., 2015; Dere, Pause, &
Pietrowsky, 2010; Snyder, Miyake, & Hankin, 2015). Cognitive
dysfunction cuts across disorders and should therefore be consid-
ered a transdiagnostic dimension (East-Richard, R-Mercier,
Nadeau, & Cellard, 2019; McTeague, Goodkind, & Etkin, 2016).
Additionally, cognitive dysfunction associated with psychiatric
disorders has been shown to persist into remission
(Balanzá-Martínez et al., 2005; Iosifescu, 2012; Semkovska et al.,
2019) and is predictive for recurrences (Ahern, Bockting, &
Semkovska, 2019), suggesting that it is a construct partly inde-
pendent from psychiatric symptoms. However, the psychopatho-
logical component of psychiatric disorders tends to garner the
most attention while cognitive functioning remains neglected.
Cognitive deficits, nonetheless, have been associated with psycho-
social dysfunction in patients with schizophrenia (Shamsi et al.,
2011), bipolar disorder (Depp et al., 2012), and depression
(McIntyre et al., 2013). The transdiagnostic nature of cognitive
dysfunction and its heavy impact on daily functioning makes it
therefore an important target for treatment (Millan et al., 2012).
Treating cognitive dysfunction in addition to psychopathology
could lead to better outcomes for patients.

One statistical method ideally suited for transdiagnostic
research is network analysis (Borsboom, 2017). Network analysis
has been at the forefront of the broader paradigm shift in psych-
iatry as an alternative to the more traditional perspective of disor-
ders as latent causes of symptoms. A network approach to
psychopathology instead views disorders as constituted by symp-
toms which cause and interact directly with each other
(Borsboom, 2017). By assessing the relationship between symp-
toms, network analysis can provide insights into which symptoms
are more central, which symptoms cluster together, and which
symptoms bridge different clusters (Blanken et al., 2018;
Cramer, Waldorp, van der Maas, & Borsboom, 2010). This has
resulted in network models showing how symptoms, such as
psychotic and depressive symptoms (van Rooijen et al., 2017),
interact with each other. Network analysis can also elucidate
interactions of symptoms with other clinically relevant factors,
such as anxiety with attentional bias (Heeren & McNally, 2016)
and cognition with stress as assessed with cortisol levels
(Hinkelmann et al., 2009). Although some network analyses on
the relationship between cognitive functioning and psychopath-
ology have been conducted (Galderisi et al., 2018; Heeren &
McNally, 2016), there is still a lack of research using a transdiag-
nostic network approach combining cognitive functioning and
psychopathology.

The present study aims to elucidate the relationship between
domains of cognitive functioning (i.e. visual attention, executive
function, verbal and episodic memory, and alertness) and psychi-
atric symptoms (e.g. depression and anxiety) using a

transdiagnostic approach (i.e. across disorders). In a large natur-
alistic transdiagnostic sample of patients with psychiatric disor-
ders, we aim to (1) conduct a network analysis with cognitive
measures and psychiatric symptoms, (2) perform a centrality ana-
lysis to detect which variables are important within the network,
and (3) detect clusters using exploratory graph analysis.

Methods

Sample

The naturalistic sample consists of 1016 psychiatric patients
recruited during intakes at outpatient clinic of the Department
of Psychiatry at the Amsterdam University Medical Centers
(UMC), location Academic Medical Center (AMC), in
Amsterdam, the Netherlands. Inclusion criteria were: age 14–75
years, ability to give informed consent, having a DSM-IV-TR or
DSM-V diagnosis as determined by a trained psychiatrist, and
being fluent in Dutch. Exclusion criteria were: acute high risk of
suicide, unstable medical disorder, premorbid IQ < 70, history
of seizure or clinically significant abnormality of the neurological
system. Written informed consent was obtained from patients and
their parents (if underage). Patients could discontinue participa-
tion from the study at any time.

