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ABSTRACT

Positron emission tomography (PET) and single photon emission computed tomography (SPECT) are essential molec-
ular imaging tools for the in vivo investigation of neurotransmission. Traditionally, PET and SPECT images are analysed 
in a univariate manner, testing for changes in radiotracer binding in regions or voxels of interest independently of each 
other. Over the past decade, there has been an increasing interest in the so-called molecular connectivity approach 
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1.  INTRODUCTION

1.1.  PET and SPECT to study neurotransmission

Neurotransmission is the primary process by which neu-
rons communicate and represents a biological pillar to all 
functions of the central and peripheral nervous system, 
including sensation, movement, cognition, and, ulti-
mately, individual behaviour (Jessell & Kandel, 1993). 
Neural communication can occur through two main 
modalities of synaptic transmission: chemical and elec-
trical. At chemical synapses, information is transferred 
via the release of neurotransmitters from one cell, which 
are detected by an adjacent cell (Südhof & Malenka, 
2008). In contrast, at electrical synapses, the cytoplasm 
of adjacent cells is directly connected by clusters of inter-
cellular channels called gap junctions (Bennett & Zukin, 
2004). Chemical synapses are more common in the 
human brain (Pereda, 2014). Neurotransmission at these 
synapses depends on the interaction between molecular 
and electrical signals (Fig.  1), starting with the action 
potential, an electrical signal generated in the neuron’s 
cell body, which travels down the axon towards the syn-
apse. When the action potential reaches the axon termi-
nal or presynaptic terminal, it triggers the opening of 
voltage-gated calcium channels. Calcium ions (Ca²+) 
enter the presynaptic terminal through these channels, 
causing synaptic vesicles to fuse with the presynaptic 
membrane. As a result, the neurotransmitters contained 
in the vesicles are released into the synaptic cleft—the 
space between the presynaptic and postsynaptic 
neurons—where they transmit the signal by binding to 
the receptors of the postsynaptic neuron. This binding 
activates or inhibits the postsynaptic neuron, affecting 
numerous other neurons within specific pathways that 

are essential for maintaining the homeostatic balance of 
neuronal activity and overall healthy brain function (Gunn 
et al., 2015; Sudhof, 2012).

Dysregulation and alterations of neurotransmitter and 
neuroreceptor levels and functions, whether due to defi-
ciency or excess, are implicated in the pathophysiology 
of numerous neurodegenerative conditions such as Alz-
heimer’s disease (AD) and Parkinson’s disease (PD) 
(Warren et al., 2017), as well as psychiatric disorders like 
Schizophrenia and Major Depressive Disorder (MDD) 
(Nimgampalle et  al., 2023; Sonnenschein et  al., 2020). 
Therefore, elucidating the mechanisms of neurotransmis-
sion in vivo is paramount for advancing our understand-
ing of brain function in both health and disease states and 
for the development of novel pharmacological treatment.

Neurotransmission can be studied in vivo using molec-
ular imaging tools, including Positron Emission Tomogra-
phy (PET) and Single Photon Emission Computed 
Tomography (SPECT) (Kimura et al., 2020). These imag-
ing modalities are powerful tools for measuring the local 
concentration of diverse molecular targets with remark-
able sensitivity and specificity in a non-invasive manner 
(Ametamey et al., 2008). Molecular imaging can visualise 
different aspects of neurotransmission (Fig. 2). According 
to the type of radiotracer used, it is possible to quantify 
neurotransmitter synthesis (e.g., dopamine synthesis 
(Volkow et al., 1996)), the concentration of synaptic vesi-
cle density (e.g., SV2A (Toyonaga et al., 2019)), specific 
neurotransmitter types (such as the vesicular monoamine 
transporter 2 (VMAT2) (Carson et al., 2022)), the density 
and distribution receptors (e.g., D2/D3 receptors for the 
dopamine system (Sokoloff & Le Foll, 2017; Xu et  al., 
2013), or 5HT1A/5HT2A receptors for the serotonin system 
(Kumar & Mann, 2015)), or neurotransmission transporters 

that captures relationships of molecular imaging measures in different brain regions. Targeting these inter-regional 
interactions within a neuroreceptor system may allow to better understand complex brain functions. In this article, we 
provide a comprehensive review of molecular connectivity studies in the field of neurotransmission. We examine the 
expanding use of molecular connectivity approaches, highlighting their applications, advantages over traditional meth-
ods, and contributions to advancing neuroscientific knowledge. A systematic search in three bibliographic databases 
MEDLINE, EMBASE, and Scopus on July 14, 2023 was conducted. A second search was rerun on April 4, 2024. 
Molecular imaging studies examining functional interactions across brain regions were included based on predefined 
inclusion and exclusion criteria. Thirty-nine studies were included in the scoping review. Studies were categorised 
based on the primary neurotransmitter system being targeted: dopamine, serotonin, opioid, muscarinic, glutamate, 
and synaptic density. The most investigated system was the dopaminergic and the most investigated disease was 
Parkinson’s disease (PD). This review highlighted the diverse applications and methodologies in molecular connectivity 
research, particularly for neurodegenerative diseases and psychiatric disorders. Molecular connectivity research offers 
significant advantages over traditional methods, providing deeper insights into brain function and disease mecha-
nisms. As the field continues to evolve, embracing these advanced methodologies will be essential to understand the 
complexities of the human brain and improve the robustness and applicability of research findings in clinical settings.
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(e.g., DAT for dopamine (Varrone & Halldin, 2010) and 
SERT for the serotonin system (J. S. Kim et  al., 2006). 
Finally, molecular imaging can be used to measure 
endogenous neurotransmitter levels and their release by 
detecting the competitive binding between endogenous 
neurotransmitters and radioligands to the same neurore-
ceptor sites (Giovacchini et al., 2005).

In medicine, molecular imaging has repeatedly 
proved to be an invaluable tool for probing neurotrans-
mission alterations underlying many brain disorders and 
describing the spatiotemporal evolution of neurotrans-
mission abnormalities throughout different stages of 
these diseases (Zhu et  al., 2014). Some of the neuro-

transmission imaging methods have also translated into 
clinical work-up as diagnostic and monitoring biomark-
ers recommended by international clinical guidelines 
(Bega et  al., 2021; Politis, 2014; Stoessl, 2012). The 
most well-known example is 123I-FP-CIT SPECT imag-
ing, used to identify and stage the degeneration of 
dopaminergic neurons in PD (Darcourt et  al., 2010; 
Morbelli et al., 2020).

Finally, molecular imaging permits the temporal mod-
elling of disease-related neurotransmission alterations, 
facilitating the evaluation of disease progression and 
the assessment of therapeutic interventions (Strafella 
et al., 2017).

Fig. 1.  Neurotransmission: 1) Neurotransmitters are synthesised. 2) Neurotransmitters are stored in vesicles. 3) Action 
potential arrives at the presynaptic terminal. 4) The action potential causes the opening of voltage-gated Ca²+ channels 
allowing the influx of calcium ions. 5) Ca²+ allows vesicles docking and neurotransmitters release in the synaptic cleft.  
6) Neurotransmitter binds to receptor causing the opening or closing of channels. 7) Postsynaptic potential is generated. 
8) Neurotransmitters are removed back to the presynaptic cleft. 9) Vesicular membranes are retrieved from the plasma 
membrane (Figure created in https://www​.biorender​.com/).

https://www.biorender.com/
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1.2.  Univariate versus network and multivariate 
approaches

Over the past two decades, the concept of the brain as a 
network has become central to neuroscience. This 
network-based perspective emphasises that brain func-
tions emerge from the interaction of distributed regions 
within large-scale networks (Wig, 2017). While blood oxy-
genation level-dependent (BOLD) functional MRI (fMRI) 
has become the most widely used tool to study functional 
connectivity, due to its accessibility, cost-effectiveness, 
and lack of ionising radiation, it relies heavily on hemody-
namic signals. Thus, this method alone cannot fully cap-
ture the complexity of brain activity, which involves both 
biochemical and electrical processes. In contrast, molec-
ular imaging, which uses radiotracers to detect molecular 

targets with high sensitivity and specificity (Hahn et al., 
2019), offers more accurate biological insights that com-
plement fMRI. Given the limitations of single-modality 
approaches, there is a growing recognition of the need for 
an integrative, multimodal framework to comprehensively 
understand the brain’s connectome. Molecular imaging, 
with its unique capability to probe biochemical pathways, 
can play a crucial role in this integrative approach.

