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ABSTRACT
Greater understanding of individual biological differences is essential for developing more targeted treatment approaches to com-
plex brain disorders. Traditional analysis methods in molecular imaging studies have primarily focused on quantifying tracer 
binding in specific brain regions, often neglecting inter-regional functional relationships. In this study, we propose a statistical 
framework that combines molecular imaging data with perturbation covariance analysis to construct single-subject networks 
and investigate individual patterns of molecular alterations. This framework was tested on [18F]-DOPA PET imaging as a marker 
of the brain dopamine system in patients with Parkinson's Disease (PD) and schizophrenia to evaluate its ability to classify pa-
tients and characterize their disease severity. Our results show that single-subject networks effectively capture molecular altera-
tions, differentiate individuals with heterogeneous conditions, and account for within-group variability. Moreover, the approach 
successfully distinguishes between preclinical and clinical stages of psychosis and identifies the corresponding molecular con-
nectivity changes in response to antipsychotic medications. Mapping molecular imaging networks presents a new and powerful 
method for characterizing individualized disease trajectories as well as for evaluating treatment effectiveness in future research.

1   |   Introduction

Positron emission tomography (PET) combined with the radio-
labelled tracer 6-[18F]fluoro-L-dopa (hereafter, FDOPA) has 
been extensively utilized to image the dopaminergic system 
in  vivo in the brain (Youdim et  al.  2006). The accumulation 
of FDOPA in the brain parenchyma reflects the tracer's trans-
port, decarboxylation into radiolabelled dopamine, and subse-
quent vesicular uptake in the nigrostriatal presynaptic nerve 

terminals. FDOPA was initially employed to quantify the integ-
rity of nigrostriatal dopamine in subclinical models of neuronal 
damage and Parkinson's Disease (PD) (Calne et al. 1985). In psy-
chiatry, FDOPA PET has been extensively applied to assess the 
role of the dopaminergic system in the pathophysiology of var-
ious psychiatric conditions, including schizophrenia (American 
Journal of Psychiatry 1991), bipolar disorder (Jauhar et al. 2017), 
22q11.2 deletion syndrome (Rogdaki et  al.  2023), attention-
deficit/hyperactivity disorder (ADHD) (Ernst et  al.  1998), and 
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substance dependence (Bloomfield et  al.  2014), providing in-
sights into the dopaminergic mechanisms underlying psychotic 
and other clinical symptoms. Previous studies have also shown 
that FDOPA is a promising biomarker for psychosis, with the po-
tential to be translated into clinical practice (Rogeau et al. 2025). 
Furthermore, studies have linked presynaptic dopaminergic ac-
tivity measured with FDOPA PET to treatment response (TR) 
in psychosis, indicating it can differentiate between patients 
likely and unlikely to respond to first-line antipsychotic drugs 
(Veronese et al. 2021).

Traditional statistical analysis methods in FDOPA PET research 
have primarily focused on quantifying absolute tracer uptake 
within specific brain regions (e.g., the striatum) or individual 
voxels (Gunn et  al.  2001). While this approach provides valu-
able insights into localized brain activity by identifying abnor-
mal molecular deposition, it has inherent limitations. One of 
these limitations is that univariate analysis of regions of interest 
relies on predefined anatomical or functional regions, poten-
tially overlooking distributed effects across the brain (Gentili 
et al. 2021). Similarly, voxel-wise analysis examines each voxel 
independently, often leading to issues with multiple compari-
sons and inflated Type I error rates, missing inter-relationships 
between regions (Scarpazza et al. 2015). These limitations, to-
gether with evidence that brain disorders show large-scale brain 
network dysfunctions rather than regional alterations (Seeley 
et al. 2009), suggest there is a need for complementary method-
ologies to capture molecular interactions among brain regions.

Network-based approaches, in particular molecular connec-
tivity, can address these limitations, as it allows simultaneous 
assessment of variations in the relationships between multiple 
brain regions to investigate brain connectivity (Fornito and 
Bullmore  2015). This umbrella term has been used in the lit-
erature to encompass the statistical interdependencies between 
regional measurements derived from molecular imaging tech-
niques (Sala et al. 2023). Moreover, a recent literature review has 
highlighted how connectivity-based methods are transforming 
the study of neurotransmission through molecular imaging, en-
hancing our understanding of neurotransmission processes and 
offering deeper insights into brain function and disease mecha-
nisms (Severino et al. 2025).

Molecular connectivity has already been investigated using 
the FDOPA radiotracer. A study has shown that it exhibits 
greater specificity in revealing the mesotelencephalic system 
compared to metabolic connectivity derived from [18F]-FDG 
(Verger et  al.  2020). Furthermore, FDOPA-based connectivity 
has demonstrated high test–retest reproducibility (Veronese 
et al. 2019). Traditional molecular connectivity analysis utiliz-
ing static PET data is limited to constructing a group-level co-
variance matrix (Yakushev et al. 2017). In contrast, we propose 
a statistical framework to construct single-subject networks for 
investigating FDOPA inter-relationships across the whole brain, 
while taking into consideration individual heterogeneity (Liu 
et al. 2016), thereby overcoming the need for dynamic PET ac-
quisitions to generate individualized network maps. To validate 
this method, we applied it to static FDOPA PET data across mul-
tiple subject groups with distinct brain disorders. The goal was 
to determine whether the framework can reveal FDOPA PET 
network patterns associated with established diagnoses and 

to assess its effectiveness in distinguishing patients diagnosed 
with different brain conditions.

The work is structured into three independent studies. Study 
1 investigated the differential FDOPA covariance patterns ob-
tained from patients with PD and chronic schizophrenia (SCZ). 
This analysis aimed to show distinct network deviations as-
sociated with these two disorders, which are known to affect 
the dopaminergic system in opposite directions (de Lau and 
Breteler 2006; Howes et al. 2024). Study 2 examined deviations 
from normality for individuals at clinical-high risk (CHR) for 
psychosis, experiencing first episode psychosis (FEP), and SCZ. 
This study sought to identify the differences in network devia-
tions across different stages of psychosis. Lastly, Study 3 eval-
uated the sensitivity of the proposed framework in detecting 
differences between individuals with FEP according to their TR 
to standard antipsychotics (i.e., TR vs. non-TR). Additionally, we 
assessed the impact of antipsychotic treatment on network devi-
ation patterns in TR.