Procedure

The Across study is an ongoing, observational longitudinal cohort
study and consists of the assessment of cognitive performance, psy-
chiatric symptoms, and collection of biological data (DOI
10.17605/OSF.IO/YHVTB). The study instruments and procedures
are described in Nieman et al. (2020). Patients underwent extensive
psychiatric and medical assessments at the outpatient clinic, per-
formed by experienced psychiatrists and psychologists, and were
then invited to participate in the study. The current study used
cross-sectional data on cognitive performance and psychiatric
symptoms. Cognitive performance was assessed with a computer-
ized battery, followed by self-report questionnaires about various
symptoms that were filled out on a computer. Patients were not
required to abstain from substance or medication use before par-
ticipation and were able to participate at any point of their clinical
trajectory (e.g. before, during, or after treatment), which could
influence their cognitive functioning and/or symptomology.
However, this is an observational, naturalistic study that aims to
reflect the reality of patients regular functioning. The study protocol
was approved by the Medical Ethical Review Committee of the
Amsterdam UMC (ABR no. NL55751.018.15), and data are stored
according European to privacy laws.

Materials

Table 1 shows the instruments used to assess the different vari-
ables (nodes). For a detailed description of the instruments, see
online Table S1 in the Supplementary Materials. To aid interpret-
ability, cognitive variables were coded positively (higher is better)
and psychopathology/substance use variables were coded nega-
tively (higher is worse). All variables were continuous.

Network analysis

The analyses consisted of network estimation and visualization,
cluster detection, and centrality analysis performed in R Version
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1.2.5042 (R Core Team, 2020). The network estimation procedure
resulted in a set of relationships between variables that can be
visualized in a network in which the variables are nodes that are
connected by a set of edges representing the estimated relation-
ships. Network estimation was conducted with the R-package
qgraph (Epskamp, Cramer, Waldorp, Schmittmann, & Borsboom,
2012). The procedure started with a partial correlation network,
in which correlations between two variables are corrected for all
the other variables in the network. The extended Bayesian informa-
tion criterion graphical least absolute shrinkage (EBICglasso) pro-
cedure (Chen & Chen, 2008; Epskamp & Fried, 2018; Foygel &
Drton, 2010; Friedman, Hastie, & Tibshirani, 2008) was then
applied to select edges by using a penalty, which decreases the
strength of some of the parameter estimates, while others are set
to zero. Following earlier network analyses, we used a γ of 0.5
for an optimal balance between density and sparseness (van
Borkulo et al., 2015). This resulted in a sparse network, in which
the absence of an edge is interpreted as the conditional independ-
ence of two nodes given other variables (Friedman et al., 2008).

Visualization of the network was performed with qgraph
(Epskamp et al., 2012), using the Fruchterman−Reingold

algorithm (Fruchterman & Reingold, 1991), which placed nodes
that are more connected closer together and nodes which have
higher centrality indices closer to the center of the graph.
Stronger edges were depicted as thicker lines between nodes.
Positive associations were depicted in green and negative associa-
tions in red. Due to the coding, we expected most edges between
domains of cognitive functioning and psychopathology to be red
whereas edges between psychopathology nodes and edges
between cognitive nodes were expected to be green.

Analysis of the network stability (Epskamp, Borsboom, &
Fried, 2018) was conducted (see online Appendix 1 in the
Supplementary Materials) to give an indication of how reliable
the estimated network is.

We computed the centrality index strength (Bringmann et al.,
2019; Epskamp et al., 2018) using qraph (Epskamp et al., 2012).
Strength is calculated as the total of all edges of that node and
indicates the degree of association of that node to its neighbors
and the relative importance of each node in the full network. A
node that has high strength is a node that has many and/or strong
connections to its neighbors, whereas lower strength indicates a
node with fewer and/or weaker connections.

