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Early psychosis is characterised by heterogeneity in illness trajectories, where outcomes remain poor for many. Understanding
psychosis symptoms and their relation to illness outcomes, from a novel network perspective, may help to delineate
psychopathology within early psychosis and identify pivotal targets for intervention. Using network modelling in ﬁrst episode
psychosis (FEP), this study aimed to identify: (a) key central and bridge symptoms most inﬂuential in symptom networks, and (b)
examine the structure and stability of the networks at baseline and 12-month follow-up. Data on 1027 participants with FEP were
taken from the National EDEN longitudinal study and used to create regularised partial correlation networks using the ‘EBICglasso’
algorithm for positive, negative, and depressive symptoms at baseline and at 12-months. Centrality and bridge estimations were
computed using a permutation-based network comparison test. Depression featured as a central symptom in both the baseline and
12-month networks. Conceptual disorganisation, stereotyped thinking, along with hallucinations and suspiciousness featured as
key bridge symptoms across the networks. The network comparison test revealed that the strength and bridge centralities did not
differ signiﬁcantly between the two networks (C = 0.096153; p = 0.22297). However, the network structure and connectedness
differed signiﬁcantly from baseline to follow-up (M = 0.16405, p = <0.0001; S = 0.74536, p = 0.02), with several associations
between psychosis and depressive items differing signiﬁcantly by 12 months. Depressive symptoms, in addition to symptoms of
thought disturbance (e.g. conceptual disorganisation and stereotyped thinking), may be examples of important, under-recognized
treatment targets in early psychosis, which may have the potential to lead to global symptom improvements and better recovery.
Translational Psychiatry (2021)11:567 ; https://doi.org/10.1038/s41398-021-01687-y

INTRODUCTION
Psychosis is a disorder of complex psychopathology, with
heterogeneous illness trajectories, particularly in the early stages
[1]. Although early recognition and treatment bring substantial
beneﬁt [2], outcomes remain poor for many with ﬁrst episode
psychosis (FEP) [3]. Understanding how symptoms are structured,
and which key symptoms play a pivotal role in maintaining
psychopathology, may help to identify new treatment targets and
improve outcomes.
Symptom interactions in early stages of illness are likely to be
ﬂuid and may change in strength and quality over time [4]. The
interconnectedness of positive, negative and co-morbid affective
symptoms in psychosis has previously been explored based on
latent structures of symptomatology [5, 6], whereby symptoms
may be connected via a single underlying latent variable
(psychosis), and non-psychosis symptoms considered of secondary importance [6]. However, it is also suggested that the ﬂame of

positive symptoms is driven by affective dysfunction in the early
years, and primary negative symptoms become prominent only
after acute psychosis wanes [7, 8]. With the availability of novel
modelling statistics and large longitudinal data, it is now possible
to explore such assumptions. Network modelling of psychopathology does not presume a latent variable: individual symptoms are
connected by statistical relationships, and large datasets can be
modelled to reveal new structures [9–11]. Network analyses
completed over different time-points can explore the connectivity,
stability, and structure of symptoms over time, which may provide
key information for interventions targeted at individuals likely on a
pathway to treatment resistance [12].
Network analysis studies in chronic schizophrenia have
identiﬁed central symptoms such as paranoid ideation, apathy,
avolition, and depression, which are reported to activate other
symptoms via a contagion effect, leading to the maintenance of
psychopathology [13–18]. Others have explored changes in
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network structure in those with and without remitted status
[15, 17, 19], or in response to antipsychotic treatment
[4, 14, 20, 21]. Whilst these ﬁndings are informative, they are
limited to older individuals with enduring illness, and have been
conducted with relatively small sample sizes.
Identifying early treatment targets in the ‘critical’ phase of
illness has the potential for greatest impact [22]. A small number
of studies have applied network modelling to understand
psychosis symptoms in young people. Preliminary ﬁndings
suggest that the strength of network architectures and symptom
connectedness may indicate psychosis liability. However, these
ﬁndings remain exploratory given the small (N = 16) crosssectional nature of Schmidt et al’s study [23], and the second
study by Wigman et al was based on a community (rather than a
clinical) sample with psychotic-like-experiences [24]. Finally, two
recent papers in FEP have demonstrated the potential role of
depression and general psychopathology with psychotic symptom
expression. In the ﬁrst, Betz and colleagues (2020) showed that
general psychopathology mediated the relationship between the
burden of life events and expression of psychotic symptoms,
supporting an affective pathway to psychosis [6, 25, 26]. Second,
Herniman and colleagues (2021) demonstrated that depression
symptoms were highly interrelated with positive and negative
symptoms, suggesting that depression symptoms might be better
conceptualized as intrinsic to psychosis [27]. Though these studies
are informative, they are limited by their cross-sectional design
and small samples of young people with FEP.
In this present study, we used a large, diverse, national FEP
cohort to explore the structure and inter-relationships between
symptoms in early psychosis, using a robust network analyses
design to: (a) identify network structures at baseline and 12months follow-up; and b) identify key central and bridge
symptoms that may offer treatment targets for novel
interventions.

Table 1.

EDEN Sample Characteristics at Baseline.
Baseline (n = 1027)

Age of Onset Mean (SD)

21.3 (4.98)

Sex

Female: 318 (31.0)

n (%)

Male: 709 (69.0)

Ethnicity

Asian – Bangladeshi: 16 (1.6)

n (%)

Asian – Pakistani: 101 (9.8)
Black – African: 23 (2.2)
Black – Caribbean: 35 (3.4)
Black – Other: 13 (1.3)
Mixed – Other: 8 (0.8)
Mixed – White & Asian: 11 (1.1)
Mixed – White & Black African: 5 (0.5)
Mixed – White & Black Caribbean: 19 (1.9)
Other – Other: 6 (0.6)
White – British: 723 (70.4)
White – Irish: 6 (0.6)
White – Other: 21 (2.0)
Employment

Home maker 22 (2%)

Status

Other 11 (1%)
Student 199 (19%)
Unemployed 590 (57%)
Working (paid) 189 (18%)
Working (voluntary) 9 (1%)
n/a or data not known 7 (1%)

Living Status

Assessments
The Positive and Negative Syndrome Scale (PANSS) [29]. PANSS consists of
30-items measuring severity of positive, negative and general symptoms.
Each item is scored between 1 (= absent) to 7 (= extreme). For this study,
the Positive Scale (seven items) and Negative Scale (seven items)
were used.
The Calgary Depression Scale for Schizophrenia (CDSS) [30]. The CDSS
includes a total of 9 depressive symptoms (eight structured questions and
one interviewer observation) and a scale that ranges from 0 (absent) to 3
(severe).

