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A B S T R A C T

Schizophrenia (SZ) and Bipolar disorder (BD) share genetic and cerebral abnormalities, supporting an expanded 
continuum hypothesis. In this paper, we aim to better characterize differences and commonalities of gray and 
white matter features between SZ and BD to clarify how they align or diverge on this continuum. We transposed 
independent vector analysis (tIVA), a data fusion technique, to the gray and white matter images of 128 in
dividuals diagnosed with SZ, 128 with BD and 127 healthy controls (CTRL), matched for gender, age and IQ. Of 
the 18 tIVA networks detected, three differed between SZ and BD (tIV9,14,15), primarily involving fronto- 
temporal regions. These same networks plus two more (tIV3,4), differed between SZ and CTRL indicating a 
larger compromission, whereas only one network (tIV9) differed between BD and controls. Overall, SZ displayed 
the more pronounced GM-WM abnormalities in both extent and severity with BD lying in an intermediate po
sition. Of note, one network differed among all three groups (SZ, BD, and CTRL). Random forest classification 
confirmed these results by indicating the tIV9 as the main predictors that separate the three groups. Moreover, to 
appreciate eventual differences between networks across the three groups a network analyses was performed. 
Individuals with SZ demonstrated a significantly different clustering coefficient and density compared to CTRL. 
While the comparison between individuals with BD and controls did not show marked differences. This study 
sheds new lights on the expanded continuum hypothesis according to which individuals with schizophrenia and 
bipolar disorder lay on the same continuum of neurological abnormalities.

1. Introduction

Schizophrenia (SZ) and bipolar disorder (BD) have long been 
recognized as distinct psychiatric conditions, each characterized by 
specific symptomatology and clinical presentations and thus have been 
categorized distinctly in diagnostic manuals such as the DSM-5 and ICD- 
10 (DSM-5; American Psychiatric Association [APA], 2013, ICD-10; 

World Health Organization [WHO], 1993). SZ is defined by its hallmark 
features of psychosis, including hallucinations, delusions, and disorga
nized thinking, while BD is characterized by episodes of mood distur
bance, alternating between mania and depression (APA, 2013). BD and 
SZ, while distinct in their symptomatology, share several clinical fea
tures that can sometimes blur diagnostic boundaries and complicate 
accurate diagnosis (Moller, 2003; Sorella et al., 2019). These 
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overlapping features include mood disturbances, cognitive dysfunctions, 
and psychotic symptoms, which can lead to diagnostic challenges and 
the potential for misdiagnosis (Miller et al., 2014; Tandon et al., 2013; 
Grecucci et al., 2023). Whereas mood disturbances are a hallmark 
feature of BD, individuals with SZ may also experience mood instability 
(Sorella et al., 2019). Affective lability, irritability, and dysphoria can 
occur in SZ (Sorella et al., 2019), particularly during acute exacerbations 
or in the presence of comorbid mood disorders. At the same manner, 
psychotic symptoms such as hallucinations and delusions, typically 
more prominent and persistent in SZ, can also occur during manic or 
depressive episodes in BD (APA, 2013; CIT). Disorganized thinking and 
speech patterns are common in both disorders. Individuals may exhibit 
tangential or illogical speech, derailment (sudden shifts in topic), or 
thought blocking (sudden interruption of thought process) (Barch & 
Ceaser, 2012). Both schizophrenia and bipolar disorder are associated 
with cognitive impairment, although the specific cognitive deficits may 
vary (Barch & Ceaser, 2012). Executive function deficits, attentional 
difficulties, and memory impairments can occur in both disorders and 
contribute to functional impairment (Grecucci et al., 2023). Both 
schizophrenia and bipolar disorder can lead to impaired social func
tioning. Individuals may experience difficulties in maintaining re
lationships, holding employment, and engaging in daily activities 
(Grecucci et al., 2023). Social withdrawal, isolation, and interpersonal 
conflicts may occur in both disorders (Grecucci et al., 2023). Individuals 
with either disorder may use substances as a means of self-medication to 
alleviate distressing symptoms or to cope with social isolation and 
stigma (Khantzian, 1997; Regier et al., 1990). Literature suggested that 
there are also some common neurobiological features observed in both 
disorders. SZ and BD share a range of neurobiological features, sug
gesting a significant overlap between these conditions. Common ele
ments include disruptions in dopamine and glutamate systems, 
neurodevelopmental abnormalities, and inflammatory processes, all of 
which contribute to the symptomatology observed in both disorders 
(Craddock and Owen, 2010; Moghaddam and Javitt, 2012; Goldsmith 
et al., 2016). Genetic studies have further revealed shared risk factors, 
indicating that these disorders may arise from similar underlying bio
logical mechanisms (Sullivan et al., 2012; Sorella et al., 2019; Grecucci 
et al., 2023).

From an affective point of view, multiple commonalities are also 
present. Deficits in emotion regulation and emotional instability linked 
to fronto-limbic alterations are well-established in BD, as highlighted in 
the review by Townsend and Altshuler (2012). In contrast, SCZ patients 
exhibit impairments across various emotional domains, including 
experiencing, perceiving, recognizing, and expressing emotions (see 
reviews by Aleman and Kahn, 2005; Kohler and Martin, 2006; Trémeau, 
2006). Additionally, they display abnormalities in emotional memory, 
particularly intrusive and negative memories (Herbener, 2008), which 
can shape the content and interpretation of hallucinations (Laloyaux 
et al., 2019; Waters et al., 2012). This has been recently confirmed by a 
large metanalysis of fMRI studies on emotional perception comparing 
SCZ with BD (Grecucci et al., 2023). This study revealed shared func
tional abnormalities in the thalamus, parahippocampal regions, and 
basal ganglia, indicating that these patients exhibit disruptions in a 
neural circuit involved in the intensified processing of negative 
emotional stimuli (Grecucci et al., 2023).

These findings have led to the hypothesis of a continuum between SZ 
and BD, suggesting common genetic vulnerabilities that lead to shared 
psychotic symptoms, while other genetic and environmental factors 
contribute to the disorders' differentiation (Expanded continuum hy
pothesis, Sorella et al., 2019). This hypothesis suggests that both dis
orders share a continuum of psychotic symptoms, including 
hallucinations and delusions, albeit with differing clinical presentations 
and severities (Sorella et al., 2019). For instance, while SZ is charac
terized by persistent and prominent psychotic symptoms, BD may 
exhibit these symptoms primarily during manic or depressive episodes 
(APA, 2013). Neuroimaging studies support this continuum hypothesis 

by showing overlapping abnormalities in brain structure and function. 
Neuroimaging studies using Voxel-based Morphometry (VBM) have 
found significant gray matter overlaps in SZ and BD patients, particu
larly in the prefrontal, subcortical, temporal, and parieto-occipital areas, 
compared to healthy controls. However, direct comparisons indicate 
more pronounced impairments in SZ, particularly in the frontal gyri, 
temporal gyri, and insula (Maggioni et al., 2017; Nenadic et al., 2015; 
Rimol et al., 2012; Molina et al., 2011; Bowie et al., 2020; McLaughlin 
et al., 2017; Bora and Pantelis, 2015; Bortolato et al., 2015; Lew
andowski et al., 2011; Bowie et al., 2020). However, these studies are 
limited as they typically compare SZ and BD indirectly against healthy 
controls using univariate methods like VBM, which do not fully capture 
the relationships between different brain voxels (Mcintosh et al., 2004; 
Arnone et al., 2009; Yu et al., 2010; Ellison-Wright & Bullmore, 2010). 
To overcome these limitations, Source-based Morphometry (SBM) was 
proposed as a more comprehensive method for studying psychiatric 
disorders from a whole-brain and network perspective (Grecucci et al., 
2016, 2017; Pappaianni et al., 2018). In particular, Sorella et al. (2019)
presented a detailed exploration of the similarities and differences be
tween SZ and BD, introducing SBM as a method to investigate these 
disorders comprehensively, aiming to expand the understanding of the 
continuum hypothesis by examining shared and distinct neural and 
psychological mechanisms in SZ and BD. SBM is part of machine 
learning techniques that have become increasingly prominent in 
neuroscience due to their ability to explore complex relationships 
among brain variables, such as individual voxels. Unlike traditional 
univariate analyses, which examine each voxel in isolation, these 
multivariate approaches enable the simultaneous analysis of multiple 
voxels, revealing subtle and distributed changes in brain structure and 
function (Grecucci et al., 2022; Hebart & Baker, 2018; Vieira, Pinaya, & 
Mechelli, 2020).

Considering these premises and the expanded continuum hypothesis, 
this study aims to further investigate the differences and commonalities 
of gray and white matter features between SZ and BD by employing 
machine learning methods. We hypothesize that SZ and BD will share 
common gray matter (GM) and white matter (WM) networks that are 
significantly different from healthy controls, supporting the existence of 
a shared psychotic core as suggested by the continuum theory. Specif
ically, we anticipate identifying at least one network that distinguishes 
both SZ and BD from controls. Furthermore, we propose that SZ patients 
will exhibit greater abnormalities in networks associated with cognitive 
functions, such as fronto-parietal circuits, compared to BD patients and 
healthy controls. This would reflect the more severe cognitive impair
ment often observed in SZ. Conversely, we predict that BD patients will 
show specific alterations in networks related to affective processing and 
mood regulation, distinguishing them from SZ patients and controls. 
These alterations may be evident in limbic and prefrontal regions 
involved in emotional regulation, such as the amygdala, hippocampus, 
and ventromedial prefrontal cortex. This would suggest a distinct af
fective core in BD, characterized by disruptions in emotional processing 
circuits. Consistent with the continuum hypothesis, we also expect that 
the SZ group will display the most pronounced GM-WM abnormalities, 
both in terms of the number of affected networks and reduced matter 
concentration. BD patients are anticipated to show intermediate levels 
of impairment, standing between SZ patients and healthy controls. This 
gradient of abnormalities aligns with the notion of a spectrum of severity 
across these disorders, where BD occupies a middle position along the 
continuum from healthy controls to SZ.