2   |   Materials and Methods

2.1   |   FDOPA PET Acquisition and Participants

All the data used in this study consisted of FDOPA PET im-
ages in the PET-NODE data repository available at the Institute 
of Psychiatry Psychology and Neuroscience (IoPPN) at King's 
College London (KCL). All imaging sessions were acquired 
with a continuous dynamic acquisition without blood sampling. 
Following radiotracer administration, data were acquired for 
90–95 min using a Siemens Biograph True Point HI-REZ6 PET/
CT system, with the exception of a dataset that was acquired with 
a different tomograph, namely an ECAT/EXACT3D: Siemens/
CTI PET system. All participants received carbidopa (150 mg) 
and, except for the patients with PD, entacapone (400 mg) orally 
1 h before imaging. Both drugs enhance the signal-to-noise 
ratio (SNR) of the tracer uptake in brain tissue by reducing the 
peripheral formation of radiolabelled dopamine and its metab-
olites (Veronese et al. 2021). The FDOPA radiotracer (injected 
dose ranging from 113.97 to 184.2 MBq) was administered by 
intravenous bolus injection after acquiring a brain CT or MRI 
for attenuation correction, depending on the scanner availabil-
ity at each imaging site. PET data reconstruction varied across 
imaging sites, but consistently included correction for random 
noise, scatter and tissue attenuation. The parametric image for 
each scan was finally normalized into MNI standard coordi-
nates using the participant's PET summation image to calcu-
late the image transformation field (nonlinear transformation). 
More detailed information regarding PET acquisition and 
processing methods is available elsewhere (Nordio et al. 2023; 
Egerton et al. 2010). After processing and quality control, PET 
images were quantified as the standardized uptake value ratio 
(SUVr), calculated as the ratio of the tracer activity in 83 regions 
(as per the Hammersmith atlas (Hammers et al. 2003)) to that 
in the reference region (i.e., mean cerebellar FDOPA PET ac-
tivity). The interval from 60 to 75 min post-injection was used 
for the SUVr calculations as it has been demonstrated to be a 
valid proxy of dopamine synthesis capacity and tracer uptake 
(Veronese et  al.  2021; Kumakura and Cumming  2009). The 
FDOPA quantification was performed in original subject PET 
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space, as defined by the summed image after motion correction, 
to avoid any alteration that might have been introduced with the 
spatial normalization. All research protocols for data acquisi-
tion were approved by local ethics committees and institutional 
revision boards. Informed written consent was obtained from 
all the participants, and the studies were conducted following 
the Declaration of Helsinki and Good Clinical Practice. A total 
of 234 FDOPA PET scans from existing studies were used. The 
dataset included 33 PD patients, 105 participants at the different 
stages of psychosis (i.e., 31 with SCZ, 25 with FEP, 18 of whom 
were also assessed at follow-up and 49 at CHR for psychosis), 
71 healthy controls (HCs) and 7 further HCs acquired both at 
baseline and follow-up (test–retest). The PD dataset comprised 
patients with idiopathic PD, sourced from the FP7 EC Transeuro 
program cohort (http://​www.​trans​euro.​org.​uk/​). All patients 
satisfied Queen Square Brain Bank criteria for PD diagnosis 
(Hughes et al. 1992). Motor severity was assessed by 2 experi-
enced raters using the motor sub score of the Unified Parkinson's 
Disease Rating Scale (UPDRS-III) (Goetz et  al.  2008) and the 
Hoehn and Yahr scale (Hoehn and Yahr 1967) in the practically 
defined off-medicated state. Patients were excluded for dementia 
(Mini-Mental State Examination score < 26), atypical or second-
ary parkinsonism, and standard MRI exclusion criteria such as 
the presence of metallic implants and pregnancy. Further details 
regarding the research protocol and subject inclusion criteria 
are provided in the original reference (Li et al. 2018). The SCZ 
dataset included patients recruited from KCL. Inclusion crite-
ria mandated that participants be aged between 18 and 65 years, 
meet the Diagnostic and Statistical Manual of Mental Disorders 
(DSM-5) criteria for schizophrenia or schizophreniform dis-
order, and be capable of understanding and consenting to the 
study procedures. The Mini International Neuropsychiatric 
Interview (MINI) (Sheehan  1998) was used to aid clinical di-
agnosis. Medication history and antipsychotic response were 
recorded through a structured interview and review of medical 
records. Additional details on clinical assessments and diag-
nostic criteria are described in (Egerton et al. 2021). The CHR 
dataset included participants recruited from two early detection 
services: OASIS (Outreach and Support in South London), part 
of the South London and Maudsley NHS Trust, and CAMEO 
(Cambridge Early Onset Service), affiliated with the Cambridge 
and Peterborough NHS Trust. Participants were included if 
they met operationalized criteria for CHR for psychosis, as de-
termined with the comprehensive assessment of at-risk mental 
states (CAARMS (Yung et al. 2005)). Additional inclusion crite-
ria required no current/past diagnosis of psychotic/neurological 
disorder assessed with the structured clinical interview for di-
agnosis (SCID (Glasofer et al. 2015)); no current substance mis-
use or dependence meeting Diagnostic and Statistical Manual 
of Mental Disorders (Fourth Edition) criteria; and no contrain-
dication to MRI or PET scanning. Further details are reported 
in the original reference (Egerton et  al.  2013). The FEP data-
set consisted of patients recruited from clinical services cater-
ing to individuals presenting with a first episode of psychosis 
in South and West London. Inclusion criteria were a diagnosis 
of a psychotic disorder according to International Statistical 
Classification of Diseases and related health problems version 
10 (ICD 10) criteria (The ICD-10 Classification of Mental and 
Behavioural Disorders  1993) and requiring treatment with an-
tipsychotic medication as determined by the treating clinician. 
Comprehensive details about the research protocol are provided 