STATISTICAL ANALYSIS
Descriptive data analysis and network modelling were carried out
using R, Version 4.0.3 [31]. (Code for the network analysis is
available in the supplementary materials).

Alone 130 (13%)
Data unavailable

METHOD
Sample
The EDEN dataset is a longitudinal naturalistic study of 1027 individuals
with FEP, recruited from 14 early intervention services (EIS) across England
(2005 to 2010; ethical approval REC: 05/Q0102/44.); the methodology and
baseline characteristics have been outlined previously [28], but an
overview of sample characteristics can be found in Table 1. In summary,
observer rated assessments were conducted at baseline (upon entry to
EIS), and at a 6 and 12-month timepoint. Complete data on the variables of
interest were available for 718 participants by 12-month follow-up.
The authors assert that all procedures contributing to this work comply
with the ethical standards of the relevant national and institutional
committees on human experimentation and with the Helsinki Declaration
of 1975, as revised in 2008. All procedures involving human patients were
approved by Suffolk Local Research Ethics Committee, UK. Approval
number: 05/Q0102/44. Written informed consent was obtained from all
patients.

Asian – Indian: 28 (2.7)
Asian – Other: 12 (1.2)

Other 137 (13%)
With parents/guardian 649 (63%)
With partner 108 (11%)
n/a or data not known 3 (0%)
Marital status

Cohabiting 66 (6%)
Divorced 8 (1%)
Married and cohabiting 61 (6%)
Married and separated 21 (2%)
Single 871 (85%)

Missing data
For the full EDEN sample (N = 1027), there were 895 complete
cases at baseline, 757 complete cases at 12 months, and 618
complete cases across the two time points. Item level data were
missing for 6.2% of the sample at baseline, and 23·9% at 12months. Missing data were imputed using an iterative Markov
Chain Monte Carlo method, which can concurrently generate
Bayesian simulations for binary distributions for cases with
incomplete data for all cases [32]. While missing network data
can be problematic, there is a lack of simulation studies testing the
performance of imputation techniques alongside variable selection methods. We chose EBICglasso over pairwise / likelihood
techniques, based on prior research within the structural equation
literature showing superior performance of lasso-based methods
when the number of variables with missing is large, and when
there’s a range of parameters which are also likely to be
moderately or highly correlated [33]. Nevertheless, sensitivity
analyses were conducted using the complete cases to compare
any network differences when using the imputed data (please see
Translational Psychiatry (2021)11:567
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results section). Finally, we decided not to include the 6-month
network due to the increased complexity it would add to the
analysis, reducing the interpretability.
Network estimation
Two networks were estimated using the full EDEN sample (N = 1027),
which included complete and imputed cases at baseline and 12months. We used the ‘bootnet’ package [11] which implements the
‘EBICglasso’ algorithm from the ‘qgraph’ package [34], in turn uses the
‘glasso’ algorithm from the ‘glasso’ package [35]. Network structures
were estimated using regularised partial correlation, with coefﬁcients
ranging from -1 to 1, representing the association between two
nodes after controlling for all other possible information. Partial
correlations can be visualised in a weighted network structure with
each node representing a variable (e.g. symptom), and each edge
showing that two variables are not independent after conditioning all
other variables. The edge weights are their partial correlation
coefﬁcients. Given the ordinal nature of the data, Spearman’s
correlations were used to create covariance matrix via the ‘lavaan’
package [36]. The resulting covariance matrix is inputted into the
‘EBICglasso’ algorithm which uses the least absolute shrinkage and
selection operator (lasso) regularisation [37], resulting in sparse
networks. ‘EBICglasso’ selects the lasso tuning hyperparameter (λ)
which minimises the Extended Bayesian Information Criterion (EBIC)
[38]; the EBIC hyperparameter (γ) was set to zero in this study.
There remains contention as to whether regularization estimators, such as glasso, add beneﬁt over more traditional frequentist
approaches when estimating psychological networks. Indeed, it
has recently been shown that classic methods, such as maximum
likelihood estimator (MLE), outperform regularization when
applied to low dimensional settings, common in psychology
[39, 40]. There is an inﬂated false positive rate inherent in
regularization estimators, such as lasso, when the ratio of
parameters to observations is low. We chose a regularization
algorithm in this study because of its superiority in performance
over non-regularized models when there is a wide range of
predictor variables, which are likely to be highly correlated
[33, 40]. In such instances, lasso models have much lower Type II
error rates, and are less likely to omit truly positive associations,
suiting the more exploratory nature of this study [40].
The network structures are plotted using the ‘qgraph’ function
(from ‘qgraph’ package) [34]; blue edges indicate positive partial
correlations, and red edges indicatingnegative partial correlations.
Nodes are placed using a modiﬁed version of the FruchtermanReingold algorithm [41], constraining the layout to be equal across
the networks using the ‘averageLayout’ from the ‘qgraph’
package, enabling comparison. Maximum edge value was set to
0.5367 (the strongest edge identiﬁed across both networks);
meaning saturation and edge thickness can be compared across
graphs.
Network comparison test
A permutation-based test implemented within the ‘NetworkComparisonTest’ package [42] compared the baseline and 12 month
symptom networks on global structure, overall connectivity level
by average strength of all edge weights, and the difference in
strength of individual edge weights. Finally, centrality estimates
were computed using the “test centrality” command, which
statistically assesses the centrality of symptoms across the two
networks.
Centrality and bridge centrality estimation
The strength of nodes within each network were established by
summing the absolute edge weights connected to a particular
node [43–45]. The importance of each node in acting as a bridge
to the three communities of symptoms (other than the community it originates), was calculated using the recently deﬁned
concept of bridge centrality implemented in the ‘networktools’
Translational Psychiatry (2021)11:567