To test these hypotheses, in the present study, unsupervised machine 
learning techniques, specifically Transposed Independent Vector Anal
ysis (tIVA), were employed to identify independent neural circuits 
(Adali et al., 2015; Lee et al., 2008). Transposed Independent Vector 
Analysis (tIVA) was selected because it combines the strengths of inde
pendent component analysis and canonical correlation analysis among 
current data-driven fusion families while avoiding their core limitations. 
In contrast to joint-ICA, which forces all modalities to share a single 
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mixing matrix and therefore presumes equal contributions from each 
signal (Calhoun et al., 2006), tIVA keeps a separate mixing matrix per 
modality yet couples the source vectors statistically, permitting shared 
variance to emerge without imposing identical spatial distributions. 
Relative to multiset-CCA or mCCA + jICA (Sui et al., 2013), the tIVA 
likelihood incorporates higher-order (non-Gaussian) statistics, giving 
higher sensitivity to subtle, non-linear cross-modal relationships that are 
characteristic of psychosis-related brain alterations. Benchmark studies 
in multimodal schizophrenia samples have shown that tIVA yields more 
stable components and higher diagnostic-classification accuracy than 
linked-ICA or joint-ICA while scaling linearly in computation as addi
tional modalities are added (Adali et al., 2015). Finally, because tIVA 
models independence within each modality but explicit dependence 
across modalities, it preserves modality-specific information (e.g., gray 
vs. white-matter concentration) that might otherwise be lost in ap
proaches that concatenate or down-sample the data (Groves et al., 
2011). For the present question, isolating covarying GM–WM networks 
that discriminate schizophrenia, bipolar disorder, and controls, this 
ability to separate, yet link, sources made tIVA uniquely well-suited.

tIVA reduces the complexity of brain data, which typically includes 
around 100,000 voxels, by organizing it into a smaller number of bio
logically meaningful networks (Baggio et al., 2023; Grecucci et al., 
2022). These networks are considered more biologically relevant than 
traditional atlas-based brain maps, which are based on anatomical or 
histological features rather than functional or temporal interactions 
between regions (Biswal et al., 2010; Fox et al., 2005). This method 
aligns with the understanding that personality traits are associated with 
multiple brain networks rather than a single specific area. Furthermore, 
the analysis included both gray and white matter features in a data 
fusion approach because both can provide valuable insights and may be 
influenced by similar genetic factors (Spalletta et al., 2018; Baggio et al., 
2023). White matter, which is often studied using diffusion tensor im
aging (DTI), is critical because pathological processes affect it as well as 
gray matter (Assaf & Pasternak, 2008; Alba-Ferrara & de Erausquin, 
2013). DTI measures the movement of water molecules to assess white 
matter integrity but is highly sensitive to noise, which can affect the 
reliability of results (Radwan et al., 2022). A combined approach that 
considers both gray and white matter allows for a more comprehensive 
evaluation of brain alterations without the limitations associated with 
focusing solely on specific white matter tracts (Baggio et al., 2023).

Additionally, a supervised machine learning technique was applied, 
specifically Random Forest classification, to build a predictive model 
capable of classifying individuals into their respective groups based on 
the identified networks. This approach not only contributes to our un
derstanding of the underlying brain abnormalities but also offers a 
predictive framework for potential clinical applications. Moreover, to 
examine the differences in brain connectivity between the groups more 
thoroughly, we conducted a comprehensive brain network analysis, 
inspired by (Sporns, 2016), on the loading coefficients derived from the 
tIVA. By constructing individual brain networks based on the relation
ships between the independent components (tIVs) for each participant, 
we examined how these networks are organized and connected in SZ, 
BD, and control participants. This analysis involved assessing network 
metrics such as clustering coefficients and network density, which pro
vide insights into the efficiency and integration of neural networks. By 
comparing these metrics across groups, we aimed to identify specific 
alterations in brain network architecture that distinguish SZ and BD, 
potentially revealing unique connectivity patterns associated with each 
disorder within the continuum framework.

By integrating these advanced analytical approaches, our study aims 
to provide a deeper understanding of the neural underpinnings of SZ and 
BD within the expanded continuum hypothesis. Identifying both shared 
and distinct neural circuits may help clarify the boundaries and overlaps 
between these disorders, with important implications for diagnosis and 
the development of targeted interventions based on specific neural al
terations. Ultimately, we hope to contribute to a more integrated 

understanding of these complex psychiatric conditions, enhancing 
diagnostic accuracy and informing personalized treatment strategies.

2. Methods

2.1. Participants

This study capitalizes on the brain scans of 383 participants selected 
collected by Salvador et al. (2017). The participants were divided into 
three different groups. The first group consisted of 128 individuals 
diagnosed with schizophrenia based on DSM-IV criteria, selected from 
two hospitals in Spain: Benito Menni CASM and Mare de Déu de la 
Mercè. The second group included 128 patients with type I bipolar 
disorder from Benito Menni CASM and Hospital Clínic de Barcelona, 
matched with the first group for age, gender, and premorbid IQ. Pre
morbid IQ was estimated using the Word Accentuation Test (proper 
citation needed here). At the time of scanning, among the bipolar dis
order patients, 77 were in a state of euthymia (a clinically stable con
dition, neither manic nor depressed), 28 were in a manic phase, and 23 
were in a state of depression (see Salvador et al., 2017 for a complete 
report). The third group comprised 127 healthy control individuals, 
drawn from non-medical hospital staff and the general community, who 
were matched using the same criteria and had no reported history of 
mental illness or treatment with psychotropic drugs. All patients were 
further assessed using the PANSS (SZ mean = 72.6; BD mean = 46), 
while bipolar patients were additionally evaluated with the YMRS 
(mean = 5.95) and the HDRS (mean = 7.43). See Salvador et al. (2017)
for a complete report. All participants were right-handed, aged between 
18 and 65 years, and shared the same exclusion criteria: no history of 
brain trauma or neurological disease and no alcohol or substance abuse 
in the last 12 months prior to their brain scan.

Further demographic and clinical details of the three samples are 
presented in Table 1. The study received ethical approval from the 

Table 1 
Modified from Salvador et al. (2017). Demographic and Clinical Characteristics 
of Study Participants.

Schizophrenia Bipolar 
disorder

Controls p-values

Participants 128 128 127
Age 41.5 (10.3) 

Range: 18–65
41.4 (10.4) 
Range: 20–64

39.8 (10.3) 
Range: 20–64

p(sz, bd) 
= 0.94 p 
(sz, ctrl) 
= 0.18 p 
(bd, ctrl) 
= 0.21

Gender F = 54, M = 74 F = 54, M = 74 F = 54, M = 73 p(sz, bd 
= 1.0 p 
(sz, ctrl) 
= 0.96 p 
(bd, crl) 
= 0.96

WAIS-III 91.9 (17.6) 93.4 (15.6) 107.2 (15.5) p(sz, bd) 
= 0.51 p 
(sz, ctrl) 
< 0.0001 
p(bd, 
ctrl) <
0.0001

Exclusion 
criteria

Brain trauma, 
Neurological 
disease, 
Alcohol/ 
substance abuse 
in the last year

Brain trauma, 
Neurological 
disease, 
Alcohol/ 
substance 
abuse in the 
last year

Brain trauma, 
Neurological 
disease, 
Alcohol/ 
substance 
abuse in the last 
year, History of 
mental illness, 
Treatment with 
psychotropic 
medication
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Comité de Ética de Investigación Clínica de las Hermanas Hospitalarias. 
Informed written consent was obtained from all participants, which 
detailed the study's procedures and the intended use of the data.

2.2. Image acquisition

For this study, structural brain images were acquired using a 1.5-T 
GE Signa scanner (General Electric Medical Systems, Milwaukee, WI, 
USA). The specific parameters chosen for the T1-weighted sequence 
were as follows: 180 axial slices with a 1 mm slice thickness and no gap, 
a 512 × 512 matrix size, and a 0.5 × 0.5 × 1 mm3 voxel resolution. The 
sequence also had an echo time (TE) of 4 ms, a repetition time (TR) of 
2000 ms, and a 15◦ flip angle.

2.3. Pre-processing

SPM12's unified segmentation algorithm (Ashburner, 2009), was 
used to segment the images into gray and white matter partial volume 
images. The brain-extraction process, as described by Smith (2002), was 
followed by alignment to the MNI152 standard template at 2 mm res
olution using FSL registration tools (Jenkinson et al., 2012). The DAR
TEL deformation fields obtained from this alignment were applied to the 
segmented images to generate normalized gray and white matter im
ages, which were then subsampled to a 4 × 4 × 4 mm3 resolution to 
reduce computational cost.

2.4. Unsupervised machine learning to decompose the covarying GM-WM 
networks

In this study, we employed a novel unsupervised machine learning 
technique known as Transposed Independent Vector Analysis (tIVA) 
(Adali et al., 2015; Lee et al., 2008) to decompose the brain into inde
pendent neural circuits from the structural magnetic resonance imaging 
(sMRI). Fusion ICA Toolbox (FIT, http://mialab.mrn.org/software/fit) 
(Calhoun et al., 2006) within MATLAB 2018a (https://it.mathworks. 
com/products/matlab.html) (MATLAB (R2018a)), was used to 
perform tIVA on the preprocessed GM and WM images. To determine the 
optimal number of independent vectors, the MNL algoritm was used. We 
further assessed the reliability of each modality by employing the 
ICASSO GIFT toolbox (Himberg et al., 2004), iterating the Infomax al
gorithm 100 times. The output was organized into a matrix with subjects 
as rows and components as columns, where the loading coefficients 
represented the extent of each subject's gray and white matter concen
tration within the individual components. These independent vectors 
were then translated into Talairach coordinates to facilitate the identi
fication of the associated brain regions. Positive and negative brain re
gion values were included as necessary. We visualized the networks 
using Surf Ice (https://www.nitrc.org/projects/surfice/) (Rorden), 
which provided us with a spatial representation of the components. For 
statistical analysis, independent sample t-tests in Jasp version 0.16.3 
(Jasp Team (Version 0.16.2) (2023)) to the loading coefficients was used 
to discern any significant differences across groups. This approach hel
ped us to understand the specific contributions of each network 
component to the conditions under study.

2.5. Supervised machine learning to build a predictive model

In order to derive a predictive model to classify the three groups, we 
performed a Random Forest classification on the loading coefficients of 
the tIVs. This may be informative of the fact that at least some brain 
networks are able to separate the three groups. Random forest is an 
ensemble learning method for classification that operates by con
structing a multitude of decision trees and averaging their performance 
using the bagging method (Ho, 1998; Breiman, 2001). This machine 
learning method was selected due to its robust performance in classifi
cation tasks and its inherent capacity to minimize overfitting 

(outperforming decision trees and other SML algorithms)—a common 
challenge in machine learning (Hastie et al., 2001). To implement the 
Random Forest, we configured an ensemble of trees and employed cross- 
validation to fine-tune the hyperparameters, ensuring the model's 
generalizability. Each tree in the forest received the GM network co
efficients as input and contributed a vote towards the classification of a 
subject (e.g., BPD patient, SZ patient, or healthy control). The final 
classification is determined by a majority vote, with trees weighted ac
cording to their predictive accuracy. 5000 permutations were used to 
assess the reliability of the model. Of note, the random forest method is 
able to determine the importance of each feature (neural networks 
defined by the tIVs).

2.6. Network analysis

We used brain network science to investigate the data from another 
perspective. Brain network science is a field rapidly growing at the 
intersection of network science and neuroscience (Sporns, 2016). 
Inspired by past approaches in the field (Zalesky et al., 2012), we built 
complex networks out of differences in expression levels across all pairs 
of tIVs. In other words, a comprehensive network analysis was con
ducted on the loading coefficients data from the 3 groups of patients. For 
each subject, the loading coefficients of the 18 tIVs were considered. For 
every patient, a subtraction matrix was then constructed, checking the 
absolute values of differences in expression levels between any two 
investigated tIVs. Every matrix had a dimension of 18 × 18, and it 
numerically encoded the differences in coefficients between brain re
gions for a given individual. We thus considered a total of 128 + 128 +
127 matrices. As suggested in (Zalesky et al., 2012), we then translated 
each numerical matrix into a binary adjacency matrix, checking whether 
the differences were below a target threshold T and connecting any two 
brain regions i and j whose difference in activation signals was higher 
than T. Through a qualitative analysis of shape, a threshold T = 0.07 was 
identified as a tipping point in the distribution of weighted differences 
across all individuals (cf. Supplementary Fig. 1), separating most of the 
lower activation differences from higher values. For every individual, 
every value in their related numerical matrix lower than T = 0.07 was 
set to zero, and values exceeding T = 0.07 were set to one.