Nonetheless, traditional analysis methods in brain PET 
and SPECT research mainly focus on quantifying absolute 
tracer binding or uptake within specific brain regions (Gunn 
et  al., 2001). While these approaches provide valuable 
insights into in vivo brain structure and activity, they pos-
sess limitations that warrant consideration. Region-wise 
analyses rely on a priori definition of anatomical or 

Fig. 2.  Targets of neurotransmission measurable with PET and SPECT imaging (Figure created in https://www​.biorender​
.com/).

https://www.biorender.com/
https://www.biorender.com/
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functional areas of the brain, potentially overlooking subtle 
or distributed effects across the brain (Gentili et al., 2021). 
Parametric voxel-wise analyses, on the other hand, depend 
on the image resolution of the scanner, reconstruction 
methods, partial volume correction (PVC), and reference 
regions used for normalisation. Moreover, regardless of the 
spatial resolution of the analysis, each volume of interest is 
typically treated as independent, ignoring brain spatial 
covariance. This often necessitates strict multiple compar-
ison corrections to prevent inflated Type I error rates, which 
can result in overcorrection and increased Type II errors 
(Scarpazza et al., 2015). These limitations, alongside the 
spread of network science into neuroimaging field, moti-
vated the development and validation of complementary 
multivariate and network methodologies in molecular neu-
roimaging, able to capture the complex interactions among 
brain regions and provide a more comprehensive under-
standing of brain functioning and disease pathology.

Multivariate methods are specifically used to address 
the complexities and interdependencies of neuroimaging 
data by simultaneously considering the interrelationships 
among multiple sources of information and possibly mul-
tiple volumes of interest (Chen et al., 2014). These meth-
ods facilitate the identification of intricate patterns of 
brain activity and structure that remain undetectable 
when analysing individual variables in isolation. For 
example, rather than examining the activity of a single 
brain region, multivariate methods allow for assessing 
the combined activity of several regions to determine 
their collective contribution to a specific task or condition 
(Clark & Stoessl, 1986). These methods can also identify 
combinations of brain activities that correspond to dis-
tinct cognitive states or differentiate between healthy and 
diseased brains, and between different diseases and 
stages. Furthermore, multivariate techniques can be 
employed to reduce the dimensionality of the data, 
extract a smaller set of key features, or integrate data 
from diverse sources (Habeck, 2010).

Parallel with multivariate approaches, network-based 
approaches, usually constructed using pair-wise correla-
tion between regions or voxels, have been largely 
employed to study brain connectivity. A common feature 
of these network methods is the ability to construct a 
mathematical representation of the brain in the form of an 
adjacency matrix (Fornito et al., 2016). In this representa-
tion, brain regions are modelled as nodes, while the 
edges between them represent the biological or statisti-
cal interactions between these regions (Bullmore & 
Sporns, 2009; Fornito & Bullmore, 2015).

Although most of the recent multivariate and network 
approach findings in neuroimaging are derived from 
structural and fMRI studies, in recent years these meth-
odological advances have increasingly been applied to 

PET/SPECT data (Yakushev et al., 2017). This paradigm 
shift follows a decade of evidence suggesting that neuro-
transmission and molecular pathological alterations 
underlying brain diseases invariably pass through large-
scale brain networks (Goulas et al., 2021; Seeley et al., 
2009). In this context, molecular connectivity refers to an 
approach that leverages molecular imaging to explore 
brain connectivity. This umbrella term is commonly used 
in the literature to describe the statistical interdependen-
cies between regional measurements obtained from 
molecular imaging techniques (Sala et al., 2023). In the 
past few years, the term ‘molecular connectivity’ has 
been used to describe various methodologies aimed at 
constructing maps or matrices that reflect the statistical 
relationships between brain regions based on their molec-
ular properties (as derived from PET or SPECT). These 
maps are generated through different statistical analyses, 
depending on the type of modality, tracer used, and the 
computational method chosen. Consequently, the biolog-
ical interpretation and insights derived from the results 
can vary (Sala et al., 2022). One example is the computa-
tion of covariance matrices of regional PET signals across 
subjects. Up to today, this represents the most common 
approach used as a proxy for molecular connectivity. This 
method is favoured for its simplicity and the fact that it 
can be applied to static PET data, offering a broader per-
spective on shared connectivity patterns across popula-
tions (Sala & Perani, 2019). However, the limitation of 
estimating connectivity at the group level, rather than at 
the individual level, poses challenges for biological inter-
pretation (Sala et al., 2022; Volpi et al., 2023). An alterna-
tive approach involves using dynamic data to construct 
molecular connectivity maps at the individual level. This 
method leverages temporal information from the radio-
tracer kinetics to compute connectivity through various 
computational techniques (Jamadar et al., 2021).

Other approaches to study brain connectivity that do 
not rely on the construction of an adjacency matrix are 
the scaled subprofile model (SSM), a multivariate princi-
pal component analysis (PCA)-based algorithm applied 
directly to voxel-by-voxel covariance data. In this case, 
an entire group image set can be reduced to a few signif-
icant linearly independent covariance patterns and corre-
sponding subject scores (Spetsieris et  al., 2013). 
Ultimately, another source-based multivariate method is 
independent component analysis (ICA), a data-driven 
computational procedure that decomposes or ‘un-mixes’ 
a measured signal into its maximal spatially independent 
‘sources’ (Calhoun et al., 2009).

These approaches allow researchers to simultane-
ously explore variations in the relationships between 
multiple brain regions or patterns of activation, offering 
valuable insights into covarying patterns of tracer binding 
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across the entire brain. From a physiological perspective, 
the interpretation of molecular connectivity for tracers 
targeting neurotransmission strictly depends on the spe-
cific neurotransmission system and target being studied. 
As the literature still lacks a mechanistic understanding to 
support signal changes in molecular-based networks, 
multiple answers can be proposed. For example, 
decreased connectivity might indicate selective denerva-
tion from neurotransmitter nuclei projecting to the target 
regions under evaluation (Sala & Perani, 2019). Mean-
while, both increased and decreased connectivity may 
reflect compensatory processes, as proposed by Caminiti 
et al. (2023), DuBois et al. (2021), Luo et al. (2023), and 
Mihaescu et al. (2021).

1.3.  Purpose of the study

This paper provides a comprehensive, state-of-the-art 
overview of brain connectivity analysis in the study of 
neurotransmission using molecular neuroimaging, pre-
sented through a scoping review. We examine the 
expanding use of molecular connectivity approaches, 
highlighting their applications, advantages over tradi-
tional methods, and contributions to advancing neuro-
scientific knowledge. Through an in-depth review, we 
provide researchers and clinicians with a clear under-
standing of the current landscape, highlighting key suc-
cesses while outlining challenges and potential strategies 
to address them, with the goal of advancing future 
research and translating these approaches into clinical 
applications.

2.  MATERIALS AND METHODS

The PRISMA statement (Preferred Reporting Items for 
Systematic Reviews and Meta-analyses, guidelines 
extension for scoping reviews (PRISMA-ScR) was 
adhered to in conducting this scoping review (Tricco 
et  al., 2018). The PRISMA-ScR checklist was used to 

perform the analysis. A study protocol was prepared in 
OSF prior to the initiation of data collection to ensure 
methodological rigour and transparency.

2.1.  Search strategy

Original articles were searched for in three bibliographic 
databases (MEDLINE (via Ovid), EMBASE (via Elsevier), 
and Scopus (via Elsevier) on July 14, 2023. A second 
search was rerun on April 4, 2024. The search strategy 
consisted of two key concepts: (1) Positron Emission 
Tomography (PET) and Single Photon Emission Com-
puted Tomography (SPECT) and (2) connectivity. The 
complete search strategy is listed in Annex 1.

2.2.  Eligibility criteria

Molecular imaging studies examining functional interac-
tions across brain regions were included based on pre-
defined inclusion and exclusion criteria. The eligibility 
criteria (inclusion and exclusion criteria) were defined as 
explained below. These criteria encompassed original 
studies that: a) employed brain PET or SPECT as imaging 
modalities, b) measured parameters such as blood flow, 
metabolism, neuroreceptor systems, protein/molecule 
synthesis, or protein/molecule density. Exclusion criteria 
comprised preclinical investigations, studies focusing on 
regions outside the brain, post-mortem analyses, animal 
studies, and those utilising monoclonal antibody imaging 
techniques. Finally, letters, commentaries, review papers, 
and conference abstracts were also excluded. Table  1 
summarises the inclusion and exclusion criteria used in 
this study.

2.3.  Studies selection and data extraction

First, titles and abstracts were screened independently 
by two authors (DEP and MS) to exclude irrelevant 
records based on the eligibility criteria. A third author 

Table 1.  Eligibility criteria (inclusion and exclusion criteria) of references to be included in the scoping review.