Table 1. Overview of measures

Domains and
variables Instruments Nodesa

Cognitive
functioning

Cambridge Neuropsychological Test Automated
Battery (CANTAB; Cambridge Cognition, 2018;
Sandberg, 2011)

CANTAB subtest scores: Choice Reaction Time (CRT), Intra/
Extradimensional Set Shift (IED), One Touch Stockings of Cambridge
(OTS), Paired Associates Learning (PAL), Rapid Visual Processing (RVP),
Spatial Working Memory (SWM), Verbal Recognition Memory (VRM)

California Verbal Learning Test (CVLT; Delis, Kramer,
Kaplan, & Ober, 2000)

CVLT total learning achievement

Groninger Intelligence Test (GIT; Luteijn & Van der
Ploeg, 1983)

GIT verbal fluency (category animals)

Intelligence Dutch National Adult Reading Test (NART; Schmand,
Bakker, Saan, & Louman, 1991)

Premorbid IQ score

Substance use Alcohol Use Disorder Identification Test (AUDIT;
Saunders, Aasland, Babor, De la Fuente, & Grant,
1993)b

AUDIT total score

Cannabis Use Disorder Identification Test (CUDIT;
Adamson & Sellman, 2003)b

CUDIT total score

Psychopathology Prodromal Questionnaire-16 (PQ-16; Ising et al., 2012) PQ-16 total score

Yale-Brown Obsessive Compulsive Scale (Y-BOCS;
Goodman et al., 1989)b

Y-BOCS total score

Hamilton Anxiety Scale (HAM-A; Hamilton, Schutte, &
Malouff, 1976)

HAM-A total score

Inventory of Depressive Symptomology Self-Report
(IDS-SR; Rush et al., 1986)

IDS-SR total score

Impact of Events Scale- Revised (IES-R; Weiss &
Marmar, 1997)b

IES-R total score

Hedonism Scale (Rombouts & Van-Kuilenburg, 1988)b Hedonism total score

Self-esteem Rating Scale- Short Form (SERS-SF;
Lecomte, Corbière, & Laisné, 2006)

SERS-SF total score

Work and Social Adjustment Scale (WSAS; Mundt,
Marks, Shear, & Greist, 2002)b

WSAS total score

Social Interaction Anxiety Scale (SIAS; Mattick &
Clarke, 1998)

SIAS total score

aThe psychopathology and substance use nodes in this study were sum scores of symptom domains rather than individual symptoms.
bAssessed only for adult patients (18–75 years old) and put as missing in analyses for underage patients.

Psychological Medicine 3

https://doi.org/10.1017/S0033291721001781
Downloaded from https://www.cambridge.org/core. University of Groningen, on 17 Feb 2022 at 10:38:02, subject to the Cambridge Core terms of use, available at https://www.cambridge.org/core/terms.

https://doi.org/10.1017/S0033291721001781
https://www.cambridge.org/core
https://www.cambridge.org/core/terms


Cluster detection was conducted with an exploratory graph
analysis (EGA) as implemented in the R-package EGA (Golino
& Epskamp, 2017). EGA uses the ‘walktrap’ algorithm, which
uses random walks to quantify the distance between any two
nodes or clusters in a network (Pons & Latapy, 2006).
Proximity between two nodes is defined as the degree of similarity
of the distance of two nodes to the rest of the network. The walk-
trap algorithm then uses an agglomerative approach, grouping
together the closest nodes or clusters step by step until all
nodes are part of a cluster. The final step determines the point
during the agglomeration in which the fraction of the strength

of internal connections within the clusters compared to the exter-
nal connections between clusters is optimized. This determines
how the clusters within the network are finally defined. This
step allowed us to identify subgroups of nodes that cluster
together due to strong interconnectedness.

Results

Sample characteristics

Data of 1016 patients were included in the analyses. Overall,
patients had an average premorbid IQ and a majority of the sam-
ple were of Caucasian ethnicity. On average, the sample consisted
mostly of young and middle-aged adults and about half were
male. The distribution of the primary diagnosis reflects the natur-
alistic patient population of the Amsterdam UMC, an expertise
center for misophonia, early psychosis, anxiety and depressive
disorders. Further results are presented in Table 2. Cognitive
and psychopathology variable scores are shown in online
Table S2 and CANTAB standard scores are shown in online
Table S3 in the Supplementary Materials. Differences in cognitive
and psychopathology variable scores per medication category are
shown in online Table S4 in the Supplementary Materials. Except
for alcohol use, cognitive flexibility, and alertness, there were sig-
nificant differences in scores over types of medication, suggesting
a possible influence of medication on cognitive and psychopath-
ology variables. Generally, antidepressants, benzodiazepines, and
sleep medication differed significantly and were related to worse
symptomology. Furthermore, antipsychotic medication differed
significantly and was related to worse cognitive function.