in the original reference (Jauhar et al. 2019). A subset of these 
subjects (n = 18) was also assessed after a follow-up period. These 
subjects had undergone antipsychotic treatment at a therapeutic 
dose, following the Maudsley Prescribing Guidelines (Taylor 
et al. 2012) for a minimum of 4 weeks before determining treat-
ment response (Agid et al. 2003). Follow-up continued for a min-
imum of 6 months to identify any delayed TR in patients who 
were initially classified as non-responders at 4 weeks. Thus, this 
dataset included both subjects who responded to pharmacologi-
cal treatment (TR) and who did not (non-TR). Detailed informa-
tion regarding the research protocol, subject inclusion criteria, 
and specifications of the medication treatment and response can 
be found in the original reference (Jauhar et al. 2019). Finally, 
the HCs comprised test–retest imaging data that was the only 
dataset acquired with a different tomograph as explained before. 
There were no missing data in our dataset, and no data imputa-
tion was performed during the analysis.

Demographic and clinical characteristics of all participants 
from both datasets are summarized in Table 1.

2.2   |   Network Perturbation Approach (Theory)

To construct individual connectivity networks using static 
PET data, we adapted a recently developed framework orig-
inally designed for single-sample gene expression networks 
(Liu et al. 2016) and previously applied to brain structural co-
variance data (Liu et al. 2021). This approach models individual 
differences based on normative modeling at the group level. We 
translated this concept to FDOPA PET imaging, as illustrated 
in Figure 1.

First, a reference covariance network is constructed using the 
data from the control group by performing partial Pearson 
correlation analysis between the data of each region pair, con-
sidering possible effects of covariates. In this network, nodes 
represent the regions, and edges represent the strength of the 
connections between the nodes, essentially quantified by the 
Pearson Correlation Coefficient (PCC). Thus, the reference 
network captures the common characteristics of all subjects in-
cluded in the reference group. Next, a single subject from the 
patient group is added to the reference control group, and an-
other network is constructed using partial Pearson correlation. 
This new network is termed as the perturbed network. The 
difference between the perturbed network and the reference 
network, denoted as �PCCn = PCCn+1 − PCCn, is calculated to 
obtain a differential network, which characterizes the specific 
features of the additional subject against the reference group. 
If the single subject is similar to the reference cohort, then the 
perturbation of the PCC on any edge, after adding the subject to 
the reference cohort, will be insignificant. Conversely, if there 
are notable differences between the single subject and the ref-
erence cohort, adding the subject to the reference cohort will be 
associated with significant changes in the PCC on edges in the 
perturbed network. The �PCC values of the differential network 
follow a symmetrical distribution, termed the “volcano distri-
bution”, statistical Z- or U-tests can be used to evaluate the sig-
nificance level of each �PCC, due to the central limit theorem 
(Rice 2007). The null hypothesis is that �PCCn is equal to the 
population mean of �PCCn and thus we have:

http://www.transeuro.org.uk/
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where n denotes the total number of subjects in the reference 
group, while �ΔPCC and �ΔPCC are the mean and standard de-
viation of the differential network �PCC. For a large n, the 
mean and the standard deviation of �PCCn for the population 
are �ΔPCC = 0 and �ΔPCC =

1−PCC2n
n− 1

 (Liu et  al.  2016). Thus, the 
Z matrix essentially represents the level of abnormality in the 

connectivity, where each edge exhibits a level of variation in 
molecular activity, leading to deviations from the normal values 
observed in the control group. The p-value for each edge can be 
derived directly from the z-scores (Liu et al. 2016).

2.3   |   Networks' Metrics

From the single-subject matrices, network metrics are extracted 
to characterize deviation patterns at both the subject and region 

Z =
ΔPCCn − �ΔPCC

�ΔPCC

=
ΔPCCn
1−PCC2n
n− 1

TABLE 1    |    Demographic and clinical characteristics of the participants from all datasets.

Group HC HC test retest PD SCZ CHR FEP baseline FEP follow-up

Study Reference 
cohort 

(used in all 
studies)

Test retest 1 1 and 2 2 2 and 3 3

N. subjects 71 7 33 31 49 25 18

Age mean (SD) 27.0 (4.75) n.a. 55.1 (7.0) 30.8 (10.93) 22.2 
(4.26)

26.0 (4.5) 24.7 (3.29)

Sex (male: female) 38:33 7:0 27:6 25:6 27:22 23:2 14:4

N. TR: non-TR / / / / / 13:12 12:6

Scanner Hi-Rez 
Biograph 6 
(PET/CT)

ECAT/
EXACT3D PET

Hi-Rez 
Biograph 
6 (PET/

CT)

Hi-Rez 
Biograph 6 
(PET/CT)

Hi-Rez 
Biograph 
6 (PET/

CT)

Hi-Rez 
Biograph 6 
(PET/CT)

Hi-Rez 
Biograph 6 
(PET/CT)

Abbreviations: CHR, clinical high risk; FEP, first episode psychosis; HC, healthy controls; PD, Parkinson's disease; SCZ, chronic schizophrenia; TR, treatment 
response.

FIGURE 1    |    The workflow for constructing individual molecular networks. A reference molecular covariance matrix is first constructed using n 
healthy controls, with nodes representing brain regions and edges representing the partial correlation coefficients (PCCn) of the data for each pair of 
brain regions. A patient subject is then added, and a new covariance network, called the perturbed network (PCCn+1), is constructed. The individual 
z-scores matrix of each patient is defined as the z-score of the difference between the perturbed network and the reference network.
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levels. The individual deviation matrices are thresholded at 
|z| > 4.13, identifying z-scores (edges of the matrix) that are 
deemed “extreme” relative to the reference control group. The z-
score threshold was set to correspond to a Bonferroni-corrected 
significance level of 0.05. Subsequently, the following metrics 
are computed:

•	 Subject extreme deviations (SED): Let Aj denote a symmet-
ric m ×m matrix representing deviations for a given subject 
j, where m are the number of regions. The proportion of ex-
treme deviations for each subject is quantified as SED =

T

C
 

where T is the sum of the absolute value of the thresholded 
z-scores in the lower triangular portion of the matrix and 
C =

m(m− 1)

2
 represents the number of elements in the lower 

triangular portion. This metric quantifies the number of al-
tered connections of each subject.