These binary matrices served as the individual adjacency matrices 
for building simple graphs, i.e. unweighted, loop-less and undirected, 
complex networks where nodes represent brain regions, numbered from 
1 to 18 for the sake of visualization, and connections indicate that any 
two brain regions have a difference in activation levels stronger than the 
selected T. We understand that this binary approach has the limitation of 
depending on the selection of T (Sporns, 2016). For this reason, we 
replicated the analyses for 3 other values of T (0.01, 0.03 and 0.1) 
emerging as potential tipping points. The T = 0.1 led to networks being 
disconnected >90 % of the times, indicating that this value was too 
restrictive and was thus discarded. In the Results we present and 
compare outcomes for cases T = 0.07, T = 0.03 and T = 0.01.

To better assess the structure of individual-level networks, two 
network measures of relevance in psychological networks (Castro and 
Stella, 2019) were calculated: the mean local clustering coefficient and 
network density.

We selected these two measures because they offer fundamental and 
complementary insights into network topology. The mean local clus
tering coefficient provides a measure of local network structure and the 
tendency of nodes to form tightly connected clusters, reflecting func
tional segregation. This is particularly relevant as alterations in local 
information processing have been implicated in both schizophrenia and 
bipolar disorder (e.g., how efficiently nodes within a local neighborhood 
communicate). Network density, in contrast, offers a global perspective 
on the overall connectedness of the network, indicating the extent of 
integration across all identified components. This allows for an assess
ment of widespread changes in brain connectivity. While numerous 
other topological measures exist, we prioritized these two as they are 
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well-established, provide interpretable insights into both local and 
global aspects of network organization (Sporns, 2016; Rubinov and 
Sporns, 2010), and are particularly informative for an initial charac
terization of differences in networks derived from structural covariance 
data.

Specifically, the mean local clustering coefficient measures how 
locally a graph contains all possible connections between nodes. More in 
detail, the mean clustering coefficient is the mean of the local fraction of 
nodes being neighbors of a given node i being linked with each other. 
The mean is computed arithmetically over all the N nodes in a network. 
This mean local clustering coefficient C ranges between 0 and 1 and it 
can be expressed mathematically as: 

C =
∑N

i=1

ci

N
, ci =

2|j, k ∈ ∂i, (j, k) ∈ E|
|∂i|(|∂i| − 1 )

,

where ci is the local clustering coefficient of node i, ∂i is the set of all 
nodes linked to node i, E is the edge list containing all generic edges, e.g. 
(j, k), between nodes in the network. A higher mean local clustering 
coefficient indicates a higher chance for any two neighbors of a node to 
be connected with each other (Newman, 2018). In brain networks, a 
higher clustering can indicate the co-activation of different brain regions 
for a given measurement window (Sporns, 2016).

Network density evaluates the ratio between the number ∣E∣ of 
existing connections in a network and the maximum number of possible 
connections, in formulas: 

d =
2|E|

N(N − 1)
.

We computed these structural network measures for every individual 
in the three considered clusters of individuals with schizophrenic dis
order, bipolar disorder, and control individuals. To discover whether 
there were structural differences in the way tIVs coefficients differed 
between brain regions among the three groups we pursued additional 
statistical analyses. Statistical differentiation for these two measures 
among the groups was pursued using the Mann-Whitney U test, having 
fixed a confidence level of 0.05. This non-parametric test was chosen to 
compare the different ranks of network measures for the unpaired 
groups without having to deal with violations of the normality 
assumption.

3. Results

3.1. tIVA results

The Transposed Independent Vector Analysis (tIVA) estimated 18 
independent covarying gray matter (IC-GM) and white matter (IC-WM) 
networks. See Supplementary Fig. S1 for a graphical representation of 
each network. The statistical significance of the identified networks was 
initially assessed using One-way ANOVA and then t-tests in JASP to 
compare the loading coefficients between groups. One way ANOVA 
returned a significant model (F(2,380) = 14.563, p < 0.001, η2 = 0.071, 
SZ mean = 0.789, SD = 0.66, BD mean = 0.811, SD = 0.66, CTRL mean 
= 0.831, SD = 0.55), and the simple mean groups contrasts were sig
nificant too (SZ vs BD: t-2.866, pbonferroni = 0.013, SZ vs CTRL: t =
− 5.393, pbonferroni < 0.001, BD vs CTRL: t = − 2.533, pbonferroni < 0.035). 
The t-test results for each tIV are detailed below, with the most signifi
cant findings graphically represented in Figs. 1,2,3,4. For Figs. 1 to 4, the 
brain plots were generated using SurfICE. See also Tables 2,3,4,5,6. 
Individuals with SZ differ from BD for tIV14(t = − 4.396,p = 0.0001), 
tIV15(t = − 3.511,p = 0.001), tIV9(t = − 3.260,p = 0.001). The other 
tIVs did not survive Bonferroni adjusted threshold of p < 0.002. For what 
concerns the comparison between SZ and CTRL the following compo
nents differed: tIV9 (t = − 7.789, p = 0.0001), tIV14 (t = − 5.550, p =
0.0001), tIV15 (t = − 5.550, p = 0.0001), tIV4 (t = − 4.206, p = 0.0001), 
tIV3 (t = − 3.400, p = 0.001). The other tIVs did not survive Bonferroni 

adjusted threshold of p < 0.002. Last but not least, individuals with BD 
differed from CTRL for tIV9 (t = − 4.411, p = 0.0001). The others were 
not statistically significant, p > 0.05. Notably, the tIV9 network 
demonstrated the most significant divergence across all three compari
sons, suggesting a common role for both individuals with SZ and BD. 
Moreover, the GM-WM concentrations followed a clear trend for which 
individuals with SZ display the most severe reduction compared to both 
BD and CTRL, with BD standing in the middle of the continuum. See 
Supplementary Fig. S2 for a direct comparison of the loading coefficients 
of each network for each group.

Tables 2,3,4,5,6. Tables detailing the brain areas, Brodmann classi
fication, volume of matter concentration, and peak coordinates provides 
an anatomical context of the most important networks to our results, 
which are instrumental in elucidating the neural underpinnings of 
schizophrenia and bipolar disorder.

3.2. Random forest results

The random forest classification was applied to discern patterns 
among schizophrenic (SZ), bipolar (BIP), and control (CTRL) subjects. 
Utilizing the holdout method, models were trained on 60 % of the 
sample, validated on 20 %, and tested on the remaining 20 %. The model 
achieved an average test accuracy of 68.4 % (SZ = 75 %, BD = 68.4 %, 
CTRL = 61.8 %). The Receiver Operating Characteristic (ROC) curve 
analysis, which assesses the diagnostic ability of the classifier, indicated 
an Area Under Curve (AUC) scores of 0.700 for all comparisons, with 
0.828 for SZ, 0.636 for BD, and 0.637 for CTRL. Results indicated that 
the tIV9 was a key predictor within the model, signifying its prominent 
role in differentiating between the clinical and control groups. This 
aligns with the earlier tIVA results, where the tIV9 network showed 
significant variation across all comparisons, underscoring its potential as 
a biomarker for neural differences in these conditions. See Fig. 5 for a 
comprehensive visual representation of the model's performance (ROC, 
OOB), feature importance and node purity.

3.3. Network analysis

The results of the structural analysis via individual networks (see 
Methods) highlighted interesting pattern differentiating groups. Having 
fixed a significance level of 0.05, schizophrenic patients demonstrated a 
different clustering coefficient (p-value = 0.0437) and network density 
(0.0016) compared to controls. A similar difference was found in terms 
of density between patients with bipolar disorder and controls (0.0101). 
No difference between the mean local clustering coefficient was found 
between the control and bipolar disorder groups. No significant differ
ences were observed between individuals with schizophrenic disorder 
and the ones with bipolar disorder. As suggested also in Fig. 6, setting 
the threshold at 0.07 revealed a structure consistent across >95 % of the 
individuals from all three groups, where areas 6 and 9 are connected to 
most other nodes. For its persistence across groups and individuals, we 
considered this structure as a network skeleton, i.e. a network structure 
whose presence is common and can be overlayed with additional con
nections, see also (Newman, 2018). This skeleton might represent a 
common baseline neural architecture shared among all participants, 
regardless of diagnostic category. Recognizing the potential limitations 
of a single threshold, additional analyses were conducted using two 
alternative thresholds, specifically at 0.01 and 0.03. Both these thresh
olds resulted in networks showcasing significant differences in clus
tering and density values between control groups. When the threshold 
was set at 0.03, we retrieved the same significant differences identified 
in the 0.07 case for the mean local clustering, although the median 
values for the considered network structures flipped between the 0.07 
threshold (controls' networks had a median of mean local clustering 
higher than the one for the schizophrenic group) and the 0.03 threshold 
(controls' networks had a median of mean local clustering lower than the 
one for the schizophrenic group). These changes indicate that the 

A. Grecucci et al.                                                                                                                                                                                                                               Journal of Aϱective Disorders 389 (2025) 119708 

5 



Fig. 1. Graphical representation of the gray matter areas for the most significant networks, illustrating the t-test results for comparisons between Schizophrenic vs. 
Bipolar, and between Bipolar vs. Control patients.
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median values depend also on the threshold, so that the interpretation of 
our results should rather be relative to identifying differences from the 
statistical tests, as the latter limit themselves to observing differences in 
the mean rank of data but cannot provide insights over the medians. 

Always at T = 0.03, the networks for bipolar individuals displayed 
network densities compatible with healthy controls but different from 
patients with schizophrenic disorders (see Supplementary Table S1). 
Instead, individuals with schizophrenic disorders displayed networks 

Fig. 2. Graphical representation of the gray matter areas for the most significant networks, illustrating the t-test results for comparisons between Schizophrenic and 
Control patients.
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Fig. 3. Graphical representation of the white matter areas for the most significant networks, illustrating the t-test results for comparisons between Schizophrenic vs. 
Bipolar, and between Bipolar vs. Control patients.
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Fig. 4. Graphical representation of the white matter areas for the most significant networks, illustrating the t-test results for comparisons between Schizophrenic and 
Control patients.
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with different densities compared to healthy controls, as reported in 
Supplementary Table S1.