Network analysis

The network of the cognitive functioning and psychopathology
domains is visualized in Fig. 1. Three clusters were detected, indi-
cated by different colors in the figure which were labelled: general
psychopathology symptoms (blue), substance use (yellow), and
cognition (purple). A weights matrix of the network can be
seen in online Table S5 in the Supplementary Materials. The sta-
bility analysis revealed that most of the edges in the network were
stable, indicating that the estimated network was robust (online
Fig. S4 in the Supplementary Materials). Variables with the high-
est strength were depression, anxiety, verbal memory, and visual
attention.

As expected, within-cluster edges between psychopathology
and within-cluster edges between cognitive domain were mostly
positive. Cross-cluster edges between cognitive domains and psy-
chopathology contained mostly negative edges, in which increased
symptom severity was associated with worse cognitive function-
ing. The total strengths of edges within clusters are notably higher
than the total strength of edges between clusters, which is in line
with our expectations because nodes cluster together due to strong
interconnectedness. An overview of the edges in the network can
be seen in Table 3. Closer inspection of the edges between
cognitive domains and psychopathology showed that cognitive
nodes have both positive and negative associations with different
psychopathology nodes, whereas psychopathology nodes have
either positive or negative associations with different cognitive
nodes (online Table S6 in the Supplementary Materials). The
obsessive−compulsive symptoms node was the only exception.
Furthermore, (subclinical) psychotic experiences, cannabis use,
and anhedonia had the strongest total negative relationships

Table 2. Demographic and clinical characteristics of participants

Measure
Values

(N = 1016)

Age (years), mean (S.D.) 34.7 (14.2)

Gender, male, no. (%) 478 (47.1)

Education, no. (%)

Higher education 340 (33.5)

Vocational education 205 (20.2)

Secondary education 345 (40.0)

Primary education 47 (4.6)

No education 32 (3.1)

Unknown 47 (4.6)

Premorbid IQ (NART), mean (S.D.) 100.09 (13.3)

Ethnicity, Caucasian, No. (%) 878 (86.5)

Marital status, married, no. (%) 316 (31.1)

DSM diagnostic categorya, no. (%)

Schizophrenia spectrum and other psychotic
disorders

185 (18.2)

Depressive disorder 111 (10.9)

Anxiety disorder 60 (5.9)

Obsessive−compulsive and related disorders 177 (17.5)

Impulse-control disorder NOS (misophonia) 353 (34.7)

Other disordersb 130 (12.8)

Medication use, no. (%)

Antidepressants 213 (21.0)

Antipsychotics 169 (16.6)

Benzodiazepines 30 (3.0)

Sleep medication 15 (1.5)

Mood stabilizers 8 (0.8)

Psychostimulants 8 (0.8)

Other 168 (16.5)

None 392 (38.6)

Unknown 13 (1.3)

NART, Dutch National Adult Reading Test; DSM, Diagnostic and Statistical Manual of Mental
Disorders; NOS, not otherwise specified.
aDiagnostic category is only for the primary diagnosis.
bOther disorder category includes: substance use disorders (n = 20), eating disorders (n = 5),
neurodevelopmental disorders (n = 29), sexual disorders (n = 2), sleep disorders (n = 2),
dissociative disorders (n = 1), adjustment disorders (n = 4), bipolar disorders (n = 28), and
personality disorders (n = 12).
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with cognitive variables while alcohol use had the strongest total
positive relationship with cognitive variables (online Table S6 in
the Supplementary Materials).

To further assess the stability of the cluster detection in our
analyses, we performed a bootstrap analysis of the EGA procedure
for all networks, including the control networks. This analysis
revealed that amongst all the networks, the original network
exhibited the most stable cluster structure (online Table S7 in
the Supplementary Materials). Stability checks also demonstrated
that networks were stable despite changes in sample size, indicat-
ing that sample size did not largely influence this (online Fig. S5
in the Supplementary Materials).