•	 Regional extreme deviations (RED): Let Aj again repre-
sent a symmetric m ×m matrix of deviations for a given 
subject j. For each subject j, we want to compute the mean 
of the z-scores in each row of matrix Aj. The mean of the 
elements in the i-th row of matrix Aj for subject j is given 
by:

where �ij is the mean of the z-scores in the ith row of matrix Aj 
for subject j, aik denotes the z-score in the ith row and kth col-
umn of matrix Aj, and m represents the number of regions. After 
calculating the mean for each row, we construct a mean vector �j 
for each subject j, where each element of the vector corresponds 
to the mean of a row in matrix Aj.

Ultimately, we obtain a matrix RED of dimension s ×m, where 
each row s corresponds to a subject, and each column m corre-
sponds to a region.

The element at position (j, i) represents the mean deviation for 
region i in subject j. This metric assigns a deviation value for 
each region for each subject.

Both the SED and RED are then used to perform statistical com-
parisons of deviation patterns between groups.

2.4   |   Network Perturbation Approach 
(Application)

The dataset of 71 HCs was used as a reference cohort to construct 
a group-level molecular network using the perturbation network 
approach. In this network, nodes corresponded to brain regions 
as defined by the Hammersmith atlas (Hammers et  al.  2003), 

and the edges between nodes represented partial correlation 
coefficients of SUVr between brain regions, with age and sex 
included as covariates, since the FDOPA signal has been shown 
to be influenced by these factors (Kumakura et al. 2010; Laakso 
et al. 2002). Patients were then used to perturb the network and 
generate individual-level deviation matrices. Additionally, for 
each patient group, subject-level (SED) and regional level (RED) 
network metrics were extracted. Furthermore, the stability of 
the group-level molecular network for the HCs was assessed 
through a resampling procedure (Lu et al. 2024). Groups of 8 to 
64 subjects, incremented by 4, were randomly selected from the 
71 available HCs. For each new group, a corresponding group-
level molecular network was constructed, and stability was eval-
uated by performing a correlation analysis between the newly 
constructed network and the original group-level network. This 
resampling procedure was repeated 20 times for each group size.

2.5   |   Study 1: Parkinson's Disease 
and Schizophrenia

The objective of this study was to evaluate the efficacy of single-
subject networks in differentiating and characterizing PD and 
SCZ based on deviations in molecular covariance from norma-
tive patterns. Given the distinct pathophysiological mechanisms 
underlying these conditions—nigrostriatal dysfunction in PD 
(de Lau and Breteler 2006) and elevated presynaptic dopamine 
levels in SCZ (Howes et al. 2024)—we hypothesized that each 
condition would exhibit unique patterns of molecular connectiv-
ity alterations. Specifically, we anticipated that PD would display 
pronounced, localized deviations reflecting specific nigrostria-
tal pathology, whereas SCZ would present a more heterogeneous 
pattern, involving a broader range of regions associated with al-
tered dopamine activity.

To test these hypotheses, single-subject networks for PD and 
SCZ subjects were constructed using the HC group as the ref-
erence cohort. Extreme deviations at both the subject level 
(SED) and regional level (RED) were extracted following previ-
ously outlined methodologies.

Statistical comparisons of SED between the two groups were 
conducted using the Wilcoxon rank-sum test, with the magni-
tude of group differences quantified by Cohen's d effect size. 
Subsequently, RED distributions across brain regions were ana-
lyzed using the same statistical framework, comparing PD and 
SCZ groups via the Wilcoxon rank-sum test and Cohen's d. To 
assess regional significance, each brain region's RED was tested 
with a Wilcoxon rank-sum test corrected for multiple compari-
sons using the false discovery rate (FDR, p < 0.05). The top 10% 
of regions with the highest mean RED were identified separately 
for the PD and SCZ groups.

In the final analysis, both vectorized lower triangular deviation 
matrices and RED values were used as features to classify SCZ 
versus PD. Classification was performed using a linear Support 
Vector Machine (SVM) with 5-fold cross-validation (CV) and 
an 80/20 training/test split. Model performance was evaluated 
using balanced accuracy (ACC), sensitivity, specificity, and the 
area under the receiver operating characteristic curve (AUC-
ROC) as performance metrics. For additional robustness, we 

�ij =
1

m

m∑
k= 1

aik

�j =

[
�j1 �j2 … �jm−1 �jm

]

RED =

⎡
⎢⎢⎢⎣

�11 ⋯ �1m

⋮ ⋱ ⋮

�s1 ⋯ �sm

⎤⎥⎥⎥⎦
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performed 1000 permutations by randomly reshuffling the la-
bels between the two groups to generate a null distribution. We 
then statistically compared the original balanced accuracy to 
the null distribution, obtaining an empirical p-value.

2.6   |   Study 2: Psychosis Spectrum Disorders

In this second study, the primary objective was to determine 
whether a discernible gradient of molecular covariance devia-
tions exists across the psychosis continuum, progressing from 
CHR to FEP and SCZ, and to assess whether this gradient could 
be effectively captured using single-subject networks.

Statistical analyses were conducted using the Kruskal-Wallis 
test to compare SED and RED across the three groups. Post 
hoc comparisons were performed using Dunn's test, corrected 
for multiple comparisons using the false discovery rate (FDR, 
p < 0.05), to identify significant differences between specific 
groups. To further evaluate RED, each brain region was assessed 
with a Wilcoxon rank-sum test (FDR-corrected, p < 0.05) to de-
termine which regions exhibited statistically significant differ-
ences among the groups. As in the previous analysis, the top 10% 
of regions with the largest mean RED extreme deviations were 
identified separately for each group.

For classification, we employed the same machine learning ap-
proach as in the previous study, using a linear SVM with 5-fold 
CV and an 80/20 training/test split. However, in this case, the 
model was adapted for multiclass classification using a one-
vs-one strategy, and the Synthetic Minority Over-sampling 
Technique (SMOTE) algorithm was used for class imbalance.