package [46]. We used the bridge strength estimate which
indicates a node’s total connectivity with other communities.
The top 20% scoring nodes (a cut-off giving an acceptable balance
between sensitivity and speciﬁcity) on bridge strength was also
indicated graphically [47].
Network accuracy and stability assessment
Bootstrapping methods were performed using the ‘bootnet’
package [48] to assess the accuracy and stability of the derived
network parameters. We bootstrapped 95% CIs around the edge
weights, the signiﬁcance (α = 0·05) between the edges, and the
signiﬁcance (α = 0.05) between the centrality metric of the nodes
for each network. The stability of the centrality indices was
assessed via a case-dropping bootstrap, which were summarised
using CS-coefﬁcients (correlation stability), quantifying the proportion of the data that can be dropped to retain a correlation of
at least 0.7 with 95% certainty. The CS-coefﬁcient should be ideally
above 0.5 but at least above 0.25 [49].
RESULTS
Sample
Full demographic characteristics of the EDEN sample have
been outlined previously [28]. In summary, the sample (n =
1027) had a mean age of 21.3 years, 69% were male, and 70%
were White British. The baseline network had greater positive,
negative, and depressive symptoms compared to the 12month network (Table 2).
Baseline network
At baseline, 52.2% of all possible edges were retained in the
regularized networks. The network structure can be visualised in
Fig. 1a. Distinct symptom communities can be visualised based on
the three original symptom groups: PANSS Positive, PANSS
Negative and CDSS.
Depression (C1), Delusions (P1), and Lack of Spontaneity (N6)
had the highest node strength centrality in the baseline network
(Fig. 2). The top 20% scoring nodes on bridge strength (Fig. 3)
were: blunted affect (N1), stereotyped thinking (N7), conceptual
disorganization (P2), hallucinatory behaviour (P3), and suspiciousness (P6). Negative symptoms formed bridges with positive
symptoms: stereotyped thinking bridged with conceptual disorganisation, and blunted affect was negatively associated with
hostility. Depressive symptoms formed bridges with positive
symptoms: Hallucinations and suicide, and suspiciousness and
hopelessness were positively associated (Fig. 3a).
Table 2. Comparison of symptom scores across the baseline and 12month networks.
Baseline

12 months

Paired t-test

11.2 (4.4)

t (1026) =
19.9

PANSS Positive Symptoms Total
Mean (SD)

15.3 (6.0)

p = <0.001
PANSS Negative Symptoms Total
Mean (SD)

14.9 (6.5)

11.9 (5.2)

t (1026) =
14.5
p = <0.001

CDSS Total
Mean (SD)

6.2 (5.3)

3.4 (4.2)

t (1026) =
16.5
p = <0.001

PANSS Positive and Negative Syndrome Scale, CDSS Calgary Depression
Scale for Schizophrenia.
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a

Baseline network

b

12 -month network

Fig. 1 Symptom network maps across timepoints. A network structure for baseline is depicted in 1(a), and 1(b) for the 12 month network.
Nodes (circles) represent individual symptoms. Orange nodes represent depressive items from the Calgary Depression Scale for Schizophrenia
(CDSS). Blue nodes represent 7 negative symptoms from the PANSS scale, and green nodes represent items from the PANSS positive scale.
Edge weights (lines) represent the strength of association between symptoms. Blue edges represent positive associations and red edges
represent negative associations; denser lines represent stronger connections. P1_ = Delusions; P2 = Conceptual Organization; P3 =
Hallucinatory Behaviour; P4 = Excitement; P5 = Grandiosity; P6 = Suspiciousness/Persecution; P7 = Hostility; N1 = Blunted Affect; N2 =
Emotional Withdrawal; N3 = Poor Rapport; N4 = Passive/Apathetic Social Withdrawal; N5 = Difﬁculty in Abstract Thinking; N6 = Lack of
Spontaneity and Flow of Conversation; N7 = Stereotyped Thinking; C1 = Depression; C2 = Hopelessness; C3 = Self Depreciation; C4 = Guilt
Ideas of Reference; C5 = Pathological Guilt; C6 = Morning Depression; C7 = Early Awakening; C8 = Suicide; C9 = Observed Depression.

12-month network
At 12-months, 50.02% of all possible edges were retained in the
regularized network. Similar visualisations for baseline network can
also be identiﬁed in the 12-month network, with strong positive
associations between items as visualised in the baseline network (Fig.
1b). Depression (C1) had the highest node strength in the 12-month
network (Fig. 2). The top 20% bridge symptoms included: depression
(C1), conceptual organisation (P2), stereotyped thinking (N7),
hallucinatory behaviour (P3), and suspiciousness (P6). Similar to the
baseline network, stereotyped thinking bridged with conceptual
disorganisation, and the depressive items bridged with positive
symptoms. Hallucinations and the suicide item were positively related,
in addition to positive associations between observed depression
with suspiciousness and hallucinations (Fig. 3b).
Network comparison
Our results indicate that the baseline and 12-month networks
differed signiﬁcantly in overall structure (M = 0.16405, p =
<0.0001) and connectivity (S = 0.74536, p = 0.02), but did not
differ signiﬁcantly in overall strength centrality and bridge
centrality (C = 0.096153; p = 0.22297).
The global strength and overall connectivity of the baseline
network was stronger. Similarly, for the structure, the baseline
network retained more edges than the 12-month network. Ten edges
were signiﬁcantly different across the baseline and 12-month
networks. Excitement (P4) with emotional withdrawal (N2), delusions
(P1) with lack of spontaneity (N6), hallucinatory behaviour (P3) with
stereotyped thinking (N7), suspiciousness (P6) with depression (C1),
excitement (P4) with guilt ideas of reference (C4), passive social
withdrawal (N4) with pathological guilt (C5), pathological guilt (C5)
with morning depression (C6), grandiosity (P5) with early awakening
(C7), abstract thinking (N5) with suicide (C8), and depression (C1) with
observed depression (C9).
Network accuracy and stability
The bootstrap analyses showed that the networks were very stable
and edge weights were accurately estimated. The results for the edge
weight bootstrap, edge weights signiﬁcance testing, and strength
centrality difference testing can be visualised in the supplementary