Lastly, further network analyses were conducted as controls:
one using binarized data to control for differences in measure-
ment methods and scales and others to account for sample vari-
ation in the variables based on diagnostic category, age, sex,
education level, and medication use (online Appendices 1 and 2
in the Supplementary Materials). All the control networks repro-
duced the original three-cluster network, except for one diagnos-
tic network (without depressive disorders) and the without
medication network, which produced four clusters. In both of
these networks (without depressive disorders and without medi-
cation), the psychopathology cluster was split into two separate

clusters. The separation of cognitive and psychopathological vari-
ables remained in all control networks (online Figs S6–S14 in the
Supplementary Materials).

Discussion

The present study used a network approach to investigate how
domains of cognitive functioning and psychopathology cluster
interact in a large transdiagnostic sample of patients with psychi-
atric disorders. This resulted in a fully connected network, show-
ing that the domains are all closely associated. Cluster analysis
detected three clusters in the network, labelled: cognition, general
psychopathology, and substance use.

Cognitive functioning and psychopathology each form their
own clusters, indicating that they are independent but related
dimensions. The edges between the cognition and psychopath-
ology clusters were relatively weak, which emphasizes their
independence and further supports that cognitive function should
be investigated in addition to and separately from psychiatric
symptoms. Nonetheless, any associations, even if weak, may still
be an important part of the etiology. The separation of these clus-
ters also held across the control networks that were conducted to
check the possible influence of diagnostic categories, suggesting
that this interaction between cognitive domains and psychopath-
ology domains is transdiagnostic and does not adhere to trad-
itional diagnostic boundaries.

The formation of the separate clusters is in line with the
hot−cold cognitive model in depression (Ahern et al., 2019; De
Raedt & Koster, 2010; Roiser & Sahakian, 2013), in which ‘cold’
cognition is information processing without emotional influence
(e.g. attentional control) and ‘hot’ cognition is information pro-
cessing with emotional influence (e.g. mood-congruent atten-
tional bias). The hot−cold cognitive model posits that
non-affective cold cognitive dysfunctions contributes to the devel-
opment of hot cognition (e.g. negative/catastrophic thoughts/
beliefs), subsequently leading to psychiatric symptoms and fur-
ther exacerbating cold cognitive dysfunctions. While we did not
specifically measure hot cognition, it could be theorized that the
psychiatric symptoms in our sample could also arise from cold
cognitive deficits through hot cognition. Future research could
investigate whether hot cognition acts as a bridge between cold
cognition and symptoms. This model could be extended to
other disorders as cognitive−affective processes are transdiagnos-
tic (Iosifescu, 2012; Mansell, Harvey, Watkins, & Shafran, 2008).
Although temporal relationships cannot be assessed in the current
study, this also supports our result regarding the association
between worse cognitive functioning and higher symptom
severity.

Another possibility for the separate clusters is that cognitive
functioning and psychopathology follow different clinical trajec-
tories, as suggested by findings of premorbid and persisting cog-
nitive deficits despite symptom remission (Allott, Fisher,
Amminger, Goodall, & Hetrick, 2016; Balanzá-Martínez et al.,
2005; Caspi et al., 2003; Semkovska et al., 2019). This could fur-
ther tie in with the hot−cold cognitive model, in which premorbid
cognitive deficits lead to psychiatric symptoms, and explain how
cognitive functioning and psychopathology are related despite dif-
ferent trajectories.