Inclusion criteria Exclusion criteria

Population Humans Animals
Concept Connectivity, covariance, network

Context PET and SPECT 
Measure: blood flow, metabolism, neuroreceptor systems,  
protein/molecule synthesis, or protein/molecule density

Regions outside the brain 
Post-mortem analyses 
Monoclonal antibody imaging techniques 
Preclinical investigations

Sources Peer-reviewed original studies Short commentaries 
Conference abstracts 
Reviews 
Letters to editors
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(MV) played the role of the third peer to arbitrate in case 
of disagreements. Then, the full text of each selected 
article was independently screened by 2 authors (DEP 
and MS). Additional studies were included a posteriori at 
the authors’ discretion. Notably, we included studies 
published prior to 1993 (formal definition of brain func-
tional connectivity (Friston et  al., 1993)), where the  
terminology deviates from connectivity, networks, or 
connectomics (term introduced in 2005 by Sporns et al. 
(2005)). These studies were deemed relevant as they 
shared the overarching objective of investigating struc-
tural and functional interactions across brain regions. 
This inclusive approach ensured a comprehensive review 
of relevant literature, capturing both contemporary stud-
ies and earlier works contributing to the understanding 
of brain multi-scale architecture. Comprehensive infor-
mation was extracted and organised into a pre-defined 
data sheet developed by the authors for each of these 
final articles. This information encompassed various 
aspects, including the names of the authors, year of 
publication, characteristics of the study population (both 
healthy control and patient groups), PET/SPECT tracer 
utilised, putative marker type and specification, protocol 
and analysis type, methods employed for connectivity 
analysis, software utilised, main findings, validation type 
(if applicable), multimodality type (if applicable), and any 

reported measures of multimodality similarity and per-
formance. This systematic extraction process ensured 
thorough documentation of relevant details from each 
included study, facilitating comprehensive analysis and 
synthesis of findings.

3.  RESULTS

3.1.  Search results

After removing duplicates, a total of 3,568 references 
were retrieved from database searches (3,213 in July 
2023 and 355 in April 2024). Following title and abstract 
screening, 722 references were selected for full-text 
review. Ultimately, 488 of these met the eligibility criteria 
and underwent data extraction. Full texts were excluded 
primarily due to incorrect study type or unsuitable analy-
sis (i.e., lacking molecular connectivity). From the eligible 
studies, a subset of 32 articles specifically addressing 
neurotransmission systems was included in this review. 
Additionally, 7 more studies recommended by experts 
were screened and added to the scoping review, result-
ing in a final total of 39 articles. The identification of these 
articles was based mainly on the molecular probe used 
and its main binding targets. Fig. 3 shows the PRISMA 
flow chart describing the articles’ selection process.

Fig. 3.  PRISMA flowchart for studies ‘selection.
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3.2.  Studies characteristics

Studies were categorised based on the primary neu-
rotransmitter system being targeted (Table 2). In instances 
where a study investigated multiple neurotransmitters, it 
was assigned to a single category based on the predom-
inant target. The resulting sample comprised 23 studies 
targeting the dopamine system (radiotracers used: 11C-
FLB457, 18F-FDOPA, 11C-FeCIT, 18F-Fallypride, 11C-MP, 
11C-FLB457, 11C-Raclopride, 18F-FEOBV, 18F-CFT, 11C-
CFT, 11C-SCH23390, 18F-FPCIT, 123I-FP-CIT, 11C-DTBZ, 
11C(+)-PHNO), 9 studies focusing on the serotonin sys-
tem (radiotracers used: 11C-SB217045, 11C-WAY-100635, 
11C-DASB, 11C-MADAM), 2 studies examining µ-opioid 
receptors (radiotracer used: 11C-Carfentanil), 2 studies 
assessing synaptic density (radiotracer used: 11C-UCB-J), 
2 studies targeting muscarinic receptors (radiotracer 
used: 123I-QNB), and 1 study investigating glutamate 
receptors (radiotracer used: 11C-ABP688). The most fre-
quently utilised outcome measure across these studies 
was the tracer binding potential (BPND) (Mintun et  al., 
1984) employed by 20 studies. This metric represents the 
equilibrium ratio of the concentration of specifically 
bound radioligand to the combined concentration of free 
and non-specifically bound radioligand. Other studies 
looked at additional parameters as proxies for tracer-
specific activity, such as, Specific Binding Ratio (SBR), 
used in 4 studies, Standardized Uptake Value ratio (SUVr), 
also used in 4 studies, the distribution volume ratio (DVR), 
in 3 studies, and total distribution volume (VT), used in 2 
studies.

In terms of study populations, 34 studies included 
healthy control (HC) subjects, 15 focused on PD, 4 on 
mild cognitive impairment (MCI), 3 on Schizophrenia, 3 on 
Dementia with Lewy bodies (DLB), 3 on MDD, and 2 on 
AD. Only 1 study investigated anxiety, epilepsy, cocaine-
use disorder (CUD), and attention-deficit/hyperactivity 
disorder (ADHD). Pairwise correlation was the most fre-
quently applied methodology to investigate molecular 
connectivity (14 studies), followed by inter-regional cor-
relation (10 studies), PCA-base approaches (6 studies), 
and ICA (4 studies). Partial least squares (PLS) was 
employed in 2 studies, while the remaining studies used 
combinations of these approaches, or “non-conventional” 
approaches usually not employed in this field.

Finally, in terms of the type of analysis conducted, 34 
studies performed inter-subject analyses, where compar-
isons are made between different individuals or groups to 
identify variations across subjects. 4 studies included 
both inter-subject and intra-subject comparisons, the lat-
ter involving analyses within the same individual over 
time or under different conditions. Only 1 study focused 
solely on intra-subject analysis.

3.2.1.  Dopamine system

Several studies employed PET imaging to investigate 
imaging-derived dopamine-weighted networks across 
various neurological conditions.

Yasuno et al. (2005) applied structural equation mod-
elling to 11C-FLB457 brain PET imaging of HC and 
Schizophrenia patients. Using this method, the inter-
regional correlations of D2 receptor binding were decom-
posed to assign numerical weights (called path 
coefficients) to the anatomical connections and to evalu-
ate the effective connectivity of regional D2 receptor bind-
ing in Schizophrenia. The strength and signs of these 
path coefficients were compared between groups and 
used to identify disease-specific changes in the connec-
tivity of regional D2 receptor binding within the same ana-
tomical networks.

Kaasinen et al. (2006) employed regional Pearson cor-
relation and PCA to investigate corticostriatal profiles of 
glucose consumption and extrastriatal dopamine synthe-
sis capacity covariance patterns in PD. The examination 
of striatal tracer binding revealed asymmetrical sex-
dependent uptake of 18F-FDOPA in the putamen, while 
revealing negative correlations between striatal 18F-F-
DOPA uptake and PD clinical severity. None of these find-
ings were seen with 18F-FDG. Similarly, the network 
analysis using PCA revealed a specific component 
related to thalamus and cerebellum in 18F-FDG uptake 
associated with both 18F-FDOPA uptake and disease 
severity. On the contrary, univariate analysis showed 
poor correlations between 18F-FDOPA and 18F-FDG 
uptake in PD when using raw regional uptake.

Cervenka et  al. (2010) examined the relationship 
between dopamine D2 receptors across all brain regions 
in HC. 11C-FLB457 PET was used to measure binding in 
extrastriatal regions, while 11C-raclopride was employed 
for the measurements of D2 distribution in the striatum. 
Pairwise correlations were calculated between regional 
BPND values of 11C-raclopride, and a voxel-based correla-
tion analysis was performed using parametric images of 
11C-FLB457 binding. Additionally, correlations between 
regional-based BPND values and parametric values were 
assessed for each region separately. The results showed 
that striatal receptor availability did not exhibit statistically 
significant correlations with any of the extrastriatal regions. 
These findings suggested that striatal dopaminergic bio-
markers may not serve as a reliable index for global dopa-
mine function, and results do not support using the 
striatum as an index for global D2 receptor availability.

Caminiti et al. (2017) characterised presynaptic dopa-
mine activity in early PD patients using 11C-FeCIT PET 
and assessed connectivity within nigrostriatal and meso-
limbic systems using partial correlation. The aim of the 
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study was to assess—by means of univariate and multi-
variate approaches—if the axons of the nigrostriatal 
dopaminergic system are an early site for vulnerability in 
PD. The findings indicated greater presynaptic degener-
ation in dorsal putamen than substantia nigra, and more 
severe molecular connectivity alteration in the nigrostria-
tal than mesolimbic pathway.