material (Please see Fig. 1–6 in the supplementary material). For the
subset bootstrap, the two networks showed acceptable centrality
stability (Figures 7 and 8 in the supplementary materials). These
results are consistent with the CS-coefﬁcient, which was 0.75 for
strength for the baseline network, and 0.75 for strength in the 12month network, suggesting that the networks remained stable.
Sensitivity analyses
Because of the high level of missing data, sensitivity analyses were
conducted using the complete cases (N = 718). The data are
available in the supplementary material (Figures 9–19), but in sum,
the baseline and 12-month networks remained dense (47% and
50.6%, respectively), and stable (0.75). Key central and bridge
symptoms remained the same, though unlike the networks with
imputed cases, the overall network structure and connectivity was
not signiﬁcantly different across the two time points.
DISCUSSION
This study presents the ﬁrst analysis of symptom networks in a large,
representative FEP sample, over two timepoints. Key ﬁndings were as
follows: the networks differed signiﬁcantly in terms of overall structure
and connectedness, but central symptoms did not differ signiﬁcantly.
Depression featured consistently as a central symptom in the baseline
and 12-month network. Conceptual disorganisation, stereotyped
thinking, along with hallucinations and suspiciousness, remained
key bridge symptoms across the networks.
It has previously been shown that network structures and
connectedness differ for those in remission [15, 17, 19]. Within the
present study, the difference in network structure and connectedness
may reﬂect an improvement in symptoms by 12 months. However,
interestingly, we showed that symptom centrality remained
unchanged across the networks. Identifying key symptoms which
become prominent in the networks over this critical illness period
may serve as fruitful treatment targets to promote recovery.
Inﬂuential network symptoms
The emergence of depression as an inﬂuential symptom in the
baseline and 12 month network is in line with an affective
Translational Psychiatry (2021)11:567
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Fig. 2 Node Strength centrality estimates for the baseline and 12month networks. Red lines = baseline network; blue lines = 12month network. Standardized z-scores are plotted for ease of
interpretation. Higher scores represent higher centrality estimates
(i.e. the symptom has greater inﬂuence in the network).

pathway to psychosis, where psychosis symptoms may result from
heightened emotional reactivity [7, 26, 50]; potentially reﬂecting a
continuation of a longstanding developmental trajectory [51].
Recent network studies add to this evidence, demonstrating that
FEP is rooted in the context of both earlier sub-threshold
symptoms as well as non-psychotic symptoms [51]. A recent
cross sectional network study by Bet and colleagues also
demonstrated that the relationship between adverse life events
and psychosis symptoms was only present via general symptoms
such as depression and guilt feelings [25]. Burden of recent life
events predicted depression and guilt 3 months later, demonstrating the temporal relationship between life event burden and
severity and persistence of affective psychopathology [25]. In the
present longitudinal paper, the presence of central depressive
symptoms early in the illness course may suggest that
affective symptoms may underly the expression of other psychotic
symptoms [52]. Though psychotic symptoms had signiﬁcantly
reduced by follow-up, the centrality of affective symptoms might
mean that the network is descended into a state of vulnerability,
where a potential worsening of depressive symptoms (e.g.,
triggered by a burdensome life event), may lead to a global
worsening of psychosis symptoms.
An alternative explanation is that depressive symptoms may be
secondary to the resolution of frank psychosis. Post-psychotic
depression is prevalent following the initial episode and might
account for the high rates of suicidality following FEP [8, 53]. It
often arises as a result of negative illness appraisals once insight is
regained [8]. However, within our networks, depression remained
Translational Psychiatry (2021)11:567

a central symptom from baseline, and consistent bridgesymptoms between depression and psychosis symptoms were
observed.
When bridge-symptoms are present, the likelihood of other
communities of activated symptoms increases. Bridge-symptoms
can help to explain the continuity and comorbidity of depression
and psychosis [10]. Within this study, a bridge between
hallucinations and suicide was consistent across the two time
points. This complex interplay has been demonstrated previously;
predominantly, suicidality is associated with auditory hallucinations [54]. We have shown that individuals with FEP and
depression experience greater perceived malevolence in voices
and greater engagement [8], and command hallucinations, where
a voice is perceived as power and omnipotent, is associated with
suicidal behaviour [55].
Within our networks, bridges also emerged between suspiciousness with depression and hopelessness; again, a phenomenon
reported in prior research where those with
persecutory delusions encounter depression, especially when
they feel less powerful than their persecutors [8, 56]. This
relationship is also replicated in previous network studies in
males with schizophrenia, and recently in young people with FEP
[15, 27]. Here, these studies also showed depression as being
intrinsic to psychosis symptoms. A longitudinal network approach
comparing individuals across different illness stages would be
necessary to establish the causal relationship between depression
and the expression of psychosis symptoms.
Finally, it is also notable that conceptual disorganisation and
stereotyped thinking, featured consistently as central and bridge
symptoms in the networks. Formal thought disorder, which is
characterised by disturbances in thought, language and communication [57], has been identiﬁed as a core feature in those with
enduring illness and is linked to adverse outcomes, including:
higher relapse and re-hospitalisation rates [58], and poorer social
and occupational functioning [59, 60]. Although the impact of
thought disorder on illness manifestation in the early stages of
illness is generally under-recognised, in a study of individuals atrisk of psychosis, those with disturbances in thought and
communication were more likely to transition to psychosis and
have poorer functional outcomes [61]. This may suggest that the
emergence of thought and communication disturbances in early
psychosis may be a marker of long-term poor outcomes [59].
Indeed, it has previously been proposed that thought disorder is a
manifestation of a core deﬁcit of ‘classical’ schizophrenia,
characterised by pervasive brain changes, cognitive impairment,
and entrenchment of poor functioning [62, 63]. This psychopathological trajectory also invokes the idea of Hebephrenia, and the
presence of these characteristic may indicate a more pervasive
course of illness [64].
Implications
Identifying key central and bridge symptoms in developing
psychopathology is potentially important, as they may activate
other symptoms in the network, creating self-reinforcing feedback
loops [15]. Targeting interventions at key symptoms may break
down this maintenance cycle and provide a boost in momentum
required for global improvement [4]. Symptoms of formal thought
disorder (e.g. conceptual disorganisation, stereotyped thinking
and excitement), in addition to depressive symptoms, showed
prominence in the networks at baseline and follow-up; these
symptoms may offer more reﬁned targets for novel stratiﬁed
treatments in early phases of psychosis. It is apparent that a
number of individuals in FEP continue to have poor outcomes and
remain unresponsive to ‘gold standard treatments’ [65]. Those
with comorbid depression in psychosis are shown to have poor
outcomes [66, 67]. Conventional interventions for those with
particularly complex symptom presentations, such as those
presenting with early thought disorder, are also shown to be less
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Baseline Network