Having found some noteworthy differences in global network 
structure across the 3 groups, we moved the analysis to a deeper level, 
considering the local clustering coefficient (see Methods) for individual 
regions across the 3 groups. Specifically, we focused on node tIV9 as it 
belonged to the center of the network skeleton, and on nodes tIV14 and 
tIV15, of relevance from previous analysis. We focused on these three 
nodes (tIV9, tIV14, tIV15) for two main reasons. First, our statistical and 
network analyses indicated that these nodes (or independent compo
nents) showed the most substantial group differences. In particular, tIV9 
emerged as a central node connecting multiple other brain networks, 
while tIV14 and tIV15 corresponded to components that significantly 
differentiated schizophrenia from bipolar disorder and controls.

Second, these three components align well with the key findings 
from Sorella et al. (2019), who proposed an ‘expanded continuum hy
pothesis’ of schizophrenia and bipolar disorder, emphasizing a shared 
“psychotic core” but also partially distinct cognitive and affective- 
related circuits. Precisely, tIV9 matches the frontotemporal network 
previously linked to shared psychotic features in both disorders, while 
tIV14 and tIV15 map onto the posterior-temporal and medial frontal 
systems, respectively—networks that Sorella et al. identified as 
distinctively altered in schizophrenia versus bipolar disorder. Results 
are appended at the end of Supplementary Table S1.

Interestingly, the local clustering coefficients for nodes tIV9 and 
tIV14 differentiated individuals with the schizophrenic disorder from 
healthy controls (piTV9 = .0003, piTV14 = .0001) and also from in
dividuals with the bipolar disorder (piTV9 = .0068, piTV14 = .0001). 
These differences would remain statistically significant even if one 
applied a Bonferroni correction for multiple testing. Instead, tIV15 did 
not highlight any differences in terms of local clustering coefficient in 
comparisons between groups. These patterns indicate that the neural 
activity captured by iTV9 and iTV14 might be relevant for detecting 
altered neutral integration/segregation patterns in schizophrenic in
dividuals, with potential repercussions for detecting novel interventions 
for therapeutic and biomarking interventions.

4. General discussion

Although the dichotomous classification of schizophrenia (SCZ) and 
bipolar disorder (BD) remains widely used, numerous findings have 
challenged this perspective, suggesting the existence of a continuum 
between these conditions (Moller, 2003; Sorella et al., 2019, see also 
Supplementary Fig. S3). This study explored the neural differences and 
overlaps within the framework of the expanded continuum hypothesis 

Table 2 
Table detailing important information of tIV14 network.

GM

Area
Brodmann 
Area

volume 
(cc)

random effects: 
Max Value (x, y, 
z)

MNI (x, y, z)

Sub-Gyral * 1.6/1.6
5.8 (− 38, − 68, 
0)/7.3 (53, 
− 45, − 4)

(− 38, − 70, 
− 4)/(54, 
− 46, − 8)

Middle Temporal 
Gyrus

19, 20, 21, 
37, 39 5.4/4.0

6.6 (− 57, − 41, 
− 1)/6.8 (53, 
− 45, − 8)

(− 58, − 42, 
− 4)/(54, 
− 46, − 12)

Middle Occipital 
Gyrus

18, 19 3.9/4.0
6.6 (− 42, − 76, 
0)/5.6 (42, 
− 72, 4)

(− 42, − 78, 
− 4)/(42, 
− 74, 0)

Middle Frontal 
Gyrus

10, 11 1.2/0.8
6.5 (− 26, 52, 
− 9)/5.7 (34, 
52, − 9)

(− 26, 54, 
− 8)/(34, 54, 
− 8)

Inferior Occipital 
Gyrus 18, 19 1.7/1.2

6.2 (− 38, − 80, 
− 3)/4.5 (38, 
− 80, − 3)

(− 38, − 82, 
− 8)/(38, 
− 82, − 8)

Inferior Temporal 
Gyrus

20, 37 0.3/0.4
6.2 (− 38, − 72, 
0)/5.2 (53, 
− 45, − 11)

(− 38, − 74, 
− 4)/(54, 
− 46, − 16)

Superior Frontal 
Gyrus 10 0.8/0.7

5.6 (− 22, 56, 
− 10)/5.2 (22, 
56, − 13)

(− 22, 58, 
− 8)/(22, 58, 
− 12)

Superior 
Temporal 
Gyrus

22, 38, 39, 
42

1.7/1.3
5.2 (− 46, − 52, 
10)/4.7 (46, 
− 52, 17)

(− 46, − 54, 
8)/(46, − 54, 
16)

Angular Gyrus 39 0.5/0.6
4.4 (− 34, − 58, 
36)/4.8 (42, 
− 66, 33)

(− 34, − 62, 
36)/(42, 
− 70, 32)

Cuneus 7, 17, 18 1.1/0.4
4.7 (− 22, − 95, 
− 2)/4.2 (30, 
− 82, 23)

(− 22, − 98, 
− 8)/(30, 
− 86, 20)

Lingual Gyrus 17, 18 1.7/0.3
4.6 (− 22, − 92, 
− 6)/3.9 (26, 
− 80, − 6)

(− 22, − 94, 
− 12)/(26, 
− 82, − 12)

Precuneus 39 0.3/0.1
4.5 (− 34, − 62, 
36)/4.3 (42, 
− 66, 36)

(− 34, − 66, 
36)/(42, 
− 70, 36)

Medial Frontal 
Gyrus 25 0.2/0.1

3.8 (− 2, 17, 
− 18)/4.0 (2, 
17, − 18)

(− 2, 18, 
− 20)/(2, 18, 
− 20)

Supramarginal 
Gyrus

* 0.0/0.4
− 999.0 (0,0,0)/ 
3.9 (42, − 51, 
36)

(0, 0, 0)/(42, 
− 54, 36)

WM

Area
Brodmann 
Area

volume 
(cc)

random effects: 
Max Value (x, y, 
z)

MNI (x, y, z)

Lentiform 
Nucleus

* 0.8/1.0
5.4 (− 26, − 2, 
7)/5.1 (26, − 2, 
7)

(− 26, − 2, 
8)/(26, − 2, 
8)

Extra-Nuclear * 1.1/0.4
4.8 (− 30, − 6, 
4)/5.1 (30, − 2, 
4)

(− 30, − 6, 
4)/(30, − 2, 
4)

Table 3 
Table detailing important information of tIV15 network.

GM

Area Brodmann 
Area

volume 
(cc)

random effects: 
Max Value (x, y, z)

MNI (x, y, z)

Superior 
Frontal 
Gyrus

6, 8, 9, 10 12.2/ 
15.7

12.2 (− 6, 36, 50)/ 
12.4 (6, 36, 50)

(− 6, 34, 56)/ 
(6, 34, 56)

Medial Frontal 
Gyrus

6, 8, 9, 10 3.0/2.3
11.2 (− 6, 47, 42)/ 
11.8 (6, 47, 42)

(− 6, 46, 48)/ 
(6, 46, 48)

* * 0.1/0.9 4.1 (− 6, 13, 66)/ 
9.6 (2, 24, 54)

(− 6, 10, 72)/ 
(2, 22, 60)

Middle 
Frontal 
Gyrus

6, 8, 9 1.3/4.7
5.6 (− 22, 35, 42)/ 
7.7 (22, 20, 54)

(− 22, 34, 
48)/(22, 18, 
60)

Cingulate 
Gyrus 32 0.2/0.3

4.3 (− 2, 23, 39)/ 
5.3 (2, 23, 39)

(− 2, 22, 44)/ 
(2, 22, 44)

WM

Area Brodmann 
Area

volume 
(cc)

random effects: 
Max Value (x, y, z)

MNI (x, y, z)

Medial Frontal 
Gyrus

6, 8, 9, 10, 
32

4.4/5.1
14.3 (− 10, 35, 
42)/15.3 (10, 35, 
42)

(− 10, 34, 
48)/(10, 34, 
48)

Superior 
Frontal 
Gyrus

6, 8, 9, 10 9.0/12.4
12.8 (− 10, 28, 
47)/14.9 (10, 31, 
46)

(− 10, 26, 
52)/(10, 30, 
52)

Middle 
Frontal 
Gyrus

6, 8 0.1/1.2
4.3 (− 18, 20, 54)/ 
9.1 (18, 5, 59)

(− 18, 18, 
60)/(18, 2, 
64)

Sub-Gyral 6, 8 0.4/0.4 5.8 (− 18, 35, 42)/ 
8.6 (18, 9, 55)

(− 18, 34, 
48)/(18, 6, 
60)

Cuneus 17, 23, 30 0.4/0.5
4.6 (− 14, − 75, 
11)/5.8 (18, − 67, 
11)

(− 14, − 78, 
8)/(18, − 70, 
8)

Posterior 
Cingulate

30 0.0/0.3 − 999.0 (0, 0, 0)/ 
4.5 (18, − 64, 11)

(0, 0, 0)/(18, 
− 66, 8)
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(Sorella et al., 2019, see Supplementary Fig. S3), by relying on a data 
fusion machine learning approach known as tIVA. Gray and White 
matter images of 128 individuals with schizophrenia (SZ), 128 with 
bipolar disorder (BD), and 127 healthy controls (CTRL), matched for 
gender, age, and IQ were taken into consideration. Results confirmed 
both a common neural substrate (tIV9) and differences (tIV14 and 
tIV15). Moreover, the SZ group displayed the highest degree of com
promission compared to CTRL (three additional networks altered: 
tIV3,4,11). The BD group occupied an intermediate position on this 
continuum, with fewer abnormalities than SZ but more than CTRL. 
Further network analysis revealed significant differences in clustering 
coefficient and density in SZ compared to controls, whereas BD showed 
no substantial differences from CTRL.

Collectively, these findings lend neurobiological support to the 
expanded continuum hypothesis, suggesting that SZ and BD may 
represent different points on a shared spectrum of neuroanatomical al
terations. This dimensional perspective is increasingly vital for under
standing the complex overlap between SZ and BD, and it is corroborated 
by evidence from various domains. Complementary support for such a 
transdiagnostic, dimensional approach comes from studies examining 
other neurobiological markers and clinical features linked to underlying 
brain function. For instance, Magioncalda et al. (2020) investigated 
intrinsic functional brain activity related to psychomotor alterations, a 
core feature in both SZ and BD. They found that specific patterns of 
functional connectivity within the subcortical-cortical sensorimotor 
system, particularly involving thalamus-sensorimotor network coupling 
and its modulation by substantia nigra and raphe nuclei pathways, were 
associated with psychomotor inhibition or excitation, irrespective of 
whether the patient was diagnosed with SZ or BD. These findings, 
demonstrating that neural correlates of specific symptom dimensions 
can cut across traditional diagnostic boundaries, resonate strongly with 
our identification of covarying structural gray and white matter net
works that place SZ and BD on a spectrum. Indeed, the structural 
network abnormalities we identified may represent the anatomical 
substrate upon which such symptom-specific functional disconnections, 
as reported by Martino and colleagues, manifest. For example, 
compromised structural integrity in networks like our shared fronto- 
temporal tIV9, or the graded alterations in other networks (tIV3, tIV4, 
tIV14, tIV15), could impair their capacity for efficient information 

Table 4 
table detailing important information of tIV9 network.