Worhunsky et al. (2017) examined D2 and D3 receptors 
alterations in the midbrain, striatum and other subcortical 
structures in individuals with CUD and HC. The aim was 
to apply ICA on 11C(+)-PHNO PET BPND data with the 
objective of unmix the D2 and D3 components of BPND 
and examine distinct sources of receptor availability. ICA 
analysis identified three distinct source-based patterns of 
BPND, suggesting that cocaine-related alterations in D2 
and D3 may not be limited to the dorsal striatum and mid-
brain respectively but may extend into the pallidum and 
ventral striatum. Furthermore, these alterations sources 
were associated with duration of cocaine use and may 
indicate reciprocal and compensatory mechanisms of 
dopaminergic function in addiction.

Klyuzhin et  al. (2018) applied PCA to identify voxel 
covariance patterns, and LASSO to optimally combine 
several patterns. These approaches were applied to anal-
yse dopaminergic PET tracers (11C-DTBZ and 11C-raclo-
pride) binding in the striatum of PD subjects. The principal 
component (PC) loadings obtained in different groups of 
subjects revealed predominant voxel-level binding pat-
terns associated with the initial symptom onset and dis-
ease progression. The PC-LASSO estimators captured 
information in a non-local manner, and hence enabled 
data-driven visualisation and interpretation of spatial pat-
terns manifested in the images.

J. Kim et al. (2018) investigated interregional correla-
tions of D2 and D3 receptor availability in Schizophrenia 
patients receiving antipsychotics using 18F-fallypride PET 
and resting state-fMRI, revealing altered molecular and 
functional connectivity between striatal and extrastriatal 
regions in stable outpatients with schizophrenia on anti-
psychotics, which is mainly characterised by increased 
interregional relationships. These results suggested that 
the spatial organisation of D2 and D3 receptor availability 
and related functional connectivity were significantly per-
turbed in these subjects.

Fu et  al. (2019) introduced a joint pattern analysis 
approach, canonical correlation analysis and orthogonal 
signal correction to identify characteristic spatial and 
temporal distribution patterns in PD using 11C-DTBZ 
(VMAT2 marker) and 11C-MP (DAT marker) PET data. 
Results showed that the proposed approach was able to 
capture the spatial and temporal disease patterns with 
higher sensitivity compared to univariate analysis. The 
approach provided information not only on localised 

alterations but also on the spatial extent of such alter-
ations, emphasizing network behaviour of the molecular 
targets under investigation. Moreover, the approach 
decomposed the common information between data 
sets into distinct orthogonal patterns of characteristic 
dopaminergic changes that were more sensitive either to 
disease discrimination or to disease progression.

Veronese et  al. (2019) conducted a graph-based 
analysis across different PET tracers (18F-FDG, 18F-F-
DOPA, 11C-SB217045) both in controls and in diseased 
groups (AD and MCI), revealing that these metrics can 
complement standard PET analysis to understand how 
biological functions are organised across brain regions 
in healthy and pathological conditions. The study also 
showcased the sensitivity of connectivity results to 
experimental design and variables, including group 
inhomogeneity and image resolution, and suggested 
that further methodological work is required to validate 
the use of more complex network metrics in the context 
of PET covariance analysis and to understand their bio-
logical interpretability.

Verger et  al. (2020) investigated the feasibility and 
potential of molecular connectivity using neurotransmis-
sion tracers (18F-FDOPA and 123I-FP-CIT) compared to 
metabolic connectivity (18F-FDG) in dopaminergic path-
ways of HC. Through interregional correlation analysis to 
construct a brain connectivity network, the study demon-
strated that specific neurotransmission tracers provide 
higher specificity in revealing the mesotelencephalic sys-
tem (nigro-striatal, mesolimbic, and mesocortical path-
ways) compared to metabolic connectivity. Notably, 
18F-FDOPA was more effective than 123I-FP-CIT in identify-
ing the mesotelencephalic system, indicating that these 
dopaminergic targets are not equivalent. The findings 
underscore the advantages of using 18F-FDOPA PET 
imaging for molecular connectivity, highlighting its supe-
rior sensitivity and specificity relative to 18F-FDG meta-
bolic connectivity and emphasising that the choice of 
imaging modality and neurotransmitter targeting is crucial.

Smart et  al. (2020) assessed the utility of four-
dimensional ICA application to a competition binding 
PET study using 11C(+)-PHNO PET tracer with the D3 
antagonist ABT-728, for the estimation of subtype-
specific receptor occupancy. The results showed that 
ICA identified two distinct components of change in 
binding on the basis of spatiotemporally coherent vari-
ance across subjects and time points. The spatial sources 
of these components were highly consistent with D2 and 
D3 related 11C(+)-PHNO binding distributions in the brain, 
suggesting that this analysis successfully separated each 
receptor subtype without any a priori assumptions. This 
interpretation was further supported by relative changes 
in the intensity of each source during blockade with the 
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D3-selective antagonist ABT-728, which were closely 
matched to region-based occupancy estimates.

Mihaescu et al. (2021) performed a graph theory anal-
ysis of D2 receptors measured with 11C-FLB-457 in two 
brain networks: the meso-cortical dopamine network and 
the meso-limbic dopamine network in PD patients with 
cognitive decline. The findings suggested how connec-
tivity dysregulation in extrastriatal dopamine networks 
may contribute to cognitive decline. Furthermore, this 
study wanted to highlight that multivariate network anal-
ysis captured different aspects of the dopaminergic dys-
function compared to univariate regional comparisons of 
localised receptor density differences.

Sala et al. (2021) examined the molecular connectivity 
alterations in AD, MCI, and HC subjects’ data measured 
with 123I-FP-CIT SPECT tracer using partial correlation 
with gender, age, and reconstruction method included as 
nuisance covariates. The study provided biological in 
vivo evidence for a significant derangement of the meso-
limbic dopaminergic system in AD, already plateauing in 
the prodromal stages. Both in vivo dopaminergic binding 
density and molecular connectivity analysis pointed to 
different degrees of vulnerability of the dopaminergic 
afferents from specific dopaminergic nuclei.

Rebelo et  al. (2021) used covariance statistics at 
molecular and functional levels (measured through fMRI) 
to explore striato-cortical links in PD in on/off medication 
states using 11C-Raclopride PET tracer. The study showed 
that functional and molecular forms of brain plasticity are 
related. These authors found a tight link between func-
tional activation and synaptic changes at the molecular 
level, reflecting network reorganisation of compensatory 
molecular and functional mechanisms in PD.

Peng et  al. (2021) found that PD-related pattern 
expression levels, calculated using SSM-PCA, and mea-
sured in early-phase 18F-FPCIT PET scans, discriminated 
patients with early-stage PD from age-matched HC sub-
jects with similar accuracy for the first 2, 5, and 10 min of 
the dynamic 18F-FPCIT PET acquisitions. These results 
suggested that dual-phase 18F-FPCIT PET is a viable 
methodology for quantitative assessment of PD-related 
metabolic brain networks, as an alternative to 18F-FDG 
PET, and presynaptic nigrostriatal dopaminergic func-
tioning in a single imaging session.

Sanchez-Catasus et  al. (2022) examined the striatal 
acetylcholine–dopamine imbalance hypothesis in early 
PD patients using dual-tracer PET and dopaminergic 
PET–informed correlational tractography. Firstly, the 
authors estimated the integrity of the dopaminergic 
nigrostriatal white matter tracts in PD subjects by incor-
porating molecular information from striatal 11C-DTBZ 
into the fibre-tracking process using correlational trac-
tography (based on quantitative anisotropy (QA)). Subse-

quently, they used voxel-based correlation to test the 
association of the mean QA of the nigrostriatal tract of 
each cerebral hemisphere with the striatal 18F-FEOBV 
DVR in PD subjects. The same analysis was performed 
for 11C-DTBZ DVR in 12 striatal subregions. Taken 
together, results provided in vivo evidence of the imbal-
ance between acetylcholine and dopamine signalling 
systems in the striatum in early PD.

Boccalini et al. (2022) investigated gender differences 
in the molecular connectivity of the dopaminergic sys-
tems using a large PPMI cohort of newly diagnosed and 
drug-naïve idiopathic PD patients measured with 123I-FP-
CIT SPECT. Partial correlation was used to assess 
regional co-variation in tracer uptake across subjects, 
and percentage of altered molecular connections in each 
network was used to quantify the severity of connectivity 
alterations between males and females. Results showed 
that nigrostriatal bindings and connectivity were more 
altered in males than females, providing unique evidence 
of gender effects in molecular connectivity of both dopa-
minergic systems affected by the disease.