2.7   |   Study 3: FEP Responders 
and Non-Responders

This study included the FEP subjects of study 2, for whom both 
baseline and follow-up acquisitions were available (n = 18). The 
objective of this study was to evaluate whether single-subject 
networks could detect differences in molecular deviation pat-
terns between TR and non-TR FEP subjects to antipsychotic 
medication at baseline. Additionally, we aimed to assess the im-
pact of medication on the deviation pattern on TR between base-
line and follow-up acquisition. Based on prior literature (Jauhar 
et al. 2019), we hypothesized that baseline dopamine alterations 
would differ between TR and non-TR groups, and that at fol-
low-up, antipsychotic medication would induce a significant de-
crease in molecular covariance alterations in TR subjects.

To test these hypotheses, a one-tailed Wilcoxon signed-rank test 
was used to compare SED between TR subjects at baseline and 
follow-up. Additionally, a Wilcoxon rank-sum test was employed 
to compare SED between TR and non-TR subjects at baseline. 
Subsequently, the top 10% of regions with the largest mean RED 
at baseline in the TR group were identified. These regions were 
compared with the same regions at follow-up in the TR group 
using a one-tailed Wilcoxon signed-rank test and with non-TR 
subjects at baseline using a Wilcoxon rank-sum test. These 
analyses aimed to provide insights into the potential effects of 
antipsychotic treatment on molecular covariance patterns and 

to explore differences in alteration patterns between TR and 
non-TR groups.

Finally, we evaluated whether single-subject matrices could 
serve as fingerprints to uniquely match baseline and follow-up 
data for individual subjects. For each subject at baseline, the 
best match among n subjects at follow-up was identified by cal-
culating the Pearson correlation coefficient between the lower 
triangles of their individual molecular connectome matrices. 
Successful identification occurred when the best-matched sub-
ject at follow-up had the same identity as the baseline subject. 
The identification accuracy rate was calculated as the propor-
tion of successful identifications out of the total number of 
identifications.

As a supplementary analysis, we tested the performance of this 
approach when applied to HC data acquired at both baseline 
and follow-up. SED and RED were statistically compared using a 
Wilcoxon signed-rank test to evaluate whether the method could 
accurately return no statistical difference between data from the 
same subject acquired at different time points.

3   |   Results

The preliminary stability analysis of the reference group size in-
dicated that when the number of HCs was equal to or exceeded 
36, stability—measured by the correlation coefficient—consis-
tently remained above 0.9 with minimal variance. These find-
ings suggest that the reference matrix is robust even when using 
a relatively smaller reference group of HCs.

3.1   |   Study 1: PD Vs SCZ

In Figure 2 are reported the average of the individual deviations' 
matrices for SCZ and PD respectively. To test the hypothesis that 
PD and SCZ subjects exhibit distinct network deviations relative 
to HCs—both at the whole-subject level and across regions—
we conducted statistical analyses of SED and RED. The analy-
ses revealed significant differences between the two conditions 
for both SED (p < 0.001, Cohen'd = 0.45) (Figure  3A) and RED 
(p < 0.0001, Cohen'd = 0.54) (Figure  3B), confirming that the 
overall magnitude and spatial distribution of deviations vary be-
tween PD and SCZ.

Further analysis of the top 10% of regions with the highest 
mean RED revealed distinct condition-specific patterns. In PD, 
the largest deviations were localized to regions associated with 
neurodegeneration, including the insula, basal ganglia, and sub-
stantia nigra (Figure 4A). In contrast, SCZ exhibited subtler de-
viations, predominantly involving the prefrontal cortex, limbic 
system and ventral striatum (Figure 4A). These findings provide 
strong evidence that PD and SCZ are characterized by unique 
spatial patterns of network alterations, consistent with the diver-
gent pathophysiology underlying these disorders.

To pinpoint specific regions with significantly different devia-
tions between PD and SCZ, we performed region-wise statistical 
tests. Following FDR correction (p < 0.05) significant differ-
ences were identified in the basal ganglia, substantia nigra, and 
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posterior cingulate cortex (Figure 4B). These regions emerged as 
key contributors to the divergence in network patterns between 
PD and SCZ, emphasizing their relevance in disease-specific 
pathophysiological processes.

Finally, to evaluate the potential of RED and individual deviation 
matrices as features for distinguishing PD and SCZ, we trained 
a machine learning classifier using a linear SVM. The classifier 
demonstrated excellent performance, both when using vector-
ized lower triangular matrices (ACC = 94%, AUC = 0.99, sensi-
tivity = 0.96, specificity = 0.91) (Figure 5A) and RED as features 
(ACC = 94%, AUC = 0.98, sensitivity = 0.9, specificity = 0.97) 
(Figure 5B). These results further highlight how single subject 
level matrices could perfectly characterize the divergent nature 
of these two brain disorders taking into consideration individ-
ual heterogeneity. Furthermore, the comparison with the null 

distribution of randomly permuted labels revealed a statistically 
significant difference (p < 0.001).

3.2   |   Study 2: Psychosis Continuum

In Figure 6 are reported the average of the individual deviations' 
matrices for CHR and FEP respectively. To investigate whether 
a gradient in network deviations could be discerned across the 
psychosis spectrum, we statistically compared groups of individ-
uals at CHR, those with FEP, and SCZ using both SED and RED.

The Kruskal-Wallis test applied to SED revealed significant 
differences among the three groups (χ2 = 20.6, p < 0.0001). 
Post hoc Dunn's tests with FDR correction confirmed signifi-
cant deviations between the CHR and SCZ groups (p < 0.0001, 

FIGURE 2    |    Average of individual deviation matrices across subjects for SCZ group (left) and for PD group (right).