GM

Area
Brodmann 
Area

volume 
(cc)

random effects: 
Max Value (x, y, 
z)

MNI (x, y, z)

Superior 
Temporal 
Gyrus

22, 38, 42 5.4/0.4
6.0 (− 42, 20, 
− 21)/4.2 (46, 
20, − 25)

(− 42, 22, 
− 24)/(46, 22, 
− 28)

* * 0.4/0.6
5.1 (− 42, 20, 
− 18)/4.5 (26, 
44, − 19)

(− 42, 22, 
− 20)/(26, 46, 
− 20)

Middle 
Temporal 
Gyrus

21 2.9/0.1
5.5 (− 57, 1, 
− 14)/4.0 (57, 5, 
− 14)

(− 58, 2, 
− 16)/(58, 6, 
− 16)

Inferior Frontal 
Gyrus

44, 45, 47 1.2/0.1
4.7 (− 38, 17, 
− 18)/3.6 (38, 
20, − 18)

(− 38, 18, 
− 20)/(38, 22, 
− 20)

Fusiform Gyrus 19, 37 0.6/0.0
4.6 (− 50, − 61, 
− 14)/− 999.0 
(0, 0, 0)

(− 50, − 62, 
− 20)/(0, 0, 0)

Inferior 
Temporal 
Gyrus

21, 37 0.4/0.0
4.6 (− 61, − 3, 
− 17)/− 999.0 
(0, 0, 0)

(− 62, − 2, 
− 20)/(0, 0, 0)

Middle Frontal 
Gyrus 9, 10, 11 0.8/0.1

4.5 (− 34, 38, 
20)/3.9 (50, 15, 
29)

(− 34, 38, 24)/ 
(50, 14, 32)

Rectal Gyrus 11 0.2/0.1
4.5 (− 2, 47, 
− 26)/3.8 (6, 47, 
− 26)

(− 2, 50, 
− 28)/(6, 50, 
− 28)

Transverse 
Temporal 
Gyrus

41, 42 0.5/0.0
4.4 (− 61, − 17, 
12)/− 999.0 (0, 
0, 0)

(− 62, − 18, 
12)/(0, 0, 0)

Middle 
Occipital 
Gyrus

37 0.2/0.0
4.3 (− 50, − 65, 
− 10)/− 999.0 
(0, 0, 0)

(− 50, − 66, 
− 16)/(0, 0, 0)

Declive * 0.3/0.0
4.3 (− 50, − 53, 
− 21)/− 999.0 
(0, 0, 0)

(− 50, − 54, 
− 28)/(0, 0, 0)

Precentral 
Gyrus 6, 44 0.3/0.0

4.1 (− 57, − 2, 
7)/− 999.0 (0, 0, 
0)

(− 58, − 2, 8)/ 
(0, 0, 0)

Sub-Gyral * 0.3/0.0
4.1 (− 34, 38, 
17)/− 999.0 (0, 
0, 0)

(− 34, 38, 20)/ 
(0, 0, 0)

Superior 
Frontal Gyrus

10, 11 0.0/0.4
− 999.0 (0, 0, 
0)/4.0 (18, 61, 
19)

(0, 0, 0)/(18, 
62, 24)

Postcentral 
Gyrus 40 0.2/0.0

3.8 (− 61, − 24, 
16)/− 999.0 (0, 
0, 0)

(− 62, − 26, 
16)/(0, 0, 0)

Tuber * 0.2/0.0
3.7 (− 50, − 50, 
− 24)/− 999.0 
(0, 0, 0)

(− 50, − 50, 
− 32)/(0, 0, 0)

WM

Area
Brodmann 
Area

volume 
(cc)

random effects: 
Max Value (x, y, 
z)

MNI (x, y, z)

Orbital Gyrus 11 0.1/0.4
5.5 (− 10, 51, 
− 19)/8.7 (10, 
51, − 19)

(− 10, 54, 
− 20)/(10, 54, 
− 20)

Superior 
Frontal Gyrus

10, 11 2.1/2.9
7.0 (− 26, 56, 
− 13)/8.3 (10, 
55, − 20)

(− 26, 58, 
− 12)/(10, 58, 
− 20)

Medial Frontal 
Gyrus 11 0.2/0.5

5.2 (− 10, 56, 
− 16)/8.2 (10, 
56, − 16)

(− 10, 58, 
− 16)/(10, 58, 
− 16)

Precentral 
Gyrus

4, 6 1.9/3.5
4.7 (− 34, − 27, 
49)/6.9 (34, 
− 11, 59)

(− 34, − 30, 
52)/(34, − 14, 
64)

Middle Frontal 
Gyrus 10, 11, 47 2.3/1.9

6.3 (− 26, 56, 
− 10)/6.8 (34, 
52, − 9)

(− 26, 58, 
− 8)/(34, 54, 
− 8)

Sub-Gyral * 1.7/0.6
5.1 (− 10, − 34, 
61)/6.4 (14, 51, 
− 19)

(− 10, − 38, 
64)/(14, 54, 
− 20)

Table 4 (continued )

GM

Middle 
Temporal 
Gyrus

20, 21 1.2/0.1
6.0 (− 46, 5, 
− 24)/3.7 (57, 
− 41, − 11)

(− 46, 6, 
− 28)/(58, 
− 42, − 16)

Rectal Gyrus 11 0.0/0.2
− 999.0 (0, 0, 
0)/5.7 (10, 51, 
− 23)

(0, 0, 0)/(10, 
54, − 24)

Superior 
Temporal 
Gyrus

38 1.1/0.1
5.7 (− 42, 9, 
− 24)/3.6 (42, 
12, − 28)

(− 42, 10, 
− 28)/(42, 14, 
− 32)

Postcentral 
Gyrus

2, 3, 4, 40, 
43

2.3/0.8
5.2 (− 38, − 30, 
53)/4.2 (42, 
− 23, 49)

(− 38, − 34, 
56)/(42, − 26, 
52)

Precuneus * 0.3/0.0
5.0 (− 26, − 58, 
40)/− 999.0 (0, 
0, 0)

(− 26, − 62, 
40)/(0, 0, 0)

Paracentral 
Lobule

4 0.4/0.0
4.9 (− 14, − 34, 
57)/− 999.0 (0, 
0, 0)

(− 14, − 38, 
60)/(0, 0, 0)

Thalamus * 0.0/0.2
− 999.0 (0, 0, 
0)/4.4 (10, − 21, 
5)

(0, 0, 0)/(10, 
− 22, 4)

Extra-Nuclear * 0.2/0.1
4.2 (− 2, 18, 
14)/3.7 
(2,22,10)

(− 2, 18, 16)/ 
(2,22,12)

* * 0.1/0.2
3.7 (− 42, 36, 
− 15)/4.2 (2, 18, 
14)

(− 42, 38, 
− 16)/(2, 18, 
16)
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processing and dynamic functional coupling. This, in turn, might make 
individuals more vulnerable to the types of functional dysconnectivity 
within sensorimotor and modulatory circuits observed during specific 
psychomotor states. Conversely, it is also conceivable that chronic 
functional dysregulation contributes to the observed structural co- 
variance patterns. In either case, both our structural perspective and 
their functional investigations converge to support a dimensional model 
where underlying structural predispositions and more dynamic, 

symptom-related functional alterations interact, contributing to the 
varied clinical presentations along the SZ-BD spectrum. Together, such 
studies underscore the utility of an RDoC-like approach, moving beyond 
categorical classifications to explore underlying dimensional patho
physiological processes.

Our approach, focusing on identifying covarying gray and white 
matter networks, aligns with a growing body of research demonstrating 
that mapping intrinsic brain connectivity networks offers a robust and 
potentially mechanistic framework for understanding complex aspects 
of human behavior and mental disorders. Rather than viewing pathol
ogies as isolated to specific brain regions, network-based approaches can 
unify heterogeneous neuroimaging findings and reveal how distributed 
alterations contribute to symptomatology. For instance, recent studies 
leveraging network localization have provided significant insights into 
the neural mechanisms underlying specific symptoms like auditory 
verbal hallucinations (Mo et al., 2024), broader psychiatric phenomena 
such as suicide risk (Zhang et al., 2024), and the interplay between 
structural atrophy and cognitive dysfunctions in schizophrenia (Cheng 
et al., 2025). Furthermore, such network perspectives can elucidate how 
brain abnormalities evolve across different stages of a disorder, as 
shown in schizophrenia (Xu et al., 2024), thereby offering refined 
neuropathological models and potential targets for intervention. The 
tIVA networks identified in our study can be interpreted within this 
context, representing interconnected systems whose disruptions 
contribute to the shared and distinct features of SZ and BD along a 
continuum.

It is important to consider how the structural covarying gray and 
white matter networks identified in our study relate to the vast body of 

Table 5 
table detailing important information of tIV4 network.

GM

Area Brodmann 
Area

volume 
(cc)

random effects: 
Max Value (x, y, z)

MNI (x, y, 
z)

Middle Frontal 
Gyrus

6, 8, 9, 10, 
46

19.7/3.1 10.2 (− 42, 20, 43)/ 
6.4 (50, 34, 20)

(− 42, 18, 
48)/(50, 
34, 24)

Precentral Gyrus 4, 6, 9 3.9/0.1
9.1 (− 46, 19, 36)/ 
3.5 (46, 23, 36)

(− 46, 18, 
40)/(46, 
22, 40)

Superior Frontal 
Gyrus 6, 8, 9, 10 12.1/0.0

9.0 (− 34, 20, 51)/ 
− 999.0 (0, 0, 0)

(− 34, 18, 
56)/(0, 0, 
0)

Inferior Frontal 
Gyrus

9, 45, 46 2.9/0.7 7.9 (− 50, 11, 33)/ 
4.7 (53, 26, 21)

(− 50, 10, 
36)/(54, 
26, 24)

Medial Frontal 
Gyrus 6 0.1/0.0

5.2 (− 14, 5, 62)/ 
− 999.0 (0, 0, 0)

(− 14, 2, 
68)/(0, 0, 
0)

Sub-Gyral 6 0.3/0.0 5.0 (− 26, − 3, 55)/ 
− 999.0 (0, 0, 0)

(− 26, − 6, 
60)/(0, 0, 
0)

Postcentral 
Gyrus

3 0.3/0.0
4.7 (− 50, − 11, 
48)/− 999.0 (0, 0, 
0)

(− 50, − 14, 
52)/(0, 0, 
0)

WM

Area Brodmann 
Area

volume 
(cc)

random effects: 
Max Value (x, y, z)

MNI (x, y, 
z)

Middle Frontal 
Gyrus

6, 8, 9, 10, 
46

11.5/1.6 11.3 (− 34, 19, 40)/ 
6.5 (38, 38, 20)

(− 34, 18, 
44)/(38, 
38, 24)

Precentral Gyrus 4, 6, 9 6.3/0.0
9.7 (− 38, 19, 36)/ 
− 999.0 (0, 0, 0)

(− 38, 18, 
40)/(0, 0, 
0)

Sub-Gyral 6 2.2/0.2
8.6 (− 34, 34, 20)/ 
3.9 (34, 38, 17)

(− 34, 34, 
24)/(34, 
38, 20)