Liu et  al. (2023) conducted a dual-tracer PET study 
employing both 11C-CFT DAT imaging and 18F-FDG imag-
ing to compare dopaminergic dysfunction and glucose 
metabolism characteristics in early-onset PD caused by 
different gene mutations (PRKN-EOPD and GU-EOPD) 
using seed-based correlation analysis. Results demon-
strated differences in the symmetry and severity of dopa-
minergic dysfunction between the two gene mutations, 
suggesting potential network reorganisation due to com-
pensatory mechanism in PRKN-EOPD which did not 
occur in those with GU-EOPD.

Boccalini et al. (2023) aimed to investigate molecular 
connectivity alterations in nigrostriatal and mesolimbic 
dopaminergic pathways focusing on sex differences by 
using 123I-FP-CIT binding in striatal and extrastriatal 
regions in patients with probable DLB (pDLB). Assess-
ment of molecular connectivity between targets of each 
dopaminergic pathway was performed via partial correla-
tion analysis, and percentage of altered molecular con-
nections in each network for males and females was 
calculated to quantify the severity of connectivity alter-
ations. Results showed that connectivity of the nigrostri-
atal and mesolimbic systems was affected in both sex 
groups but with different patterns, with pDLB females 
showing more long-distance connectivity alterations 
between subcortical and cortical regions of the dopami-
nergic systems.

Caminiti et al. (2023) using 123I-FP-CIT SPECT imaging 
adopted correlation analysis to assess the involvement of 
the ventral and dorsal dopaminergic circuitries in prodro-
mal and clinical phases of DLB. Correlation analyses 
assessed the significant differences in connectivity 
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between each clinical group and a subgroup of control 
subjects. This work provided the first evidence of wide-
spread adaptive reconfigurations of dopaminergic net-
works in the continuum of Lewy body disease. The 
dopaminergic network showed an extensive increase of 
connectivity in prodromal phases, both in dorsal and ven-
tral dopaminergic systems, supporting adaptive/com-
pensating mechanisms, whereas a widespread loss of 
connectivity was prominent in overt DLB.

Luo et al. (2023) using 11C-CFT and 18F-FDG PET imag-
ing investigated the effects of Subthalamic nucleus (STN) 
deep brain stimulation (DBS) on the distribution of presyn-
aptic DAT and the pattern of cerebral glucose metabolism 
in PD patients before and after surgery. By applying SSM-
PCA, they found that STN-DBS could modify the cerebral 
network without preventing striatal DAT decline. On the 
other hand, UPDRS-III scores, particularly resting tremor 
and rigidity, were significantly reduced after STN-DBS sur-
gery, confirming that STN-DBS is an effective therapeutic 
approach in controlling symptoms in patients with PD.

Boccalini et  al. (2024) investigated dopamine trans-
porter, using semiquantitative 123I-FP-CIT SPECT imag-
ing, in a large cohort of idiopathic PD patients, healthy 
subjects and Scan Without Evidence of Dopaminergic 
Deficit (SWEDD) cases. Their covariance statistics analy-
sis highlighted distinct clinical and molecular trajectories 
of PD and SWEDD subjects. SWEDD subjects were char-
acterised by prominent non-motor symptoms, absence 
of hyposmia, and generally preserved dopaminergic 
binding, but prevalent mesocorticolimbic connectivity 
impairment, suggesting other mechanisms contributing 
to SWEDD pathophysiology.

Finally, by using the world’s largest combined 11C-
SCH23390 D1 receptors PET and MRI dataset from the 
DyNAMiC study, Pedersen et  al. (2024) tested the 
hypothesis that D1 receptors organisation is aligned with 
functional architecture and that inter-regional relation-
ships in D1 receptors co-expression modulates functional 
cross-talk in control subjects. They applied a nonlinear 
embedding approach where functional and dopaminer-
gic organisations were characterised as a set of low-
dimensional manifolds and extended this analysis also to 
individual participants. Results demonstrated that D1 
receptors organisation followed a unimodal–transmodal 
hierarchy, expressing a high spatial correspondence to 
the principal gradient of functional connectivity. They 
also demonstrated that individual differences in D1 recep-
tors density between unimodal and transmodal regions 
were associated with functional differentiation of the api-
ces in the cortical hierarchy. Finally, they showed that 
spatial co-expression of D1 receptors primarily modu-
lates couplings within, but not between, functional net-
works. Together, these results showed that D1 receptors 

co-expression provides a biomolecular layer to the func-
tional organisation of the brain.

3.2.2.  Serotonin system

Several studies have also investigated the brain network 
alterations in serotonin neurotransmission, mainly in neu-
ropsychiatric disorders.

Hahn et  al. (2010) explored the association of sero-
tonin-1A receptor binding obtained with 11C-WAY-100635 
PET imaging in the dorsal raphe nucleus and the entire 
brain in anxiety disorder patients before and after escit-
alopram treatment using covariance statistics, revealing 
enhanced autoreceptor-to-heteroreceptor binding cor-
relation after treatment. Results underlined the evaluation 
of neurotransmitter systems on a network level poten-
tially provides important complementary information to 
regional receptor levels.

Tuominen et  al. (2014) applied a seed-based voxel-
wise correlation analysis method for studying internal neu-
rotransmitter network structure and intercorrelations of 
different neurotransmitter systems in the human brain of 
HC subjects. They evaluated serotonin transporter 
(11C-MADAM) and µ-opioid (11C-Carfentanil) receptor BPND 
intra- and intercorrelations. The analyses revealed nonuni-
formity in the serotonin transporter intracorrelations and 
identified a highly connected local network. Regionally 
specific intercorrelations between the opioid and sero-
tonin tracers were found in areas relevant to several neu-
ropsychiatric disorders, especially affective disorders.

Hahn et  al. (2014) investigated serotonin transporter 
associations using 11C-DASB PET tracer in major depres-
sion from a network perspective, revealing disturbances 
in a major serotonin pathway. They identified the distur-
bance of a major 5-HT pathway in MDD through an inter-
regional correlation approach. Results suggested a 
reduced serotonin transporter association between the 
midbrain dorsal raphe and the ventral striatum/nucleus 
accumbens complementing the biological mechanisms of 
anhedonia in major depression and further underline the 
importance of the serotonergic system in reward process-
ing. These results emphasised the importance of investi-
gating neurotransmitter systems on a network level.

Nørgaard et  al. (2017) employed a multivariate PLS 
approach to identify a pattern of serotonin transporter (5-
HTT) levels, measured with 11C-DASB PET imaging, fluc-
tuating with group and season in seasonal affective 
disorder (SAD) a subtype of MDD. The method was able 
to identify and map a whole-brain pattern of 5-HTT levels 
that distinguished the brains of females without SAD 
from females suffering from SAD.

Vanicek et al. (2017) investigated the altered interre-
gional molecular associations of the serotonin trans-
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porter in ADHD using PET imaging. They utilised 
11C-DASB PET to assess SERT binding potential in 
regions rich in SERT and observed differences in SERT 
availability between adult patients with ADHD and healthy 
controls. Additionally, they conducted a correlational 
analysis to examine the interregional association of SERT 
binding, finding significant interregional differences in 
SERT BPND correlations.

Fu et al. (2018) applying SSM-PCA to 11C-DASB PET 
data, identified a serotonergic spatial covariance pattern 
characteristic of PD, strongly correlated with disease 
duration and dopaminergic denervation measured with 
11C-DTBZ PET imaging. The study highlighted that com-
pared to previously used univariate analysis approaches, 
the spatial covariance method was found to be more 
sensitive in identifying disease-related abnormalities 
since no correlation between DTBZ and DASB BPND val-
ues of individual regions was found, suggesting PD 
affects the serotonergic system on a more global network 
level rather than any particular region in isolation. These 
findings suggested that disease-induced alterations of 
the serotonergic system, rather than being purely local, 
also affect interactions between separate regions in a 
disease-specific fashion and are closely linked to abnor-
malities in the dopaminergic system.

Similarly, Pillai et  al. (2019) investigated molecular 
connectivity disruptions in MDD using covariance statis-
tics applied to 11C-WAY-100635 PET data. Results 
showed compromised structural and compensatory 
mechanisms of post-synaptic receptor regulation in MDD 
men. Interestingly, the study suggested that these indi-
vidual differences in molecular connectivity between HC 
and MDD were so large that they may serve as a bio-
marker for the disorder.