b

12 -month network

Fig. 3 Top scoring bridge nodes across the networks. Network structures for baseline (3a), and 12-months (3b), display the top 20% scoring
nodes on bridge strength (a cut-off recommended as giving an acceptable balance between sensitivity and speciﬁcity). Yellow nodes
represent the bridge nodes. Orange nodes represent depressive items from the CDSS scale. Blue nodes represent 7 negative symptoms from
the PANSS scale, and green nodes represent items from the PANSS positive scale. See Fig. 1 caption for node key.

effective [68]. This highlights the need for better recognition of
these symptoms in early psychosis, in addition to improved, and
stratiﬁed interventions for subgroups who are unlikely to respond
to conventional treatments. Thus, a better understanding of the
mechanisms by which these underrecognized early symptoms
might facilitate change in the entire symptom network may prove
beneﬁcial [4]. Future work may seek to clarify whether network
structures differ over time in those with and without a remitted
status. This would provide clarity on the causality of network
structures over time, and how this may relate to illness outcome
and progression. Further research is also necessary to establish
whether the inﬂuence of depression on psychosis symptoms is an
integral feature of the illness, or whether it most prominent at
particular time points, such as at 12 months, as we demonstrated
within our networks.
Strengths and limitations
A strength of this study is the examination of a heterogenous
sample from a large longitudinal national cohort of young people
early in their illness course. In addition, we add to previous
network studies in psychosis by including data from male and
female participants at two time-points, and use novel statistics to
compare network strength, centrality, and connectivity. Although
we report on a large national sample of young people with
psychosis, data were missing, and subsequently imputed for 23%
of our sample. However, results of our sensitivity analyses showed
consistent ﬁndings regarding network density, stability, and
symptom centrality. A second limitation is that we did not include
socio-demographic factors within our networks. Such factors (e.g.
sex, age of onset, level of education) are shown to inﬂuence illness
outcomes in schizophrenia, however, their inﬂuence on symptom
expression remains inconclusive, particularly in the early phase of
illness [69]. Two studies within FEP showed that despite
differences between males and females on age of onset,
premorbid functioning, and duration of untreated psychosis,
there were no differences in symptoms severity at presentation
[70, 71]. Whilst this warrants investigation at a network level,
inclusion of these factors within our network is beyond the focus
of our research question. Third, we acknowledge that the grouplevel nature of our analysis does not allow for conclusions to be
drawn on an individual level. And ﬁnally, though PANSS scores
differed between the networks, overall, the scores are relatively
low. Comparisons with network structures in those with more

severe and enduring psychopathology, as well as those at clinical
high risk of psychosis, may be more informative in understanding
illness stage and progression. Within the current design, we were
not able to establish whether depression emerges as prominent
not just at 12 months, but potentially earlier, during the prodrome
or sub-threshold stages.
CONCLUSION
We provide novel ﬁndings of symptom networks in early
psychosis with robust data from a large longitudinal sample.
Depressive symptoms, in addition to conceptual disorganisation
and stereotyped thinking, which are often under-recognised in
early psychosis, may potentially serve as novel symptom targets,
which if adequately addressed, may have the potential to lead to
global symptom improvements and better recovery.
REFERENCES
1. Levine S, Rabinowitz J, Case M, Ascher-Svanum H. Treatment response trajectories and their antecedents in recent-onset psychosis. J Clin Psychopharmacol.
2010;30:446–9. https://doi.org/10.1097/JCP.0b013e3181e68e80
2. Craig TKJ, Garety P, Power P, Rahaman N, Colbert S, Fornells-Ambrojo M, et al. The
Lambeth Early Onset (LEO) Team: randomised controlled trial of the effectiveness
of specialised care for early psychosis. BMJ Br Med J (Clin Res Ed). 2004;329:1067
https://doi.org/10.1136/bmj.38246.594873.7C
3. Lally J, Gaughran F, Timms P, Curran S. Treatment-resistant schizophrenia: current
insights on the pharmacogenomics of antipsychotics. Pharmacogenomics Personalized Med. 2016;ume 9:117–29. https://doi.org/10.2147/PGPM.S115741
4. Esfahlani FZ, Sayama H, Visser KF, Strauss GP. Sensitivity of the positive and
negative syndrome scale (PANSS) in detecting treatment effects via network
analysis. Innov Clin Neurosci. 2017;14:59–67.
5. Upthegrove R, Lalousis P, Mallikarjun P, Chisholm K, Grifﬁths SL, Iqbal M, et al. The
psychopathology and neuroanatomical markers of depression in early psychosis.
Schizophr Bull. 2020;47:249–58. https://doi.org/10.1093/schbul/sbaa094
6. Upthegrove R, Marwaha S, Birchwood M. Depression and schizophrenia: cause,
consequence, or trans-diagnostic Issue? Schizophr Bull. 2017;43:240–4. https://
doi.org/10.1093/schbul/sbw097
7. Fusar-Poli P, Tantardini M, De Simone S, Ramella-Cravaro V, Oliver D, Kingdon J, et al.
Deconstructing vulnerability for psychosis: meta-analysis of environmental risk factors
for psychosis in subjects at ultra high-risk. Eur Psychiatry. 2017;40:65–75.
8. Birchwood M, Iqbal Z, Upthegrove R. Psychological pathways to depression in
schizophrenia. Eur Arch Psychiatry Clin Neurosci. 2005;255:202–12.
9. Koenders MA, de Kleijn R, Giltay EJ, Elzinga BM, Spinhoven P, Spijker AT. A
network approach to bipolar symptomatology in patients with different course
types. PLoS ONE. 2015;10:e0141420.