FIGURE 3    |    Statistical comparison of extreme deviations between PD and SCZ. (A) Results of the Wilcoxon rank-sum test for subject-level ex-
treme deviations (SED). (B) Results of the Wilcoxon rank-sum test of regional-level extreme deviations (RED). Asterisks denote significance levels: 
****p < 0.0001, ***p < 0.001, **p < 0.01, *p < 0.05.
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Cohen'd = 0.85) and between the CHR and FEP groups 
(p < 0.01, Cohen'd = 0.75). However, no significant differences 
were observed between the FEP and SCZ groups (p = 0.85, 
Cohen'd = 0.12), suggesting that these two diagnostic cate-
gories exhibit comparable distributions of overall deviations 
(Figure 7A).

Similarly, the analysis of RED revealed significant group differ-
ences (χ2 = 143.4, p < 0.0001) in the Kruskal-Wallis test. Pairwise 
comparisons demonstrated significant deviations between 

all groups, CHR and FEP (p < 0.0001, Cohen'd = 1.4), CHR 
and SCZ (p < 0.0001, Cohen'd = 2) and FEP and SCZ (p = 0.04, 
Cohen'd = 0.35) (Figure 7B). Subtle differences were observed in 
the top 10% of regions with the highest mean RED, where FEP 
exhibited slightly distinct regions compared to SCZ. However, 
these regions were similarly concentrated in the frontal lobe, 
particularly in the orbital gyri (Figure 7C).

When testing for specific regions that differed significantly 
among the three diagnostic groups, no regions survived multiple 

FIGURE 4    |    (A) Top 10% of regions with the highest RED for both PD (top) and SCZ (bottom). (B) Regions with statistically significant differences 
between PD and SCZ (Wilcoxon rank-sum test, FDR-corrected, p < 0.05). Asterisks denote significance levels: ****p < 0.0001, ***p < 0.001, **p < 0.01, 
*p < 0.05. [left hemisphere (l), right hemisphere (r), frontal lobe (FL), occipital lobe (OL), straight gyrus (strai_G), medial orbital gyrus (MOG), lingual 
gyrus (ling_G), cingulate gyrus posterior part (cing_G_post), pre-subgenual (Presubgen)].

FIGURE 5    |    ROC and AUC for the classification of PD and SCZ groups. (A) ROC curve and AUC for the classification of PD and SCZ groups using 
vectorized lower triangular single-subject matrices. (B) ROC curve and AUC for the classification of PD and SCZ groups using RED.
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FIGURE 6    |    Average of individual deviation matrices across subjects for CHR group (left) and for FEP group (right).

FIGURE 7    |    Statistical comparison of extreme deviations between CHR, FEP and SCZ. (A) Results of SED comparison between CHR, FEP, and 
SCZ using the Dunn post hoc test (FDR-corrected, p < 0.05). (B) Results of RED comparison between CHR, FEP, and SCZ using the Dunn post hoc 
test (FDR-corrected, p < 0.05) (RED). (C) Top 10% of regions with highest RED for SCZ (top), FEP (middle) and CHR (bottom). Asterisks denote sig-
nificance levels: ****p < 0.0001, ***p < 0.001, **p < 0.01, *p < 0.05. [left hemisphere (l), right hemisphere (r), frontal lobe (FL), temporal lobe (TL), 
straight gyrus (strai_G), medial orbital gyrus (MOG), anterior orbital gyrus (AOG), lateral orbital gyrus (LOG), anterior temporal lobe lateral part 
(Ant_TL_lat)].
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comparison correction in the FEP versus SCZ comparisons. In 
contrast, nearly all regions exhibited significant differences 
when comparing CHR to SCZ. Additionally, significant differ-
ences were observed across all regions of the frontal lobe, tem-
poral lobe, occipital lobe, and cingulate cortex when comparing 
CHR to FEP. These findings highlight pronounced differences 
across all regions between preclinical and clinical conditions.

A machine learning model was trained to classify CHR, FEP, 
and SCZ groups based on deviation patterns. Using vectorized 
lower triangular matrices as input, the model achieved mod-
erate performance (ACC = 45.5%, average AUC = 0.66, average 
sensitivity = 0.45 and average specificity = 0.76) (Figure  8A). 
Slightly better results were obtained using RED (ACC = 52.1%, 
average AUC = 0.6, average sensitivity = 0.51 and average speci-
ficity = 0.76) (Figure 8B).

These results exceeded the chance-level accuracy of 33.3%, but 
also revealed challenges in the classifier's ability to accurately 
categorize certain subjects across the three groups. This diffi-
culty stemmed from the classifier's struggle to identify distinct 
subject-level patterns that could reliably differentiate the groups. 
The overlap in alteration patterns among subjects at intermedi-
ate stages of the spectrum reflects this challenge. These findings 
highlight the high heterogeneity within the groups, where in-
dividuals within the same group may exhibit markedly differ-
ent deviation patterns, complicating the precise assignment to 
a specific stage.

3.3   |   Study 3: Treatment Response in Psychosis

In Figure  9 are reported the average of the individual devi-
ations' matrices for FEP TR at baseline and follow-up re-
spectively while in Figure  10 are reported for FEP non-TR 

at baseline and follow-up. To explore whether deviations 
in molecular connectivity could differentiate between TR 
and non-TR in FEP, we analyzed SED and RED metrics. 
Additionally, we investigated the stability and uniqueness of 
molecular connectomes over time using an individual net-
work fingerprinting approach.

The analysis of SED showed no significant statistical differences 
between FEP TR and non-TR subjects at baseline (p = 0.46). 
Similarly, no significant decrease in subject-level alterations was 
observed in FEP TR between baseline and follow-up (p = 0.36), 
suggesting that the overall proportion of deviations does not ef-
fectively differentiate between these groups.

In contrast, analysis of the top 10% of regions with the highest 
RED revealed significant differences consistent with our hy-
potheses. At baseline, FEP TR subjects exhibited significantly 
different regional deviation patterns compared to non-TR 
(p = 0.03, Cohen'd = 0.94) (Figure 11A). These findings indicate 
that the molecular regional deviations associated with antipsy-
chotic treatment response differ from those observed in non-
responders. Furthermore, a significant reduction in regional 
deviations was detected in TR at follow-up compared to baseline 
(p = 0.02, Cohen'd = 0.75) (Figure  11A), suggesting that phar-
macological treatment influences regional deviation patterns. 
These results highlight differences in the molecular regional 
deviations of the FDOPA signal between FEP subjects likely 
to respond to antipsychotic treatment and non-responders. 
Additionally, the reduction in regional deviations at follow-up 
in TR suggests that antipsychotic treatment induces measur-
able changes in molecular connectivity patterns over time 
(Figure 11B).