Superior Frontal 
Gyrus

6, 8, 9 5.1/0.0
7.6 (− 18, − 10, 
63)/− 999.0 (0, 0, 
0)

(− 18, − 14, 
68)/(0, 0, 
0)

Medial Frontal 
Gyrus 6, 8 1.8/0.0

6.5 (− 10, 5, 59)/ 
− 999.0 (0, 0, 0)

(− 10, 2, 
64)/(0, 0, 
0)

Thalamus * 1.4/1.0 5.6 (− 10,− 13,12)/ 
5.4 (10,− 13,12)

(− 10, − 14, 
12)/(10, 
− 14, 12)

Inferior Parietal 
Lobule 40 0.0/1.0

− 999.0 (0, 0, 0)/ 
4.9 (46, − 50, 39)

(0, 0, 0)/ 
(46, − 54, 
40)

Supramarginal 
Gyrus

40 0.0/0.8
− 999.0 (0, 0, 0)/ 
4.8 (46, − 51, 36)

(0, 0, 0)/ 
(46, − 54, 
36)

Middle Temporal 
Gyrus

39 0.0/0.3 − 999.0 (0, 0, 0)/ 
4.6 (42, − 63, 29)

(0, 0, 0)/ 
(42, − 66, 
28)

Inferior Frontal 
Gyrus 9 0.2/0.0

4.3 (− 53, 7, 29)/ 
− 999.0 (0, 0, 0)

(− 54, 6, 
32)/(0, 0, 
0)

Lingual Gyrus 17 0.3/0.0
4.1 (− 22, − 95, 
− 5)/− 999.0 (0, 0, 
0)

(− 22, − 98, 
− 12)/(0, 
0, 0)

Angular Gyrus * 0.0/0.2
− 999.0 (0, 0, 0)/ 
4.1 (42, − 66, 33)

(0, 0, 0)/ 
(42, − 70, 
32)

Table 6 
table detailing important information of tIV3 network.

GM

Area
Brodmann 
Area

volume 
(cc)

random effects: 
Max Value (x, y, 
z)

MNI (x, y, z)

Pyramis * 4.0/3.7
13.8 (− 18, − 73, 
− 30)/14.1 (22, 
− 73, − 30)

(− 18, − 74, 
− 40)/(22, 
− 74, − 40)

Uvula * 2.4/2.2
11.9 (− 18, − 74, 
− 33)/12.2 (14, 
− 77, − 26)

(− 18, − 74, 
− 44)/(14, 
− 78, − 36)

Cerebellar 
Tonsil

* 3.8/4.0
11.0 (− 30, − 66, 
− 34)/11.6 (30, 
− 66, − 34)

(− 30, − 66, 
− 44)/(30, 
− 66, − 44)

Tuber * 1.5/2.0
9.6 (− 30, − 66, 
− 30)/10.8 (30, 
− 69, − 30)

(− 30, − 66, 
− 40)/(30, 
− 70, − 40)

Inferior Semi- 
Lunar Lobule * 1.9/2.4

9.6 (− 30, − 66, 
− 37)/10.4 (34, 
− 66, − 37)

(− 30, − 66, 
− 48)/(34, 
− 66, − 48)

Declive * 0.4/0.6
4.4 (− 14, − 73, 
− 20)/4.9 (18, 
− 73, − 20)

(− 14, − 74, 
− 28)/(18, 
− 74, − 28)

* * 0.2/0.1
4.1 (− 18, − 65, 
− 24)/3.6 (18, 
− 65, − 24)

(− 18, − 66, 
− 32)/(18, 
− 66, − 32)

WM

Area Brodmann 
Area

volume 
(cc)

random effects: 
Max Value (x, y, 
z)

MNI (x, y, z)

Culmen * 0.4/0.6
4.7 (− 2, − 53, 
− 14)/4.8 (2, − 53, 
− 14)

(− 2, − 54, 
− 20)/(2, 
− 54, − 20)

Cerebellar 
Lingual * 0.1/0.1

4.1 (− 6, − 49, 
− 18)/4.5 (6, − 49, 
− 18)

(− 6, − 50, 
− 24)/(6, 
− 50, − 24)

Inferior 
Occipital 
Gyrus

* 0.0/0.3 − 999.0 (0, 0, 0)/ 
4.3 (34, − 72, − 3)

(0, 0, 0)/(34, 
− 74, − 8)

A. Grecucci et al.                                                                                                                                                                                                                               Journal of Aϱective Disorders 389 (2025) 119708 

12 



literature on functional connectivity abnormalities in schizophrenia (SZ) 
and bipolar disorder (BD). Structural connectivity, such as white matter 
pathways and the coordinated variation of gray matter regions, is 
generally considered to provide the anatomical backbone that shapes, 
constrains, and facilitates functional interactions between brain regions 
(Honey et al., 2009; van den Heuvel and Sporns, 2013). Therefore, the 
alterations we observed in specific tIVA networks, representing atypical 
patterns of gray and white matter co-variance, likely have significant 
implications for functional brain dynamics.

For example, the shared fronto-temporal network (tIV9) that showed 
reduced matter concentration in both SZ and BD patients compared to 
controls, and particularly in SZ, is composed of regions critical for 
emotional processing, reality testing, and higher-level cognitive inte
gration. Structural deficits in this network could plausibly lead to dys
regulated functional connectivity within fronto-temporal circuits. Such 
functional dysconnectivity has been frequently reported in both SZ and 
BD and is thought to underlie core psychotic symptoms and affective 
disturbances (Garrity et al., 2007; Meda et al., 2012; Dong et al., 2018). 
Similarly, the distinct networks that differentiated SZ from BD (e.g., 
tIV14, tIV15 involving posterior-temporal/occipital and medial frontal 
regions, respectively) may point to structural vulnerabilities that pre
dispose to specific patterns of functional dysconnectivity underlying the 
differential cognitive and affective symptom profiles of these disorders. 
For instance, alterations in medial frontal networks (tIV15) in SZ could 
underpin disruptions in functional networks crucial for executive func
tions and self-monitoring, often found to be compromised in this 

condition (Minzenberg et al., 2009).
While our current study did not directly assess functional connec

tivity, the identified structural networks provide a valuable map of po
tential sites of functional disruption. Future research integrating 
multimodal imaging by examining functional connectivity within and 
between these structurally defined tIVA networks would be crucial for a 
more comprehensive understanding of the complex interplay between 
brain structure and function in the pathophysiology of SZ and BD along 
the proposed continuum.

These combined neurobiological and conceptual insights provide a 
strong foundation for the detailed discussion of our specific network 
findings that follow. In the next sections, we discuss these results in 
detail.

4.1. A shared fronto-temporal networks in SZ and BD (tIV9)

Our analyses demonstrated a shared fronto-temporal network 
altered in SZ and BD patients compared to controls. The tIV9 network 
was our main shared network encompassing this fronto-temporal 
network; it primarily comprises frontal (inferior/superior frontal gyri) 
and temporal (superior, middle, inferior, and transverse temporal gyri) 
areas, along with the fusiform gyrus and adjacent white matter. As 
discussed by Sorella et al. (2019), neuropsychological research indicates 
that damage to regions, including posterior temporo-parietal areas and 
fronto-temporo-parietal regions, particularly within the right hemi
sphere can lead to psychotic symptoms, including multimodal 

Fig. 5. Plots showcasing the ROC curves for model classifications, the out-of-bag accuracy, the mean decrease in accuracy, the node purity, and the confusion matrix 
(in 5).
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hallucinations (Rabins et al., 1991; Kumral and Ozturk, 2004; Bielawski 
and Bondurant, 2015; Stangeland et al., 2018; Ffytche and Wible, 2014). 
More specifically, abnormalities in the ventro-temporo-occipital area 
observed in SZ and BD (Lochhead et al., 2004; McDonald et al., 2000) 
may contribute to the visual processing impairments that are charac
teristic of both disorders (Doniger et al., 2002; Butler et al., 2008; Fer
nandes et al., 2017), thereby disrupting the information necessary for 
accurate real-world perception (Ffytche and Wible, 2014; Logothetis 
et al., 1995). Thus, disruptions in ventrotemporal and medial parieto- 
occipital areas, as well as portions of the cerebellum and the middle 
frontal gyrus regions, could represent a common neural substrate in SZ 
and BD. Potentially reflecting an altered “psychotic core” that affects 
reality testing, emotion perception, and higher-level integrative pro
cesses in both schizophrenic (see also Kaspárek et al., 2010; Gupta et al., 
2015; Laidi et al., 2015) and bipolar patients (Lochhead et al., 2004; 
Rimol et al., 2010).

Abnormalities in the temporal cortex have long been associated with 
perceptual distortions and psychotic symptoms. As reviewed by Sorella 
et al. (2019), structural and functional disruptions in middle/inferior 
temporal and transverse temporal regions can interfere with one's ca
pacity to integrate and interpret sensory information (e.g., auditory or 
visual stimuli), thereby contributing to hallucinations or delusional 
thinking in both SZ and BD (Doniger et al., 2002; Butler et al., 2008; 
O'Bryan et al., 2014; Fernandes et al., 2017). Grecucci et al. (2023)
found that the temporal lobe, including the fusiform, the para
hippocampal gyrus, and the temporal gyrus, was hyperactivated in SZ 
subjects when compared to BD during negative visual stimulus pro
cessing, implying that shared dysfunctions here may amplify negative 
emotional reactivity. Beyond the significance of emotional processes of 
the left superior temporal gyrus and the left fusiform gyrus (Vytal and 

Hamann, 2010), the left superior temporal gyrus has been associated 
with severe auditory verbal hallucinations in SCZ (Modinos et al., 2013). 
In addition, some evidence indicates that the uncus may be implicated in 
hallucinations (Fortuna et al., 2001; Roberts et al., 2001). The left par
ahippocampal region also appears to play a role, as its deactivation has 
been linked to auditory verbal hallucinations in SCZ (Diederen et al., 
2010). The fusiform gyrus is traditionally implicated in face/object 
recognition but also in the nuanced evaluation of emotional stimuli 
(Rimol et al., 2010 for SZ). Its disruption can lead to misinterpretations 
of social and affective cues, which Doniger et al. (2002) and Fernandes 
et al. (2017) link to both disorders' propensity for perceptual anomalies 
and heightened emotional reactivity. The frontal gyrus plays vital roles 
in executive functions, emotion regulation, and top-down cognitive 
control. A meta-analysis focused on response inhibition revealed atyp
ical activation in the right inferior frontal gyrus (IFG) and right middle 
frontal gyrus (MFG) among BD patients (Hajek et al., 2013; see also 
Stefanopoulou et al., 2009). Notably, this impaired response inhibition 
has been proposed as the most prominent cognitive endophenotype of 
bipolar disorder (Bora et al., 2009; Lapomarda et al., 2021a, 2021b).