Translational Psychiatry (2021)11:567

S.ânL. Grifﬁths et al.

7
10. Goekoop R, Goekoop JG. A network view on psychiatric disorders: network
clusters of symptoms as elementary syndromes of psychopathology. PLoS ONE.
2014;9:e112734.
11. Epskamp, S & Fried, EI A tutorial on regularized partial correlation networks.
Psychological methods (2018).
12. Contreras, A, Nieto, I, Valiente, C, Espinosa, R & Vazquez, C. The Study of Psychopathology from the Network Analysis Perspective: A Systematic Review.
Psychotherapy and Psychosomatics, 1–13, https://doi.org/10.1159/000497425
(2019).
13. Robinaugh, D, Haslbeck JMB, Waldorp L, Kossakowski JJ, Fried EI, Millner A, et al.
Advancing the Network Theory of Mental Disorders: A Computational Model of
Panic Disorder. (2019).
14. Levine SZ, Leucht S. Identifying a system of predominant negative symptoms:
network analysis of three randomized clinical trials. Schizophrenia Res.
2016;178:17–22.
15. van Rooijen G, Isvoranu AM, Kruijt OH, van Borkulo CD, Meijer CJ, Wigman J, et al.
A state-independent network of depressive, negative and positive symptoms in
male patients with schizophrenia spectrum disorders. Schizophr Res.
2018;193:232–9.
16. Isvoranu A-M, van Borkulo CD, Boyette LL, Wigman JTW, Vinkers CH, Borsboom D.
A network approach to psychosis: pathways between childhood trauma and
psychotic symptoms. Schizophr Bull. 2016;43:187–96. https://doi.org/10.1093/
schbul/sbw055
17. Bak M, Drukker M, Hasmi L, van Os J. An n = 1 clinical network analysis of
symptoms and treatment in psychosis. PLoS ONE. 2016;11:e0162811 https://doi.
org/10.1371/journal.pone.0162811
18. Strauss GP, Esfahlani FZ, Kirkpatrick B, Allen DN, Gold JM, Visser KF, et al. Network
analysis reveals which negative symptom domains are most central in schizophrenia vs bipolar disorder. Schizophr Bull. 2019;45:1319–30. https://doi.org/
10.1093/schbul/sby168
19. Galderisi S, Rucci P, Mucci A, Rossi A, Rocca P, Bertolino A, et al. The interplay
among psychopathology, personal resources, context-related factors and real-life
functioning in schizophrenia: stability in relationships after 4 years and differences in network structure between recovered and non-recovered patients.
World Psychiatry. 2020;19:81–91. https://doi.org/10.1002/wps.20700
20. Zamani Esfahlani, F, Visser, K, Strauss, G & Sayama, H. A Network-Based Classiﬁcation Framework for Predicting Treatment Response of Schizophrenia Patients.
Expert Systems with Applications 109, https://doi.org/10.1016/j.eswa.2018.05.005
(2018).
21. Strauss GP, Zamani Esfahlani F, Sayama H, Kirkpatrick B, Opler MG, Saoud JB, et al.
Network analysis indicates that avolition is the most central domain for the
successful treatment of negative symptoms: evidence from the roluperidone
randomized clinical trial. Schizophrenia Bull. 2020;46:964–70. https://doi.org/
10.1093/schbul/sbz141
22. Birchwood M, Todd P, Jackson C. Early intervention in psychosis: the critical
period hypothesis. Br J Psychiatry. 1998;172:53–59.
23. Schmidt, AH, Daniel J; Das,Tushar; Lang, Undine; Riecher-Rössler, Anita; Borgwardt, Stefan & Palaniyappan, Lena. Increased symptom consolidation preceding
transition to psychosis: a phenomenological network study. The Lancet Psychiatry (2019).
24. Wigman JTW, de Vos S, Wichers M, van Os J, Bartels-Velthuis AA. A transdiagnostic network approach to psychosis. Schizophr Bull. 2016;43:122–32. https://
doi.org/10.1093/schbul/sbw095
25. Betz LT, Penzel N, Kambeitz-Ilankovic L, Rosen M, Chisholm K, Stainton A, et al.
General psychopathology links burden of recent life events and psychotic
symptoms in a network approach. npj Schizophrenia. 2020;6:40 https://doi.org/
10.1038/s41537-020-00129-w
26. Myin-Germeys I, van Os J. Stress-reactivity in psychosis: evidence for an affective
pathway to psychosis. Clin Psychol Rev. 2007;27:409–24. https://doi.org/10.1016/j.
cpr.2006.09.005
27. Herniman SE, Phillips LJ, Wood SJ, Cotton SM, Liemburg EJ, Allott KA. Interrelationships between depressive symptoms and positive and negative symptoms of recent onset schizophrenia spectrum disorders: a network analytical
approach. J Psychiatr Res. 2021;140:373–80. https://doi.org/10.1016/j.
jpsychires.2021.05.038
28. Birchwood M, Lester H, McCarthy L, Jones P, Fowler D, Amos T, et al. The UK
national evaluation of the development and impact of Early Intervention Services
(the National EDEN studies): study rationale, design and baseline characteristics.
Early Intervention Psychiatry. 2014;8:59–67. https://doi.org/10.1111/eip.12007
29. Kay SR, Fiszbein A, Opler LA. The Positive and Negative Syndrome Scale (PANSS)
for Schizophrenia. Schizophrenia Bull. 1987;13:261–76. https://doi.org/10.1093/
schbul/13.2.261
30. Addington D, Addington J, Schissel B. A depression rating scale for schizophrenics. Schizophrenia Res. 1990;3:247–51. https://doi.org/10.1016/0920-9964
(90)90005-R