Within the general psychopathology cluster, self-esteem,
depressed mood, and (social) anxiety were strongly related. Low
self-esteem can be considered a general transdiagnostic risk and
maintenance factor in psychopathology (Zeigler-Hill, 2011) and

Fig. 1. Transdiagnostic network of cognitive and psychopathology domains (N =
1016). Nodes represent the variables included in the network and edges indicate
an association between two nodes. Green edges represent positive associations
whereas red edges represent negative associations, and thickness of an edge repre-
sents the strength of association between two nodes. The color of each node indi-
cates to which cluster it belongs according to the EGA: cognition (purple), general
psychopathology (blue), or substance use (yellow). Psychopathology domains: Alc
= alcohol (ab)use (AUDIT); Anx = anxiety symptoms (HAM-A); Can = cannabis (ab)use
(CUDIT); Depr = depressive symptoms (IDS); Hed = hedonism questionnaire; ObCo =
obsessive−compulsive symptoms (Y-BOCS); Psy = (subclinical) psychotic experiences
(PQ-16); Self = self-esteem (SERS-SF); SoAn = social anxiety symptoms (SIAS); SoFu =
poor psychosocial functioning (WSAS); Trau = post-traumatic stress symptoms
(IES-R). Cognitive domains: Dela = verbal recognition memory-delayed (VRM); EpM =
episodic memory and learning (PAL); FreR = verbal recognition memory-immediate
(VRM); FrFu = planning test (OTS); MoS = alertness and motor speed (CRT); PIQ = pre-
morbid IQ (NART); RuAc = rule acquisition and attentional set shifting, cognitive flexi-
bility (IED); StrU = strategy use (SWM); VeF = verbal fluency (GIT); VeM = verbal
memory (CVLT); ViA = sustained visual attention and processing speed (RVP).
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is often related to depression and anxiety (Sowislo & Orth, 2013).
The depressive symptoms node had the highest number of edges
and highest total edge strength within the psychopathology clus-
ter, meaning that it had the most relationships with other psycho-
pathology domains. Depressive symptoms are often reported in
patients with a variety of other disorders, such as subclinical
psychosis, bipolar disorder, and obsessive−compulsive disorders
(Fusar-Poli, Nelson, Valmaggia, Yung, & McGuire, 2012;
Goldberg & Fawcett, 2012; Quarantini et al., 2011). Depressive
symptoms could be considered a normal response to living with
a psychiatric disorder, which can induce lowered self-esteem
(Silverstone & Salsali, 2003), (self)stigma, and reduced possibil-
ities in life. Successful treatment of the psychiatric disorder may
subsequently reduce the depressive symptoms. There is also the
possibility of bidirectional relationships between depressive symp-
toms and other clinical factors; however, this cannot be inferred
with the current undirected network.

The substance use cluster is composed of the AUDIT and
CUDIT. The formation of this cluster may have been influenced
by the fact that the scales measure closely related constructs
and are highly similar in form (i.e. the CUDIT was developed
from the AUDIT) and/or because of the low prevalence of canna-
bis and alcohol use (i.e. a high number of individuals scored zeros
on both scales). These possibilities were controlled for and the
results led us to conclude that the original three clusters represent
the most reliable clusters. This suggests substance use is related to
the general psychopathology cluster but exhibits a certain inde-
pendence at the same time. The general psychopathology cluster
mostly contains affective symptoms, and while affective symp-
toms and substance (ab)use are related (Boden & Fergusson,
2011; Kedzior & Laeber, 2014), they are nonetheless different psy-
chometrically and conceptually (emotions v. behavior) and fall
under different spectra (internalizing v. externalizing; Kotov
et al., 2017).

Within the cognition cluster, the verbal memory node had the
highest number of edges and the highest total edge strength, indi-
cating that verbal memory was related to many other cognitive
domains. Verbal memory had the strongest association with ver-
bal fluency. Interestingly, verbal memory has been shown to be
predictive of remission for at-risk mental states individuals
(Simon et al., 2012) and treatment response for PTSD (Scott
et al., 2017) and comorbid depression−anxiety (Braund,
Tillman, Palmer, & Harris, 2020). This may suggest that it
could be beneficial to improve verbal memory deficits in patients
with psychiatric disorders to improve treatment response and
increase the chance of remission. Many therapies are verbal and
verbal memory deficits may hamper therapeutic success because

patients have more difficulty remembering the content of their
therapy sessions.