To assess whether individual molecular connectomes could 
reliably identify subjects over time, we conducted a network 

FIGURE 8    |    ROC and AUC for the classification of CHR, FEP and SCZ groups. (A) ROC curve and AUC for the classification of CHR, FEP and 
SCZ groups using vectorized lower triangular single-subject matrices. (B) ROC curve and AUC for the classification of CHR, FEP and SCZ groups 
using RED.
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fingerprinting analysis. This approach demonstrated high 
classification accuracy for identifying individuals within both 
diagnostic groups (ACC = 83.3% for TR and ACC = 83.3% also 
for non-TR). These findings suggest that the influence of phar-
macological treatment primarily manifests as a reduction in 
the magnitude of deviations, rather than as a reorganization of 
the underlying topological pattern. Consequently, the similar-
ity between an individual's baseline and follow-up connectivity 
patterns remains higher than the similarity observed between 
different individuals.

4   |   Discussion

The present study introduced a framework that applies, for the 
first time, covariance perturbation principles to analyze static 
FDOPA PET data. This framework provides a straightforward, 
implementable methodology for identifying molecular differ-
ences between brain regions at the single-subject level.

Consistent with our hypotheses, the subject-level deviation ma-
trices generated by the proposed framework effectively captured 
divergent molecular alteration patterns in PD relative to SCZ 
at the individual level. Additionally, the framework identified 
a progressive increase in alterations corresponding to advanc-
ing disease stages in the psychosis spectrum. The regional al-
terations also differed between FEP TR and non-TR, suggesting 
distinct FDOPA alteration patterns, in line with previous find-
ings from FDOPA univariate analysis (Veronese et  al.  2021; 
Jauhar et al. 2019). Furthermore, the regional alterations were 
significantly lower in TR subjects at follow-up, indicating po-
tential effects of antipsychotic treatment in modulating these 
alterations. Finally, the single-subject networks successfully 
captured individual-specific characteristics through a finger-
printing approach, enabling the identification of individual pa-
tients across baseline and follow-up.

Interestingly, when looking at the single subjects' networks, PD 
subjects predominantly exhibited positive deviations (z-scores), 

FIGURE 9    |    Average of individual deviation matrices across subjects for FEP TR at baseline (left) and at follow-up (right).

FIGURE 10    |    Average of individual deviation matrices across subjects for FEP non-TR at baseline (left) and at follow-up (right).
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suggesting that the addition of data from an individual with 
PD strengthens the correlation within the reference matrix. In 
contrast, subjects within the psychosis spectrum demonstrated 
a predominance of negative deviations, indicating that the in-
clusion of data from an individual with psychosis weakens the 
correlation pattern between brain regions. While the biological 
interpretation of these deviations is likely complex, these find-
ings underscore the divergent directions of molecular network 
alterations in PD and psychosis spectrum disorders. To further 
explore these deviation patterns, metrics were derived from 
single-subject networks to quantify the proportion of extreme 
deviations both at the individual subject level and within spe-
cific brain regions for each subject.

The decision to threshold the networks to isolate extreme devi-
ations enabled us to retain only those deviations significant for 
discrimination purposes, effectively filtering out low-magnitude 
deviations likely attributable to noise. Our selected threshold cor-
responds to a significance level of < 0.05 Bonferroni corrected. 
However, we also tested with different thresholds, ranging from 2 
(no correction) to 4.13 (Bonferroni correction), and the SED and 
RED metrics remained consistent, consistently showing a correla-
tion above 0.9 across all thresholds. Finally, both deviation edges 
and the RED proved to be effective features in machine learn-
ing models, yielding good discrimination performance between 
subjects from different groups. These findings demonstrate that 
the deviation patterns effectively capture subject heterogeneity, 
underscoring their potential for group differentiation.

The principal strengths of this method lie in its ability to account 
for inter-subject heterogeneity and provide a comprehensive ex-
amination of molecular interactions and alterations across brain 
regions at a systems level. Each region's alteration, representing 

its anomalous connection relative to other regions in compari-
son to a normative cohort, can be effectively quantified. Unlike 
conventional approaches that often focus on specific regions, this 
methodology enables the exploration of molecular alterations 
across the entire brain. This holistic approach reveals deviation 
patterns in extrastriatal regions that are typically overlooked in 
traditional FDOPA analyses, which primarily emphasize the stri-
atum. FDOPA is not a specific ligand for dopamine neurons but 
is trapped by all neurons containing the enzyme aromatic amino 
acid decarboxylase (AADC). Consequently, it serves as a marker 
for all tissues that take up and store monoamines, including sero-
tonin, noradrenaline, and dopamine neurons (Moore et al. 2008; 
Brown et al. 1999). AADC is thought to play a role in psychiat-
ric disorders (Sedvall and Farde 1995), limbic functions (Dolan 
et al. 1995), and the general modulation of cerebral activity, as 
well as in parkinsonism. This broader functionality suggests that 
FDOPA can serve as an indicator of neuronal loss not only in 
dopaminergic regions but also in areas containing noradrenergic 
or serotonergic cell bodies or terminals (Brown et al. 1999; Moore 
et al. 2003). Therefore, regions outside the striatum may also con-
tribute to the signal detected with this radiotracer.