Translational Psychiatry (2021)11:567

31. R©. R Core Team. R: A language and environment for statistical computing.
Vienna, Austria: R Foundation for Statistical Computing. patent (2016).
32. Rochani, H & Linder, DF in Monte-Carlo Simulation-Based Statistical Modeling
(eds Ding-Geng Chen & John Dean Chen) 129–42 (Springer Singapore, 2017).
33. Liu Y, Wang Y, Feng Y, Wall MM. Variable selection and prediction with incomplete high-dimensional data. Ann Appl Stat. 2016;10:418–50. https://doi.org/
10.1214/15-AOAS899
34. Epskamp, S, Cramer, AOJ, Waldorp, LJ, Schmittmann, VD & Borsboom, D. qgraph:
Network Visualizations of Relationships in Psychometric Data. 2012 48, 18,
https://doi.org/10.18637/jss.v048.i04 (2012).
35. Friedman, JH, Hastie, T, & Tibshirani, R. glasso: Graphical lasso-estimation of
Gaussian graphical models (R package version 1.8). (2014).
36. Rosseel, Y. lavaan: An R Package for Structural Equation Modeling. 2012 48, 36,
https://doi.org/10.18637/jss.v048.i02 (2012).
37. Tibshirani R. Regression shrinkage and selection via the lasso. J R Stat Soc Ser B
(Methodol). 1996;58:267–88.
38. Chen J, Chen Z. Extended Bayesian information criteria for model selection with large
model spaces. Biometrika. 2008;95:759–71. https://doi.org/10.1093/biomet/asn034
39. Williams DR, Rast P. Back to the basics: rthinking partial correlation network methodology. Br J Math Stat Psychol. 2020;73:187–212. https://doi.org/10.1111/bmsp.12173
40. Jacobucci R, Brandmaier AM, Kievit RA. A practical guide to variable selection in
structural equation modeling by using regularized multiple-indicators, multiplecauses models. Adv Methods Pract Psychol Sci. 2019;2:55–76. https://doi.org/
10.1177/2515245919826527
41. Fruchterman TMJ, R. E. Graph drawing by force‐directed placement. Softw: Pract
Experience. 1991;21:1129–64.
42. van Borkulo, C et al. Comparing network structures on three aspects: a permutation test. (2017).
43. Costantini G, Epskamp S, Borsboom D, Perugini M, Mõttus R, Waldorp LJ, et al.
State of the aRt personality research: a tutorial on network analysis of personality
data in R. J Res Personal. 2015;54:13–29. https://doi.org/10.1016/j.jrp.2014.07.003
44. Newman, MEJ Networks: An introduction. (Oxford University Press; 2010., 2010).
45. Opsahl T, Agneessens F, Skvoretz J. Node centrality in weighted networks: generalizing degree and shortest paths. SOC Netw - SOC Netw. 2010;32:245–51.
https://doi.org/10.1016/j.socnet.2010.03.006
46. Jones, P. Networktools: Tools for Identifying Important Nodes in Networks., 2019).
47. Jones, P, Ma, R & McNally, R Bridge Centrality: A Network Approach to Understanding Comorbidity. Multivariate Behavioral Research, 1-15, https://doi.org/
10.1080/00273171.2019.1614898 (2019).
48. Epskamp S, Borsboom D, Fried EI. Estimating psychological networks and their
accuracy: a tutorial paper. Behav Res Methods. 2018;50:195–212. https://doi.org/
10.3758/s13428-017-0862-1
49. Armour C, Fried EI, Deserno MK, Tsai J, Pietrzak RH. A network analysis of DSM-5
posttraumatic stress disorder symptoms and correlates in U.S. military veterans. J
Anxiety Disord. 2017;45:49–59. https://doi.org/10.1016/j.janxdis.2016.11.008
50. van Os J, Hanssen M, Bijl RV, Vollebergh W. Prevalence of psychotic disorder and
community level of psychotic symptoms: an urban-rural comparison. Arch Gen
Psychiatry. 2001;58:663–8.
51. Cupo L, McIlwaine SV, Daneault JG, Malla AK, Iyer SN, Joober R, et al. Timing,
distribution, and relationship between nonpsychotic and subthreshold psychotic
symptoms prior to emergence of a ﬁrst episode of psychosis. Schizophr Bull.
2021;47:604–14. https://doi.org/10.1093/schbul/sbaa183
52. Lataster T, van Os J, Drukker M, Henquet C, Feron F, Gunther N, et al. Childhood
victimisation and developmental expression of non-clinical delusional ideation
and hallucinatory experiences. Soc Psychiatry Psychiatr Epidemiol.
2006;41:423–8. https://doi.org/10.1007/s00127-006-0060-4
53. Dutta R, Murray RM, Hotopf M, Allardyce J, Jones PB, Boydell J. Reassessing the
long-term risk of suicide after a ﬁrst episode of psychosis. Arch Gen Psychiatry.
2010;67:1230–7. https://doi.org/10.1001/archgenpsychiatry.2010.157
54. Fialko L, Freeman D, Bebbington PE, Kuipers E, Garety PA, Dunn G, et al.
Understanding suicidal ideation in psychosis: ﬁndings from the Psychological
Prevention of Relapse in Psychosis (PRP) trial. Acta Psychiatr Scand.
2006;114:177–86. https://doi.org/10.1111/j.1600-0447.2006.00849.x
55. Birchwood M, Michail M, Meaden A, Tarrier N, Lewis S, Wykes T, et al. Cognitive
behaviour therapy to prevent harmful compliance with command hallucinations
(COMMAND): a randomised controlled trial. Lancet Psychiatry. 2014;1:23–33.
56. Green C, Garety PA, Freeman D, Fowler D, Bebbington P, Dunn G, et al. Content
and affect in persecutory delusions. Br J Clin Psychol. 2006;45:561–77. https://doi.
org/10.1348/014466506X98768
57. Roche E, Creed L, MacMahon D, Brennan D, Clarke M. The epidemiology and
associated phenomenology of formal thought disorder: a systematic review.
Schizophr Bull. 2015;41:951–62. https://doi.org/10.1093/schbul/sbu129
58. Harrow M, Marengo JT. Schizophrenic thought disorder at followup: its persistence and prognostic signiﬁcance. Schizophr Bull. 1986;12:373–93. https://doi.
org/10.1093/schbul/12.3.373

S.ânL. Grifﬁths et al.