Depression, anxiety, verbal memory, and visual attention have
the highest strength in the network, implying that they play a cen-
tral role in psychiatric disorders. These nodes have a strong influ-
ence on other nodes, and could have a significant impact on
overarching psychopathology. A common factor here may be
stress, which plays a role in the development and maintenance
of many disorders (Conway, Raposa, Hammen, & Brennan,
2018; Nolen-Hoeksema & Watkins, 2011). Dysregulation of the
central stress response system, the hypothalamic−pituitary
−adrenal (HPA) axis, can lead to memory deficits (Wingenfeld
& Wolf, 2014). Stress is also implicated in the etiology of emo-
tional disturbances (McLaughlin, Conron, Koenen, & Gilman,
2010; Pechtel & Pizzagalli, 2011), including excess of negative
emotion and distress, explaining the relative importance of
depression and anxiety symptoms, which are often observed
across psychiatric disorders (Kring, 2008).

Attentional deficits are also evident in patients with psychiatric
disorders transdiagnostically (Millan et al., 2012). In the network,
visual attention displays the strongest associations with strategy
use (working memory), verbal fluency, and planning ability,
which is in line with the executive-attention framework
(Buckholtz & Meyer-Lindenberg, 2012; Millan et al., 2012).
Previous studies have shown that dorsolateral prefrontal−cingu-
late−parietal network underpins the executive-attention frame-
work (Buckholtz & Meyer-Lindenberg, 2012; Millan et al.,
2012). Atypical connectivity within this network is often found
across disorders, which may contribute to deficits in working
memory, attention, and cognitive control (Buckholtz &
Meyer-Lindenberg, 2012). Furthermore, associations of the visual
cortex with the frontoparietal and default mode networks have
been implicated in information processing (e.g. attention;
Chadick & Gazzaley, 2011). In addition, hyperconnectivity
between visual association cortex and both frontoparietal and
default mode networks has been associated with a general liability
for mental illness (i.e. p-factor; Elliott, Romer, Knodt, & Hariri,
2018). This could provide an underlying mechanism for the
shared cognitive deficits that are present across disorders.

Interestingly, we found that nodes representing psychopath-
ology tended to have consistent relationships with cognitive
domains, while nodes representing cognitive domains had
mixed relationships with psychopathology. For instance, depres-
sion was consistently related to worse functioning across cognitive
domains. However, verbal memory functioning had different rela-
tionships to certain psychopathology domains: (subclinical)
psychotic experiences were related to worse verbal memory,

Table 3. Overview of the edges in the networka

Total
Positive, no.

(%)
Negative, no.

(%)
Total

strength
Positive
strength

Negative
strength

All edges 76 50 (66) 26 (34) 4.79 5.61 −0.82

Between psychopathology nodesb 25 23 (92) 2 (8) 3.16 3.27 −0.10

Between cognitive nodes 32 32 (100) 0 (0) 3.49 3.49 0.00

Psychopathology−cognition
interaction

29 7 (24) 22 (76) −0.33 0.19 −0.52

aFirst three columns are the number of edges, whereas the last three columns are the sums of the strengths of the edges. Rows indicate the set of edges under consideration.
bSubstance use nodes are included.
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whereas obsessions and compulsions were related to better verbal
memory. This encourages future research to focus on symptom-
specific interactions with different cognitive domains, rather
than investigating cognitive functioning within diagnostic cat-
egories. Research within diagnostic categories could also explain
why clear findings on cognitive functioning in psychiatric diag-
nostic categories are hard to come by: specific symptoms and cog-
nitive deficits may vary considerably within one diagnostic
category, and patterns could emerge more clearly by investigating
relationships between cognitive functioning and symptoms dir-
ectly, rather than comparing them across categories.

Cannabis use, (subclinical) psychotic experiences, and anhe-
donia had the strongest overall negative association with cognitive
functioning. Both (subclinical) psychotic-like experiences and
cannabis use have been associated with cognitive dysfunction
(Lindgren et al., 2010; Volkow et al., 2016). The relation between
anhedonia and worse cognitive functioning, specifically motor
speed, verbal memory, and fluency, may be partly explained by
decreased connectivity within reward-related brain regions
(Felger et al., 2015). Interestingly, psychosocial functioning was
included in the symptom cluster and demonstrated no associa-
tions with cognitive functioning. This is somewhat unexpected
because psychosocial functioning tends to be more strongly asso-
ciated with cognitive functioning than with psychiatric symptoms
(Depp et al., 2012; McIntyre et al., 2013; Shamsi et al., 2011),
although associations with psychopathology, such as depression
(Fried & Nesse, 2014) have been reported.