Included in tIV9 are white matter regions adjacent to fronto- 
temporal areas, consistent with the view that dysconnectivity in these 
pathways impedes seamless communication between emotional-limbic 
and executive regions. Other studies have already demonstrated that 
white matter tracts adjacent to these areas can be compromised in BD 
and SZ patients or both (Heng et al., 2010; McIntosh et al., 2008; Sus
smann et al., 2009; Samartzis et al., 2014). Overall, these tIV9 findings 
echo the expanded continuum hypothesis (Sorella et al., 2019), wherein 
SZ and BD share fronto-temporal circuit disruptions relevant to psy
chotic manifestations (altered perception, salience misattribution) yet 
differ in additional networks. By affecting the superior, middle, and 

Fig. 6. Network visualizations computed across different groups using Wolfram Mathematica, with the top figure illustrating the threshold T = 0.07 and the bottom 
figure showing the threshold T = 0.03. Links are included if at least one individual shows differences in activation levels. Most subjects exhibit a similar pattern at T 
= 0.07, particularly at nodes 6 and 9, which display activation levels markedly different from other brain regions. The visualizations are plotted using a radial layout 
to effectively illustrate these differences, with the lower threshold of T = 0.03 highlighting more nuanced contrasts.
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inferior temporal gyri, transverse temporal cortex, fusiform gyrus, 
inferior/superior frontal gyri, and their white matter connections, tIV9 
likely anchors crucial deficits in emotional perception and cognitive 
integration. In this way, it underscores a “common ground” in SZ and BD 
pathophysiology, lending neurobiological support to the notion that 
these disorders partially overlap in their psychotic or affective un
derpinnings (Sorella et al., 2019; Grecucci et al., 2023).

4.2. Distinct networks in SZ and BD (tIV14- tIV15)

In our analyses, tIV14 and tIV15 differentiated significantly between 
SZ and BD patients. tIV14 encompasses posterior temporal regions, oc
cipital areas (including the cuneus), the precuneus, and subgyral spaces. 
While Sorella et al. (2019) primarily highlighted a “psychotic core” 
shared by schizophrenia and bipolar disorder in more ventral and 
frontal-temporal circuits, they also reported partial evidence of specific 
gray matter alterations in certain regions for individuals with BD 
compared to individuals with SZ, suggesting that other cortical changes 
could differentiate these two disorders. Indeed, they note that at a more 
liberal threshold, SZ showed more pronounced reductions than BD in 
regions such as cerebellar, temporal, and occipital areas. The specific 
regions comprehended the lingual gyrus, the superior and the inferior 
parietal lobule, the precuneus and other parieto occipial areas. They also 
note that BD showed more pronounced reductions at a higher threshold 
than SZ in occipital and other areas such as occipital gyrus, cuneus, and 
precuneus. The emerging picture was that BD may involve additional or 
distinct abnormalities that link to affect-driven processes and mood 
dysregulation (Sorella et al., 2019). The dysfunction observed in the 
ventro-temporo-occipital region in individuals with SZ and BD 
(Lochhead et al., 2004; McDonald et al., 2000) may contribute to the 
visual processing deficits that are commonly associated with both con
ditions (Doniger et al., 2002; Butler et al., 2008; O'Bryan et al., 2014; 
Fernandes et al., 2017). The cuneus is implicated in visuospatial aspects 
of emotion and negative stimulus processing, while the precuneus and 
the posterior cingulate cortex play a significant role in self-reflection 
among individuals with SZ (Meer et al., 2012), as well as in internal 
cognition and cognitive insight (Leech and Sharp, 2013; Zhang et al., 
2015). A further distinction for tIV14 may concern subgyral involve
ment in the temporal and occipital lobes, which can reflect subtle white 
matter disruptions beneath cortical areas responsible for visual associ
ation and complex perceptual integration as discussed by Mahon et al., 
2010.

tIV14 network also comprehends white matter regions, such as the 
Lentiform nucleus and white matter adjacent to the basal ganglia. Gre
cucci et al., 2023 also found these areas to be altered in BD and SZ pa
tients. Other studies suggest the presence of structural anomalies in the 
basal ganglia during early-stage BD (Strakowski et al., 2005) and shape 
abnormalities in BD (Hwang et al., 2006). Likewise, SCZ patients exhibit 
altered basal ganglia volume and shape (Hirjak et al., 2015; Mamah 
et al., 2007; van Erp et al., 2016). Dysregulation of dopaminergic neu
rons in the basal ganglia (Haber, 2014) appears to induce an excessive 
attribution of salience to neutral stimuli (see the review by Howes and 
Kapur, 2009), which plays a pivotal role in the psychotic manifestations 
of both disorders (for reviews, see Kapur, 2003; Seeman and Kapur, 
2000; Strakowski, 2014; Toda and Abi-Dargham, 2007). Notably, Li 
et al., 2021, add to the growing body of evidence that the lentiform 
nucleus is integral not only to motor functions but also to higher-order 
cognitive processes in schizophrenia. The study showed an increase in 
LN activity (fALFF) for SZ; its positive correlation with working memory 
and processing speed tests suggests that LN dysfunction is part of the 
broader neural circuitry underlying cognitive deficits in schizophrenia. 
Taken together, these indications from Sorella et al., 2019, and Grecucci 
et al., 2023, suggest that tIV14 encompassing subgyral areas, posterior 
temporal regions, occipital cortex (cuneus), and the precuneus may 
underlie distinct alterations linked to the mood-driven and perceptual- 
affective disruptions seen in BD. Although SZ can show abnormalities 

in similar brain regions, the emphasis on posterior cortical deficits might 
be more pronounced or functionally relevant in BD, potentially aligning 
with a more affective-laden presentation in this disorder. Consequently, 
while SZ and BD share overarching psychotic vulnerabilities, tIV14 
highlights one way in which the disorders diverge, reinforcing the 
notion of an “expanded continuum” wherein BD's posterior tempora
l–occipital networks figure more prominently in its affective symptom
atology, and SZ exhibits more significant dysfunction elsewhere (Sorella 
et al., 2019; Grecucci et al., 2023).

In our analyses, tIV15 centers primarily on the medial frontal gyrus 
and the cingulate cortex, along with white matter adjacent to these re
gions. Sorella et al., 2019, also indicated abnormalities of the medial 
frontal gyrus when comparing patients with schizophrenia with patients 
with bipolar disorder. In their study, the medial frontal gyrus appears in 
a component that was more reduced in SZ subjects relative to BD. 
Extensive fronto-parietal gray matter loss in schizophrenic patients is 
frequently documented in the literature (Minzenberg et al., 2009; 
Repovš and Barch, 2012), potentially reflecting the heightened severity 
of cognitive impairment, encompassing executive function, verbal 
memory, fluency, and working memory observed in this population 
(Krabbendam et al., 2005; Selva et al., 2007; Bora and Pantelis, 2015; 
Bortolato et al., 2015). Notably, cognitive impairment has been put 
forward as a potential differentiating factor between SZ and BD in cat
egorical diagnoses, mainly due to the more pronounced memory deficits 
observed in the former (Rheenen et al., 2016). This aligns with the 
notion that schizophrenia often shows broader fronto-parietal or fronto- 
medial deficits affecting cognitive and executive functions, an area 
Sorella et al. (2019) termed the “cognitive core.” Additionally, 
comparative studies of SZ and BD have highlighted the cingulate gyrus, 
especially in the posterior cingulate. Sorella et al. (2019) found that the 
posterior cingulate was part of an independent component that showed 
volume reduction in both SZ and BD patients relative to healthy 
controls.

As discussed before, together with the precuneus, the posterior 
cingulate cortex plays a significant role in self-reflection among in
dividuals with SZ (Meer et al., 2012), as well as in internal cognition and 
cognitive insight (Leech and Sharp, 2013; Zhang et al., 2015). Notably, 
Grecucci et al. (2023) have provided further evidence of structural al
terations in these same regions (including cingulate and basal ganglia). 
Their findings support the role of fronto-limbic and basal ganglia 
dysfunction in both disorders, specifically concerning reward process
ing, affective regulation, and salience attribution, but suggest that 
unique patterns of structural and functional abnormalities can be used to 
differentiate the two diagnostic groups. In particular, the basal ganglia 
and thalamus, which are both key components of the reward circuit and 
crucial for emotional processing (Haber and Knutson, 2010; Lapomarda 
et al., 2021a, 2021b), are implicated in abnormal responses to nega
tively valenced stimuli in both SZ and BD.

White matter adjacent to the frontal gyrus and the cingulate is also 
present in our tIV15 network. Previous studies indicated abnormalities 
in white matter tracts of the cingulate in BD subjects (Benedetti et al., 
2011; Mahon et al., 2010), while Kanaan et al., 2009; did not find the 
Cingulate white matter traits to be affected in SZ subjects. This could 
also indicate a distinction between the two conditions based on this 
region or network including this region. These convergent lines of evi
dence thus point to shared but distinct neuroanatomical and neuro
functional alterations in SZ and BD, particularly within the cingulate 
cortex, medial frontal regions, and basal ganglia, that may underlie the 
greater severity of cognitive deficits in schizophrenia while also offering 
potential markers to differentiate it from bipolar disorder.

4.3. Specific networks for SZ (tIV3–4)

Two components, tIV3 and tIV4, emerged from our analyses as 
particularly relevant for distinguishing SZ from control subjects. tIV3 
involved the cerebellum in gray matter (GM) and white matter (WM). 
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Sorella et al. (2019) highlighted a common psychotic substrate shared 
by the two disorders while reporting evidence of more extensive or 
differentially localized abnormalities. In Sorella et al., 2019 analyses, 
the cerebellum emerges in both a shared network across SZ and BD and 
in two networks that differentiate them, where BD shows more pro
nounced gray matter reductions. One component encompassing portions 
of the cerebellum was reduced in both SZ and BD patients relative to 
controls, consistent with the idea of an overlapping or “psychotic” core. 
Two other components involving the cerebellum were reduced specif
ically in BD relative to SZ. Grecucci et al. (2023) likewise found distinct 
alterations in subcortical and cerebellar structures tied to affective and 
perceptual processes. In particular, they found a cluster located in the 
left Cerebrum and left cerebellum, including the limbic lobe, the tem
poral lobe, and the anterior lobe. As discussed before, brain damage in a 
variety of regions, including the cerebellum, could produce psychotic 
symptoms (Rabins et al., 1991; Kumral and Ozturk, 2004; Bielawski and 
Bondurant, 2015; Stangeland et al., 2018), and these areas have been 
found to exhibit structural abnormalities in both SZ (Kaspárek et al., 
2010; Gupta et al., 2015; Laidi et al., 2015) and BD (Lochhead et al., 
2004; Rimol et al., 2010) subjects. Sorella et al., 2019 suggested that the 
cerebellum is part of the shared psychotic core that is common in both 
SZ and BD. However, they also argue that the cerebellum could singu
larly differentiate the two conditions.