8
59. Roche E, Lyne J, O'Donoghue B, Segurado R, Behan C, Renwick L, et al. The
prognostic value of formal thought disorder following ﬁrst episode psychosis.
Schizophr Res. 2016;178:29–34. https://doi.org/10.1016/j.schres.2016.09.017
60. Kircher T, Brohl H, Meier F, Engelen J. Formal thought disorders: from phenomenology to neurobiology. Lancet Psychiatry. 2018;5:515–26. https://doi.org/
10.1016/s2215-0366(18)30059-2
61. Bearden CE, Wu KN, Caplan R, Cannon TD. Thought disorder and communication
deviance as predictors of outcome in youth at clinical high risk for psychosis. J
Am Acad Child Adolesc Psychiatry. 2011;50:669–80. https://doi.org/10.1016/j.
jaac.2011.03.021
62. Liddle PF. The core deﬁcit of classical schizophrenia: implications for predicting
the functional outcome of psychotic illness and developing effective treatments.
Can J Psychiatry. 2019;64:680–5. https://doi.org/10.1177/0706743719870515
63. Koutsouleris N, Kambeitz-Ilankovic L, Ruhrmann S, Rosen M, Ruef A, Dwyer DB,
et al. Prediction models of functional outcomes for individuals in the clinical
high-risk state for psychosis or with recent-onset depression: a multimodal,
multisite machine learning analysis. JAMA Psychiatry. 2018;75:1156–72. https://
doi.org/10.1001/jamapsychiatry.2018.2165
64. Barrera A, Curwell-Parry O, Raphael M-C. Hebephrenia is dead, long live hebephrenia, or why Hecker and Chaslin were on to something. BJPsych Adv.
2019;25:373–6. https://doi.org/10.1192/bja.2019.24
65. Grifﬁths SL, Birchwood M. A synthetic literature review on the management of
emerging treatment resistance in ﬁrst episode psychosis: can we move towards
precision intervention and individualised care? Medicina. 2020;56:638.
66. Gregory A, Mallikarjun P, Upthegrove R. Treatment of depression in schizophrenia: systematic review and meta-analysis. Br J Psychiatry. 2017;211:198–204.
https://doi.org/10.1192/bjp.bp.116.190520
67. Dondé, C, Vignaud, P, Poulet, E, Brunelin, J & Haesebaert, F. Management of
depression in patients with schizophrenia spectrum disorders: a critical review of
international guidelines. 138, 289–99, https://doi.org/10.1111/acps.12939 (2018).
68. Shryane N, Drake R, Morrison AP, Palmier-Claus J. Is cognitive behavioural therapy
effective for individuals experiencing thought disorder? Psychiatry Res.
2020;285:112806 https://doi.org/10.1016/j.psychres.2020.112806
69. Ochoa S, Usall J, Cobo J, Labad X, Kulkarni J. Gender differences in schizophrenia
and ﬁrst-episode psychosis: a comprehensive literature review. Schizophrenia Res
Treat. 2012;2012:916198 https://doi.org/10.1155/2012/916198
70. Cocchi A, Lora A, Meneghelli A, La Greca E, Pisano A, Cascio MT, et al. Sex
differences in ﬁrst-episode psychosis and in people at ultra-high risk. Psychiatry
Res. 2014;215:314–22. https://doi.org/10.1016/j.psychres.2013.11.023
71. Bertani M, Lasalvia A, Bonetto C, Tosato S, Cristofalo D, Bissoli S, et al. The
inﬂuence of gender on clinical and social characteristics of patients at psychosis
onset: a report from the Psychosis Incident Cohort Outcome Study (PICOS).
Psychological Med. 2012;42:769–80.

ACKNOWLEDGEMENTS
The National EDEN study was funded by the National Institute of Health Research (NIHR)
under the Programme Grants for Applied Research (RP-PG-0109-10074). Birmingham and
Solihull NHS Foundation Trust acted as study sponsor. M.B. and S.P.S are part funded by
the National Institute for Health Research through the Applied Research Collaboration
West Midlands (ARC-WM). P.B.J. is part funded by the NIHR ARC East of England. G.B. was
supported by the University of Birmingham Department of Population Sciences and
Humanities. S.P.L. is funded through a Clinical Academic Fellowship from the Chief

Scientist Ofﬁce, Scotland (CAF/19/04). The views expressed in this publication are those of
the authors and not necessarily those of the NHS, NIHR, or Department of Health. We
would like to thank the participants of the National EDEN study and the UK Clinical
Research Network for study support.

AUTHOR CONTRIBUTIONS
The data were analysed by S.L., S.L.G., and R.U. S.L.G., R.U, S.L., and G.B. drafted the
manuscript with further input from M.B. and P.K.M. M.B. was the CI and grant holder,
J.H., L.E., P.B.J., D.F., T.A., N.F., V.S., S.P.S., P.Mc., and M.M. contributed to the EDEN
study design and execution. All authors approved the ﬁnal manuscript.

COMPETING INTERESTS
RU reports grants from Medical Research Council, grants from National Institute for
Health Research: Health Technology Assessment, grants from European Commission
—Research: The Seventh Framework Programme, personal fees from Sunovion,
outside the submitted work. PM reports grant from the Medical Research Council,
and has received honorariums from Sunovion, Sage and Recordati outside of the
submitted work.

ADDITIONAL INFORMATION
Supplementary information The online version contains supplementary material
available at https://doi.org/10.1038/s41398-021-01687-y.
Correspondence and requests for materials should be addressed to Siân Lowri
Grifﬁths.
Reprints and permission information is available at http://www.nature.com/
reprints
Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims
in published maps and institutional afﬁliations.

Open Access This article is licensed under a Creative Commons
Attribution 4.0 International License, which permits use, sharing,
adaptation, distribution and reproduction in any medium or format, as long as you give
appropriate credit to the original author(s) and the source, provide a link to the Creative
Commons license, and indicate if changes were made. The images or other third party
material in this article are included in the article’s Creative Commons license, unless
indicated otherwise in a credit line to the material. If material is not included in the
article’s Creative Commons license and your intended use is not permitted by statutory
regulation or exceeds the permitted use, you will need to obtain permission directly
from the copyright holder. To view a copy of this license, visit http://creativecommons.
org/licenses/by/4.0/.

© The Author(s) 2021

Translational Psychiatry (2021)11:567