Fazio et al. (2020) examined the impairment of sero-
tonin transporter availability measured with 11C-MADAM 
PET in early non-depressed PD patients using covari-
ance statistics and graph metrics, detecting network 
changes preceding overt depletion in the serotoninergic 
system. The findings indicated that the serotoninergic 
system might become involved in PD patients as the dis-
ease progresses and importantly this finding was only 
captured by network measures, but not by direct regional 
binding.

Smith et al. (2023) studied the association between 
serotonin degeneration measured with 11C -DASB and 
beta-amyloid deposition in mild cognitive impairment 
measured with 11C-PIB using a multi-modal PLS algo-
rithm. This approach identified a spatial covariance pat-
tern that distinguished MCI from healthy controls 
characterised by lower serotonin transporter availability 
and greater cortical amyloid deposition. The pattern was 
expressed to a significantly greater extent in the MCI rel-

ative to the control group and was correlated with 
impairment in memory and executive function in the MCI 
group.

3.2.3.  Opioid system

Only two studies employed covariance analysis to inves-
tigate the modulation of µ-opioid receptor activity and its 
implications in disease conditions. Wager et  al. (2007) 
investigated the placebo effects on µ-opioid receptor 
binding potential using 11C-carfentanil PET imaging in 
HC. Through interregional correlations, the authors found 
that placebo treatment increased functional connectivity 
between µ-opioid-rich limbic and paralimbic regions, 
suggesting a mechanism for placebo-induced pain relief 
mediated by the endogenous opioid system.

In contrast, Ashok et al. (2019) utilised 11C-carfentanil 
PET imaging to examine µ-opioid receptor availability in 
Schizophrenia patients. Their findings revealed reduced 
µ-opioid receptor availability in the striatum and brain 
regions associated with hedonic responses compared to 
healthy controls. Furthermore, correlation analysis indi-
cated a significant global increase in µ-opioid receptor 
connection strength in Schizophrenia patients relative to 
controls, highlighting aberrant µ-opioid system activity in 
the context of Schizophrenia pathology.

3.2.4.  Muscarinic receptor system

Colloby et al. (2020) conducted two studies investigating 
cholinergic muscarinic M1/M4 receptor networks in DLB 
and PD, respectively. In the study on DLB, they utilised 
spatial covariance analysis on 123I-QNB SPECT scans to 
explore muscarinic M1/M4 connectivity in Cholinesterase 
Inhibitor (ChEI) naive patients. They identified baseline 
spatial covariance patterns of M1/M4 receptors that dis-
tinguished DLB from healthy individuals and were associ-
ated with positive changes in global cognition and 
neuropsychiatric symptoms after ChEI treatment. These 
findings suggested that specific brain regions play a cru-
cial role in the neuropsychiatric profile of DLB. In the PD 
study (Colloby et  al., 2021), they employed a similar 
approach using 123I-QNB SPECT scans to derive patterns 
distinguishing PD from healthy individuals and correlating 
with global cognition, motor severity, and cognitive 
decline in PD patients. They identified multiple choliner-
gic muscarinic receptor networks in PD, with cognition 
and motor severity showing similar topography, suggest-
ing related cholinergic mechanisms underlying both phe-
notypes. The relative decrease in M1/M4 receptor 
expression within default mode network and frontal exec-
utive hubs could potentially serve as an indicator of future 
cognitive decline in PD.
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3.2.5.  Glutamate receptor system

DuBois et al. (2021) conducted a study aiming to charac-
terise the mGluR5 network in patients with focal cortical 
dysplasia (FCD) using 11C-ABP688 PET imaging. Through 
graph theoretical analysis based on the comparison of 
probability density function of each regional BPND, at the 
individual subject level, calculated by Jensen-Shannon 
divergence, they revealed abnormalities in large-scale 
mGluR5 networks linked to the duration of epilepsy in 
FCD patients. Their findings indicated decreased resil-
ience and global efficiency, suggesting a less integrated 
network in FCD patients. These results support the notion 
that FCD may be better understood as a system-wide 
disorder rather than a focal abnormality from a glutama-
tergic neuroreceptor perspective. The graph approach 
employed in this study allows for the comparison of neu-
roreceptor systems imaged with PET to other measures 
of functional and structural connectivity, offering insights 
into the broader neurological implications of FCD.

3.2.6.  Synaptic density

The studies by Fang et al. (2021) delve into the explora-
tion of synaptic density networks. In the first study, the 
authors employed ICA on 11C-UCB-J PET data to identify 
coherent patterns of synaptic density variability in healthy 
individuals. The analysis revealed sample-independent 
networks consistently extracted across different model 
orders, suggesting that these networks contain both 
complementary and unique information compared to 18F-
FDG PET and resting state-fMRI. In their second study, 
Fang et  al. (2023) expanded on this by using ICA to 
examine associations between resting-state network 
(RSN) fluctuations and synaptic density using multimodal 
fMRI and 11C-UCB-J PET in healthy controls. They found 
potential links between RSN activity and 11C-UCB-J 
source networks, indicating that synaptic density net-
works may be intricately connected to the functioning of 
large-scale intrinsic brain networks. These findings shed 
light on the relationship between synaptic physiology and 
brain network organisation that can be captured through 
the application of connectivity/multivariate approaches, 
providing valuable insights into the underlying mecha-
nisms of brain function.

4.  DISCUSSION

In this paper, we explored the use of molecular imaging 
to study neurotransmission through a connectivity lens. 
We reviewed studies involving healthy volunteers, neuro-
logical diseases, psychiatric disorders, and other condi-
tions, aiming to encompass all relevant applications 

discussed in the literature. We examined studies employ-
ing various methods, such as covariance statistics and 
network analyses, which complement traditional univari-
ate approaches. Collectively, these findings reveal pat-
terns of molecular connectivity that are essential for 
understanding disease mechanisms.

4.1.  The value of molecular connectivity  
for studying neurotransmission

The reviewed studies highlight how molecular connectiv-
ity is frequently employed alongside traditional univariate 
analyses to strengthen research findings. Often, multivar-
iate and network-based methods are used to comple-
ment and validate results from conventional univariate 
approaches, enhancing the robustness and reproducibil-
ity of conclusions by offering a broader contextual per-
spective and reinforcing initial insights approaches 
(Ashok et al., 2019; Boccalini et al., 2024; Caminiti et al., 
2017; Hahn et al., 2010; Sala et al., 2021; Vanicek et al., 
2017; Wager et  al., 2007). Beyond simply confirming 
results, molecular connectivity has also provided novel 
insights and uncovered patterns otherwise undetectable 
through univariate methods alone (Boccalini et al., 2024; 
Colloby et al., 2020; Kaasinen et al., 2006; Liu et al., 2023; 
Smart et  al., 2020; Worhunsky et  al., 2017). This inte-
grated approach is capable of merging localised insights 
with broader network-level relationships, increasing the 
robustness of findings and opening avenues for further 
applications.

Notably, several studies have positioned molecular 
connectivity as the primary analytical method (DuBois 
et al., 2021; Fazio et al., 2020; Fu et al., 2019; Mihaescu 
et  al., 2021; Pedersen et  al., 2024; Sanchez-Catasus 
et al., 2022; Veronese et al., 2019). Although this is less 
common, it highlights a growing focus on network-level 
hypotheses in PET research, where molecular connectiv-
ity serves as the main investigative tool rather than sec-
ondary support. This shift underscores the view that the 
understanding of brain physiology and disease mecha-
nisms requires a global, interconnected perspective 
beyond isolated regional analyses (Fazio et  al., 2020; 
Hahn et al., 2010; Sporns et al., 2005).

The literature reviewed highlights that the primary 
advantage of multivariate and network-based approaches 
is their capacity to assess molecular interactions at a 
systemic level. A particularly notable observation was the 
involvement of the dopaminergic system at a broader 
level, extending beyond the dopaminergic regions typi-
cally targeted by radiotracers (e.g., extrastriatal regions).

These methods reveal coordinated, disease-related 
changes across multiple regions and modular network 
alterations that affect overall system function, underscoring 
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the necessity of a comprehensive approach to detect 
such patterns. Through these methodologies, researchers 
have identified spatial patterns of alterations and pathway 
disruptions linked to disease origins, reinforcing the value 
of network-level analysis in understanding disease aetiol-
ogy (Fu et al., 2018; Kaasinen et al., 2006; J. Kim et al., 
2018; Liu et al., 2023; Yasuno et al., 2005).