The main strengths of the current analysis are the inclusion of
various cognitive and psychopathology domains and the large
transdiagnostic sample. This means that the results may be gener-
alizable to patients with a wide range of psychiatric disorders. The
main limitation of the current study is the cross-sectional design,
meaning that neither causal interactions nor the direction of rela-
tionships can be assessed. Using cross-sectional data is a problem
in most network papers published so far, and the results must be
interpreted with caution (Guloksuz, Pries, & Van Os, 2017).
However, cross-sectional networks could still give insight into
the co-occurrence of symptoms (Bos et al., 2017). The Across
study is ongoing; hence, future analyses will entail longitudinal
data and biological markers. Another limitation is that sum scores
of questionnaires were used. This was done to reduce the number
of nodes in the network at the expense of losing information
about relationships between individual items. Questionnaires
also had differences in scoring and scaling properties, which
could have influenced the pattern of edges and clusters detected.
Most questionnaires were also self-reported, introducing a pos-
sible interpretation and self-report bias. However, the self-report
questionnaires that were used are psychometrically valid and pro-
vide important information from the patients’ perspective.
Additionally, due to the naturalistic character of our sample and
the fact that our department does not specialize in treatment
for these patient groups, some diagnostic groups were relatively
underrepresented in our sample (e.g. substance use and neurode-
velopmental disorders) and were therefore grouped together in an
‘Other disorders’ category.

Furthermore, the lack of a healthy control group is a limitation
in the paper. Although we attempt to use a dimensional approach
when assessing the psychiatric domains included in this study, we
cannot capture the entire continuum without a healthy control or
general population group. Due to a lack of a well-matched healthy
control group, it is not clear to what extent cognitive deficits are
present and whether these deficits are clinically relevant. A further

limitation is that the network was not adjusted for medication use,
which can impact cognitive function. This is, however, a natural-
istic study of patients with psychiatric disorders, reflecting clinical
reality of medication use. We would also like to note that there is
probably an interaction effect between the disorder, clinical sever-
ity, and medication use, which would make it difficult to disen-
tangle the effect of medication and the effect of the disorder on
cognitive functioning.

Moreover, while the use of a transdiagnostic approach is a
strength, we recognize the potential shortcoming of not analyzing
specific relationships across diagnostic categories. However, con-
trol networks with diagnostic categories removed demonstrated
that the structure of network is fairly robust to potential differ-
ences between subgroups. Finally, labelling of clusters is, as always
with such techniques, rather subjective. Altogether, this study
should be seen as a first investigation of the structure of the rela-
tionship between psychopathology and cognitive functioning.
Future exploration can focus on parts of the network to investi-
gate how specific items relate to each other and to cognitive
measures.

The results of this study support the notion that cognitive
functioning and psychopathology are independent but related
dimensions, which interact in a transdiagnostic manner. Thus,
it cannot be assumed that treating symptoms will alleviate cogni-
tive deficits, and future studies should specifically assess if typical
treatments influence cognitive dysfunction. Cognitive deficits,
however, are usually undertreated, suggesting a need for treat-
ments specifically targeting cognitive dysfunction in patients
with psychiatric disorders, regardless of diagnosis. Interventions
for cognitive dysfunction, such as cognitive remediation, which
tend to be heavily geared towards patients with schizophrenia
or bipolar disorders, should perhaps be considered transdiagnos-
tic. Furthermore, depression, anxiety, verbal memory, and visual
attention seem to play central roles across disorders and should
therefore be the focus of transdiagnostic research and treatment.

Supplementary material. The supplementary material for this article can
be found at https://doi.org/10.1017/S0033291721001781
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