Indeed, several extrastriatal regions exhibited a high proportion 
of deviations from normative values in the patient cohorts, both 
in individuals with SCZ and FEP and also in PD. Among these, 
the insula emerged as the region showing the largest deviation 
outside the striatum in PD, and in a lower magnitude it was de-
viated also in SCZ. The insula is significantly affected in PD due 
to alpha-synuclein deposition, altered neurotransmitter function, 
disruptions in connectivity, and concomitant metabolic and struc-
tural abnormalities (Criaud et  al.  2016). Furthermore, another 
study pointed out the insula's critical role as an integrative hub, 
responsible for processing interoceptive signals and integrating 

FIGURE 11    |    Statistical comparison of the top 10% of regions with the highest RED in TR baseline compared to the same regions in TR at follow-up 
and non-TR at baseline. (A) Results of one-tailed Wilcoxon signed-rank test between TR at baseline and follow-up, and Wilcoxon rank-sum test be-
tween TR at baseline and non-TR at baseline. (B) Comparison of the top 10% of regions with the highest RED in TR at baseline and their correspond-
ing values at follow-up. Asterisks denote significance levels: ****p < 0.0001, ***p < 0.001, **p < 0.01, *p < 0.05. [left hemisphere (l), right hemisphere 
(r), frontal lobe (FL), straight gyrus (strai_G), medial orbital gyrus (MOG), parahippocampal and ambient gyri (paraH_G), anterior temporal lobe 
lateral part (Ant_TL_lat), pre-subgenual (Presubgen)].
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cognitive-affective, sensorimotor, and autonomic information, 
and is likely compromised in PD, leading to widespread func-
tional impairments (Christopher et al. 2014). In SCZ, disruptions 
in insular function have also been documented, highlighting 
its involvement in sensory-affective processing deficits and its 
broader implications for the pathophysiology of psychosis (Wylie 
and Tregellas 2010). Moreover, the insula also forms part of the 
salience network, which is altered in SCZ (Menon et al. 2023).

Additional deviated extrastriatal regions, spanning the pre-
frontal cortex, limbic system, temporal lobe, and occipi-
tal lobe, were particularly pronounced in the SCZ and FEP 
groups. These deviations are consistent with neuroanatomi-
cal studies that have reported marked grey matter volume re-
ductions in the frontal, temporal, limbic, and parietal lobes 
in individuals with psychotic disorders (Adamu et  al.  2023). 
Specifically, volumetric changes in the occipital lobe (Tohid 
et al. 2015), prefrontal cortex, and medial temporal lobe have 
been associated with deficits in working memory and declar-
ative memory functions (Karlsgodt et  al.  2010). Moreover, 
structural anomalies in the superior temporal gyrus, along 
with disrupted white matter connectivity in the temporal and 
frontal lobes, have also been implicated in the neurobiology of 
psychosis (DeLisi et al. 2006). Finally, a meta-analysis by the 
ENIGMA consortium, involving thousands of participants, 
found thinner cortical regions in subjects with SCZ compared 
to HC. The largest effect sizes were observed in the frontal and 
temporal lobes (van Erp et al. 2018).

It is important to recognize that our method does not produce a 
direct molecular connectivity network for individual subjects, but 
a perturbation network referenced against a normative cohort. 
This framework captures deviations in molecular connectivity by 
contrasting normal and pathological samples, thus highlighting 
regions of divergence rather than constructing an absolute con-
nectivity map. Consequently, the method relies on the availability 
of a robust and representative reference group to ensure reliable 
and meaningful analysis. This approach is analogous to normative 
modeling (Marquand et al. 2016), where its primary strength lies 
in evaluating group-level differences relative to a reference cohort.

4.1   |   Limitations

Several findings from the present study require cautious in-
terpretation due to certain methodological limitations. First, 
our analysis was primarily limited to cross-sectional compar-
isons, which constrain our ability to infer temporal dynamics 
or longitudinal patterns in the observed deviation trajectories. 
Incorporating more longitudinal data would offer a more com-
prehensive understanding of the progression of molecular 
network alterations over time. Second, the analysis focused ex-
clusively on extreme deviations in absolute terms, without con-
sidering the directionality of these deviations. This choice was 
made due to the complexity of interpreting the sign of deviations 
within individual molecular connectomes, where the direction 
reflects statistical divergence from the reference model rather 
than a clear functional deviation linked to specific biological 
processes. As a result, this methodological approach may have 
obscured subtle but biologically significant directional shifts in 
molecular connectivity patterns.

Another important limitation is the potential sensitivity of 
our individual network analysis to variations in scanning 
protocols. Such variations could introduce deviations from 
the reference cohort attributable to extraneous factors un-
related to disease processes or therapeutic effects (Veronese 
et  al.  2019). This highlights the need for rigorous validation 
of the methodology to ensure its reliability. Variability in 
scanning conditions could limit the generalizability of our 
findings, potentially affecting the reproducibility of results 
across diverse cohorts and imaging environments (Veronese 
et al. 2019).

A larger sample size for the classification tasks in Study 2 would 
have allowed for more robust and reliable conclusions, thereby 
enhancing the generalizability of the findings.

Another potential limitation concerns the impact of pharma-
cological treatment. The FEP cohort was the only group with 
minimal or no treatment at the time of FDOPA PET scanning, 
while all other patient cohorts had received medication as 
part of standard clinical care. This may have influenced the 
FDOPA signal.

Finally, the exact pathophysiological significance of the net-
works analyzed in this study remains unclear. Future mechanis-
tic investigations are needed to better understand the biological 
relevance of abnormalities in global network connectivity and 
regional alterations.

5   |   Conclusions

This study introduced a novel framework for constructing in-
dividual molecular abnormality networks, tested using static 
FDOPA PET imaging. This framework enabled a detailed char-
acterization of FDOPA connectivity deviations by comparing in-
dividual molecular profiles to a reference cohort. By adopting a 
network-based perspective, it complements conventional analyt-
ical methods by offering new insights into regions influenced by 
monoamine storage, which are typically overlooked in conven-
tional FDOPA-based analyses, and extends our understanding 
beyond the traditionally studied striatal regions.

The application of this framework holds significant promise 
for advancing the understanding of disease mechanisms, pro-
viding a unique lens to investigate the molecular underpin-
nings of neurological and psychiatric disorders. It also offers 
potential for evaluating the impact of pharmacological inter-
ventions and therapeutic strategies on molecular connectivity. 
While this framework demonstrates strong potential, further 
research is essential to assess its broader applicability across 
various clinical domains and conditions. Validation in larger 
and more diverse patient populations will help to determine its 
generalizability.
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