Regarding white matter alteration of the cerebellum, Koch et al., 
2010, investigated white matter (WM) integrity in subacute schizo
phrenia and identified widespread fractional anisotropy (FA) reductions 
in cortical and subcortical tracts, notably corticopontine-cerebellar 
projections. They proposed that disrupting this “cerebro-ponto-cere
bellar loop,” commonly essential for smooth-pursuit eye movements, 
motor coordination, and likely cognitive integration, could help explain 
motor deficits, “neurological soft signs,” and psychotic manifestations 
often observed in SZ. Kim et al., 2021, similarly reported decreased FA in 
the middle cerebellar peduncle (MCP) among SZ patients, correlating 
inversely with executive function tasks (e.g., TMT–B, WCST). They 
interpreted these data through “cognitive dysmetria,” suggesting that an 
impaired cerebellum struggles to provide corrective feedback to the 
cerebrum, thus impeding goal-directed cognition and intensifying the 
cognitive dysfunction characterizing SZ. Both studies underscore that 
white matter dysconnectivity in the cerebellum may not only disrupt 
motor coordination but also undermine higher-order cognitive processes 
central to schizophrenia's symptomatology.

Our tIV4 network comprises middle frontal, precentral, superior, and 
inferior frontal gyri in gray matter, as well as white matter adjacent to 
the middle, superior, and medial frontal gyri, precentral gyrus, sub-gyral 
regions, and the thalamus. Together, these areas form a fronto-temporal 
and fronto-thalamic circuit often implicated in the broader cognitive 
and executive dysfunctions characteristic of schizophrenia. While Sor
ella et al. (2019) outlined a shared “psychotic core” that can involve 
frontal and temporal pathways in both SZ and bipolar disorder (BD), 
they also emphasized that fronto-medial and fronto-parietal impair
ments are often more extensive in SZ, mirroring the more pronounced 
cognitive deficits and disorganized thinking observed in this condition.

Other work has detailed the white matter disruptions that may un
derlie these anatomical findings. For instance, Samartzis et al. (2014)
stress the consistent presence of subtle and widespread WM deficits 
early in schizophrenia, particularly in fronto-temporal and fronto-limbic 
tracts that govern higher-order integration. This aligns well with tIV4's 
inclusion of the frontal gyrus (inferior, middle, and superior segments) 
and thalamic regions, suggesting a link between impaired WM integrity 
here and SZ patients' cognitive fragmentation and psychotic 
manifestations.

Studies of ventricular enlargement and regional gray/white matter 
changes, such as Horga et al., 2011, reinforce the notion that thalamic 
volume reductions and adjacent WM disturbances often accompany 
schizophrenic pathology. Although they did not pinpoint a strict local 
“compression” effect, the data consistently revealed that thalamic and 

periventricular white matter abnormalities correlated with cortical loss 
and, in some cases, with symptom severity. These disruptions likely 
impact executive, affective, and perceptual domains central to SZ, 
aligning with the broader deficits captured by tIV4. Thus, while Sorella 
et al. (2019) and Grecucci et al. (2023) detail gray matter alterations in 
frontal-thalamic regions for SZ, the evidence from Samartzis et al., 2014
clarifies how white matter dysconnectivity in these same circuits can 
intensify cognitive disorganization and psychotic symptoms. In line with 
tIV4's structure, frontal WM pathways connecting to the thalamus, 
already implicated in attentional control and sensory gating, would be 
especially vulnerable, distinguishing SZ from controls by undermining 
the seamless communication essential for coherent information 
processing.

Beyond the specific cortico-centric patterns that emerged as most 
differentiating between groups in our tIVA networks, it is crucial to 
consider the broader pathophysiological role of subcortical structures in 
schizophrenia (SZ) and bipolar disorder (BD). While our study did not 
identify primarily subcortical gray matter networks that robustly sepa
rated all three groups based on volumetric analysis, subcortical systems, 
especially those involved in neurotransmission, are fundamental in 
modulating the large-scale cortical networks where we did observe al
terations. Conio et al. (2020) provide a comprehensive review of how 
dopaminergic and serotonergic systems, with key nuclei located sub
cortically (e.g., substantia nigra/ventral tegmental area and raphe 
nuclei, respectively), exert significant and often contrasting influences 
on resting-state networks implicated in these disorders. For example, 
dysregulation in the dopamine system, heavily involving basal ganglia 
circuits, is a cornerstone of psychosis theories relevant to both SZ and 
aspects of BD. Similarly, serotonergic pathways modulate mood and 
cognitive functions often disturbed in these conditions. It is, therefore, 
plausible that alterations in these subcortical modulatory systems 
contribute to the development or expression of the cortically-weighted 
structural covariance patterns captured by our tIVA networks, reflect
ing a complex interplay between subcortical neurochemistry and large- 
scale network organization along the SZ-BD continuum (See.

4.4. Network organization in SZ and BD

Our findings indicate that the network approach can find structural 
differences in the activation levels of different regions across groups of 
healthy individuals (CTRL), individuals with schizophrenia (SZ), and 
people with bipolar disorder (BD). Importantly, our analysis shows that 
these structural differences can depend in their directionality according 
to the threshold used for building the network structure. For instance, 
with one threshold, networks from the SZ group exhibited a higher 
median of clustering coefficient compared to the controls, whereas with 
another threshold, it was the controls' networks that were more clus
tered – in median – than networks from the SZ group. Because of these 
issues with the thresholding approach, one should: (i) focus on structural 
differences that persist across threshold and (ii) focus on statistical tests, 
possibly losing the directionality but better assessing differences in 
ranks across groups. We adopted these approaches and here refrain from 
interpreting whether a group has a lower/higher clustering or network 
density. Instead, we focus on the interesting finding that both mean 
clustering coefficient and network density – which capture how much a 
network tends to resemble a complete graph, cf. (Castro and Stella, 
2019) – can result in measures differing between individuals with 
schizophrenia and controls, consistently across thresholds. The same 
pattern did not hold when comparing individuals with the bipolar dis
order from controls. These differences might indicate alterations in the 
activation of regions of interest that we discussed in the sections above.

Our second key finding from the network analysis is that focusing on 
the local clustering coefficient of specific brain regions can highlight 
differences not only between individuals with schizophrenia and con
trols but also between the former and individuals with bipolar disorder. 
These regions have been investigated also in past studies (see specific 

A. Grecucci et al.                                                                                                                                                                                                                               Journal of Aϱective Disorders 389 (2025) 119708 

16 



brain regions discussion). The local clustering coefficient can be 
considered as a local measure because it involves only one node and its 
neighbors (Castro and Stella, 2019). However, in networks as small as 
the ones investigated here and given that the node tIV9 belongs to the 
centre of a star graph involving all other nodes as neighbors (see Fig. 6), 
the local clustering coefficient of iTV9 might be considered as the 
outcome of the activation of several other brain regions being altered in 
individuals with schizophrenia. Interestingly, our quantitative patterns 
indicate that the neural activity captured via local clustering for regions 
iTV9 and iTV14 might be important for detecting altered patterns in 
schizophrenic individuals, with relevant repercussions for therapeutic 
and biomarking interventions.

To sum up, our findings provide compelling quantitative evidence 
that: (i) independently on the considered pathology, there are network- 
level patterns, encoded from brain activation levels, that are common to 
all the three considered groups, both at group-level (see Fig. S2) and 
persist also within individual-level networks (see Table 2–3), these 
patterns might represent basic biological activation circuits uninflu
enced by pathologies; (ii) considering different thresholds corresponded 
to richer network structures, which highlighted differences in network- 
level features, like clustering or density, across pathologies; (iii) there 
are also node-level differences, where specific brain regions/nodes 
display considerable differences in their local clustering and degree of 
connectivity with other regions/nodes across the different groups. These 
findings underscore that: (i) complex networks might be capturing 
different circuits of brain activation signals as influenced by the pres
ence/absence of key neural patterns characterizing schizophrenia and 
bipolar disorder, (ii) it is important to tune and test multiple threshold 
selections when performing network analyses of neuroimaging data. 
While a higher threshold may overlook subtle differences, more sensi
tive thresholds can unveil critical distinctions and commonalities in 
brain network architecture. This nuanced understanding could be 
pivotal in illuminating the underlying neuropathology of psychiatric 
conditions and informing targeted therapeutic strategies.

5. Study limitations

The study acknowledges several limitations. There was only partial 
confirmation of the affective core at a brain level, particularly in BD. The 
study dataset lacked psychosis-related measures, necessitating further 
research to characterize the psychosis continuum from a normal to a 
pathological population. Additionally, the analyses did not reveal sig
nificant subcortical differences between groups, possibly due to gray 
matter alterations linked to pharmacological treatments. In terms of 
network structure, selecting one threshold is a limitation, partially 
addressed here by considering and comparing multiple thresholds at 
once. Future approaches might build networks from data with 
information-theoretic approaches (Marinazzo et al., 2024). Moreover, 
although patients with schizophrenia and bipolar disorder were taking 
psychotropic medications (see Salvador et al., 2017 for details), we were 
not able to control for the potential effects of these variables on the 
significant networks identified. While the influence of psychotropic 
drugs is generally considered more evident at the functional level 
(Zhong et al., 2024), it is still possible that such medications may also 
have impacted brain structure (Ho et al., 2011). Future studies are 
needed to better control for this aspect. Another limitation of the present 
work lies in the use of brain scans acquired with a 1.5 Tesla MRI scanner. 
Although available evidence indicates that 1.5 Tesla scanners are widely 
regarded as sufficient for high-quality structural brain imaging in both 
clinical and research settings—and offer comparable performance to 3.0 
Tesla scanners (Wood et al., 2012)—future research may wish to repli
cate and extend the present findings using higher-field scans. A further 
limitation pertains to the clinical heterogeneity within our patient 
groups, particularly the bipolar disorder (BD) cohort, which included 
individuals scanned during euthymic, manic, or depressive states. While 
our study focuses on structural MRI data (gray and white matter 

volumes), which are generally considered to reflect more stable, trait- 
like brain characteristics less susceptible to acute state fluctuations 
than functional measures, we cannot entirely rule out potential subtle 
influences of the current mood state on brain structure. Although we 
aimed to identify enduring neuroanatomical patterns, future longitudi
nal research would be beneficial to explicitly disentangle trait structural 
abnormalities from any state-dependent modulations within BD, and to 
assess how these relate to the continuum model with schizophrenia.

6. Conclusion

The present study aimed to elucidate the neural commonalities and 
differences between schizophrenia (SZ) and bipolar disorder (BD) to 
shed further light on the expanded continuum hypothesis proposed by 
Sorella et al. (2019). Using a data fusion unsupervised machine learning 
approach and network analyses to neuroimaging data, we identified a 
common neural substrate in a fronto-temporal network. These findings 
provide evidence of common neural alterations underlying SCZ and BD 
when compared to controls.

However, distinct structural abnormalities were also observed, with 
SCZ patients showing reduced GM-WM inside the cerebellum and 
medial frontal regions, absent in BD. These differences suggest divergent 
neural mechanisms across the two disorders. Network analysis 
confirmed a large deviation in SZ compared to CTRL but not in BD, 
further speaking for a large compromission of SZ compared to BD.

Future research should further explore these similarities and differ
ences, considering also affective, and cognitive dimensions and how 
they share or differ in SZ and BD. Such investigations could refine 
diagnostic criteria and pave the way for more personalized treatment 
approaches tailored to the unique features of SCZ and BD.
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