Similarly, “disease-specific brain networks” have been 
associated with stage-dependent disease changes and 
compensatory processes (Fu et al., 2019; Klyuzhin et al., 
2018; Rebelo et al., 2021; Worhunsky et al., 2017). Such 
approaches effectively distinguish healthy from diseased 
individuals and differentiate among disease subtypes 
(Boccalini et  al., 2022; Caminiti et  al., 2023; Liu et  al., 
2023). Furthermore, they reveal statistically significant 
correlations with disease duration and cognitive mea-
sures, underscoring their clinical relevance (Colloby et al., 
2020, 2021; Smith et al., 2023).

Molecular connectivity has proven particularly insight-
ful in studying neurodegenerative diseases, where wide-
spread and progressive pathology is better characterised 
by group-level molecular covariance, as opposed to focal 
pathologies where individual-level analysis is required 
(Vallini et al., 2024). PD is the most extensively studied 
condition, with researchers systematically uncovering 
multivariate and network-level dysregulation patterns 
within dopaminergic pathways (Boccalini et  al., 2024; 
Caminiti et al., 2017) and their associations with symp-
tom onset and disease progression (Fu et  al., 2019; 
Klyuzhin et al., 2018). Further research suggested that as 
PD advances, the serotonergic system may become 
involved, likely exhibiting a broader impact compared to 
the localised effects typically observed within the dopa-
minergic system (Fazio et al., 2020). This finding implies 
that the long-recognised association between dopamine 
and PD may not be as robust as that between serotonin 
and PD. Supporting this, Fu et  al. (2018) reported that 
disease-induced alterations in the serotonergic system 
affect interactions between distinct brain regions in a 
manner specific to PD, closely tied to abnormalities 
within dopaminergic pathways. Ultimately, cognitive 
decline in PD has been linked to changes in extrastriatal 
dopaminergic patterns (Mihaescu et al., 2021).

Several studies have also investigated DLB, revealing 
notable findings. Boccalini et  al. (2023) observed 
affected connectivity within both the nigrostriatal and 
mesolimbic systems in DLB, with notable sex-based 
connectivity variations. Caminiti et al. (2023) identified a 
marked increase in dopaminergic connectivity during 
DLB’s prodromal stages, suggesting adaptive mecha-
nisms at work. Additionally, Colloby et al. (2020) found 
spatial covariance patterns in M1/M4 receptors that dis-
tinguish DLB from healthy individuals and are associ-

ated with cognitive and neuropsychiatric improvements 
following ChEI.

A portion of reviewed studies have explored network 
patterns across different radiotracers, offering insights 
into complementary and regulatory neurotransmitter 
dynamics that may contribute to specific disorders. For 
example, Sanchez-Catasus et  al. (2022) demonstrated 
an imbalance between acetylcholine and dopamine sig-
nalling in the striatum during early PD. Tuominen et  al. 
(2014) noted significant opioid-serotonin tracer intercor-
relations in regions linked to neuropsychiatric conditions, 
especially affective disorders, while Smith et  al. (2023) 
distinguished MCI from healthy controls through a sero-
tonin and amyloid covariance pattern.

Notable findings have also emerged from studies com-
paring or integrating molecular connectivity with other 
imaging modalities. J. Kim et al. (2018) noted spatial alter-
ations in D

2 and D3 receptor availability post-antipsychotic 
treatment, aligning with functional connectivity changes, 
while Rebelo et  al. (2021) demonstrated connections 
between functional activation and molecular-level synap-
tic changes in PD, suggesting compensatory reorganisa-
tion mechanisms. Pedersen et  al. (2024) mapped D1 
receptor organisation along a unimodal-transmodal gra-
dient closely aligned with the brain’s primary functional 
gradient. Fang et al. (2023) reported potential ties between 
resting-state network activity and synaptic density, sug-
gesting that synaptic density may significantly influence 
large-scale brain network function.

Major neurotransmitter systems—including dopaminer-
gic, serotonergic, and opioidergic systems—demonstrate 
strong alignment with structural and functional connectiv-
ity patterns in the brain (Hansen et al., 2022). Consequently, 
mapping the brain-wide distribution of radiotracers pro-
vides valuable insights into the connectivity dynamics of 
specific neurotransmitter systems (Hahn et al., 2019), pav-
ing the way for future multi-tracer and multi-modality stud-
ies in molecular connectivity research.

4.2.  Methodological advances and considerations

The reviewed papers highlight several innovative method-
ologies for studying neurotransmission through molecular 
connectivity, extending beyond conventional intercorrela-
tion techniques and covariance statistics. For instance, 
the method proposed by Fu et al. (2019) employed joint 
pattern analysis canonical correlation to integrate infor-
mation from multiple PET tracers allowing the evaluation 
of the interplay between two different receptor systems. 
This method demonstrated the potential of such 
approaches to integrate different tracers and go beyond 
the investigation of one receptor system at a time, which 
is often challenging with traditional correlation analyses. 
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Furthermore, Sanchez-Catasus et al. (2022) proposed a 
dopaminergic PET-Informed Correlational Tractography 
which integrated the information of striatal dopamine into 
the white matter fibre reconstruction process to optimally 
guide tract reconstruction with dopaminergic specificity. 
The resulting metrics were then correlated to striatal 
dopamine and cholinergic signals, showing stronger and 
more robust associations with respect to non-informed 
tractography. Through this approach, this study showed 
that merging information from multiple modalities allows 
obtaining results with higher biological specificity.

Similarly, Worhunsky et al. (2017) applied ICA to 11C(+)-
PHNO PET BPND data to separate D2 and D3 receptors 
distribution, effectively isolating distinct sources of radio-
tracer signal. This approach enabled a nuanced analysis 
of receptor subtypes, previously unattainable through 
conventional D2/D3 radioligand analyses, underscoring 
the advantage of 11C(+)-PHNO PET in investigating con-
current changes in D2 and D3 receptors.

Finally, Pedersen et  al. (2024) utilised a nonlinear 
embedding approach to decompose group representa-
tive covariance maps into low-dimensional manifolds, 
elucidating transitions in covariance patterns of D1 recep-
tors across the cortical surface and linking dopamine 
expression to functional brain organisation. The pro-
posed approach could be a valuable tool to decompose 
and integrate the information provided by different imag-
ing modalities or different molecular targets, allowing to 
uncover possible interactions that would be difficult to 
establish with “common” connectivity approaches.

These methodological advancements deepen the 
understanding of regional relationships and facilitate the 
integration of molecular data among different tracers and 
complementary imaging modalities. This integration pro-
vides a holistic understanding of connectivity across mul-
tiple hierarchical levels and paves the way for numerous 
future applications.

Overall, these findings underscore the advantages of 
network-level approaches over traditional quantitative 
analyses. They offer novel insights not discernible through 
conventional methods, frequently extending the results 
obtained with univariate approaches, and provide a robust 
framework for integrating multiple sources of information, 
thereby broadening the potential scope of future applica-
tions. Nonetheless, the adoption of such techniques 
should be contingent upon rigorous statistical and mecha-
nistic validation, ensuring that analyses are as complex as 
necessary to achieve reliable outcomes, but not unduly so.

4.3.  Limitations and future prospectives

Despite the promise of molecular connectivity, the field 
faces several challenges. There is a lack of standard ter-

minology and consistent methods, making it difficult to 
compare results across studies. For instance, not all 
studies used the terms “connectivity,” “network,” or 
“covariance” consistently when employing these 
approaches. This variability in nomenclature is also influ-
enced by the studies’ year of publication, since through-
out the years the definition of brain connectivity has 
changed. Only recently, the terminology used in func-
tional connectivity with fMRI has become aligned to the 
PET field (Seeley et al., 2009; Volpi et al., 2023).

Another limitation is the methodological fragmentation 
across studies, which hinders direct comparisons 
between methodologies and complicates the replication 
and validation of results. There is a notable lack of best 
practices for data processing, network construction, and 
network statistics, as well as inadequate validation of key 
factors such as statistical thresholds, appropriate sample 
sizes, and the inclusion of normal control groups for com-
parison. As a result, variations in methodological 
approaches, including the radiotracer/target chosen, the 
construction of the connectivity matrix, data acquisition, 
scanner type and resolution, radiotracer specificity to 
neurotransmitter systems, off-target binding/kinetic 
parameter outcome of interest, processing techniques, 
and standardisation protocols, can lead to discrepancies 
in results across studies (Veronese et al., 2019).

Furthermore, the absence of robust validation mecha-
nisms for the obtained results exacerbates these chal-
lenges. While statistical validation is common, the lack of 
validation through pharmacological agents or ex vivo 
data undermines the credibility and interpretability of the 
findings. One example is represented by the use of sev-
eral dopamine-based PET imaging to explore cortical 
connections. While it is possible to investigate dopamine 
extrastriatal signals (see, e.g., Olsson et al., 1999), there 
are brain regions where the PET signal for dopamine-
target tracers is driven by perfusion and non-specific 
binding rather than dopamine. Therefore, even if a strong 
statistical effect can be found for these regions, the inter-
pretation via dopamine-mediated mechanisms remains 
questionable and warrants further investigations. Addi-
tionally, the scarcity of longitudinal studies prevents the 
assessment of these molecular connectivity approaches 
in tracking network alterations and changes over time 
throughout the course of a disease.

Finally, most molecular connectivity results are based 
on group-level analyses due to the inherently “static” 
nature of PET images (Yakushev et al., 2017), which con-
tain either tracer uptake values averaged over a certain 
time window or parametric values derived from the trac-
er’s dynamics. This limitation makes within-subject 
“fMRI-like” analysis of PET images challenging, resulting 
in molecular connectivity analysis typically being 
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performed at the group level. Recently, new studies have 
conducted single-subject level analyses using static PET 
data through specific methodologies like Jensen-
Shannon entropy (W. Li et  al., 2023), Kullback-Liebler 
divergence (Wang et  al., 2020), and perturbation 
approaches (Sun et al., 2022). However, these applica-
tions are still limited and not validated. The SSM-PCA 
method (Spetsieris et  al., 2013) represents a validated 
candidate methodology for the identification of specific 
disease-related patterns and prospective quantification 
at the single-subject level. This approach assigns a score 
to quantify the extent to which a given patient expresses 
a certain disease pattern. The technique has been pri-
marily applied to 18F-FDG PET scans for differential diag-
nosis, prognosis, and tracking disease progression 
(Perovnik et  al., 2023). However, incorporating neu-
rotransmitter radiotracer imaging could provide deeper 
insights into the pathophysiology of specific diseases as 
demonstrated by Fu et al. (2018), Luo et al. (2023), and 
Peng et  al. (2021). Another line of research applies 
network-based approaches to dynamic bolus injection 
and infusion data, often called functional PET (fPET), 
attempting to mimic the approaches used for functional 
connectivity in fMRI, opening new possibilities for assess-
ing molecular connectivity at the individual level. Until 
now, this has only been applied to 18F-FDG PET data 
(Hahn et al., 2024; Jamadar et al., 2021). The only study 
in the literature using fPET data with a neurotransmitter 
tracer (18F-DOPA) is the one by Hahn et  al. (2021), 
although it employed only univariate analysis methods. 
Future studies could extend these results by applying 
connectivity-based approaches.

The existing literature predominantly focuses on the 
dopamine and serotonin systems, as these neurotrans-
mitters are among the most frequently studied and uti-
lised tracers. Consequently, there is a notable gap in 
research concerning other tracers. Further investigation 
into these less-explored tracers is necessary to enhance 
our understanding of their complementary roles in neural 
connectivity and to elucidate how their inclusion may 
advance the field’s comprehension of behaviour and dis-
ease states. Overall, molecular connectivity metrics of 
neurotransmission have demonstrated significant poten-
tial as biomarkers for diagnostic (e.g., Peng et al., 2021) 
and prognostic (e.g., Fu et al., 2018) purposes, and for 
evaluation of the effects of candidate treatments on brain 
function (e.g., Colloby et al., 2020; Luo et al., 2023). To 
capitalise on this potential, future research should priori-
tise the development and application of methodologies 
tailored to single-subject-level analyses. Such approaches 
will enable more precise inferences across various mea-
sures by uncovering associations with other imaging 
parameters, clinical symptoms, neuropsychological defi-

cits, and the outcomes of emerging treatments. This will 
foster a more personalised and accurate understanding 
of individual variability, enhancing the granularity of find-
ings and their applicability to diverse populations.

Ensuring replicability and robustness of results is 
equally essential and can be achieved by leveraging 
large, diverse cohorts that include both healthy individu-
als and patient groups. Moreover, research should focus 
on evaluating changes in molecular connectivity induced 
by treatments and therapeutic drugs, assessing their 
impact across different populations.

Future longitudinal studies are particularly critical for 
tracking specific diseases over time. These studies will 
provide deeper insights into how molecular connectivity 
evolves and how it is influenced by disease progression or 
treatment outcomes. Robust biological validation should 
also remain a priority, with a focus on preclinical models 
that enable controlled experimentation. These models, 
including those replicating disease-specific conditions or 
pharmacological interventions, provide a valuable frame-
work for testing causal relationships between biological 
mechanisms, molecular connectivity, and network metrics.

This integrated approach will not only advance the 
field of molecular connectivity but also aid in the develop-
ment of personalised, effective interventions that address 
the unique needs of individual patients.

Ultimately, the technological advancements currently 
occurring in the field of molecular imaging may offer inno-
vative solutions for validating molecular connectivity 
methodologies. For example, the higher sensitivity and 
unique spatial and temporal resolution of the new genera-
tion digital PET/CT systems, such as NeuroEXPLORER (H. 
Li et al., 2024), allow for imaging neurotransmitter release 
and small brain structures in ways that were never possi-
ble before. This enables mechanistic experiments capable 
of proving causality for what are now merely statistical 
associations. Similarly, the use of total-body long-axial-
field of view scanners, such as uEXPLORER (Spencer 
et al., 2021), has introduced exciting possibilities to inves-
tigate the brain-body interactions (Nummenmaa, 2022). In 
this regard, molecular connectivity frameworks are partic-
ularly appealing statistical tools to investigate human 
physiology with a holistic approach. This applies not only 
to metabolism and inflammatory targets but also to synap-
tic transmission, as many body organs (i.e., gut and pan-
creas) contain receptor systems similar to those expressed 
in the brain (Bini et al., 2020).

5.  CONCLUSIONS

In summary, this review has explored how connectivity-
based methods are changing the way we study neuro-
transmission using molecular imaging. Our comprehensive 
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search highlighted the diverse applications and methodol-
ogies employed in this field, with a strong emphasis on 
their utility in studying neurodegenerative diseases and 
psychiatric disorders. The integration of approaches like 
covariance statistics and network analyses, alongside tra-
ditional methods, has helped us gain a better understand-
ing of how neurotransmission systems work. These 
methods not only reinforce results from conventional anal-
yses but also reveal new patterns of molecular activity that 
are critical for understanding disease mechanisms. How-
ever, despite the promising potential of these molecular 
connectivity methodologies, the field still faces several 
challenges. The lack of consistent nomenclature, varied 
methods, and a lack of strong validation highlight the need 
to establish best practices, robust validation protocols, 
and validation through application in drug studies, to push 
this research forward and bring it into clinical use.

In conclusion, molecular connectivity research offers 
significant advantages over traditional methods, provid-
ing deeper insights into brain function and disease mech-
anisms. As the field continues to evolve, embracing these 
advanced methodologies will be essential to understand 
the complexities of the human brain and improve the 
robustness and applicability of research findings in clini-
cal settings.
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ANNEX 1

Search Strategy for MEDLINE/Ovid

	 1.	� Exp Positron Emission Tomography/
	 2.	� (PET adj1 (imaging* OR scan* OR CT)).ti,ab,kf.
	 3.	� (positron adj1 emission adj1 tomograph*).ti,ab,kf.
	 4.	� Tomography, Emission-Computed, Single-Photon/
	 5.	� Single Photon Emission Computed Tomography/
	 6.	� (single-photon adj1 emission adj3 (tomograph* OR 

scan* OR imaging*)).ti,ab,kf.
	 7.	� SPECT.ti,ab,kf.
	 8.	� 1 OR 2 OR 3 OR 4 OR 5 OR 6 OR 7
	 9.	� Connectome/
	 10.	� connectivity OR connectome* OR connectomic* 

OR intercorrelation* OR covariance*.ti, ab,kf.
	 11.	� 9 OR 10
	 12.	� 8 AND 11
	 13.	� exp “Animals”/ not “Humans”/
	 14.	� 12 not 13

https://molecularconnectivity.com/
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Search Strategy for EMBASE

	 1.	� positron emission tomography’/de
	 2.	� (PET NEAR/1 (imaging* OR scan* OR CT)):ti,ab,kw
	 3.	� (positron NEAR/1 emission NEAR/1 tomograph*): 

ti,ab,kw
	 4.	� ‘positron emission tomography-computed tomog-

raphy’/exp
	 5.	� ‘single photon emission computed tomography’/

exp
	 6.	� (single-photon NEAR/1 emission NEAR/3 (tomo-

graph* OR scan* OR imaging*)):ti,ab,kw
	 7.	� SPECT:ti,ab,kw
	 8.	� #1 OR #2 OR #3 OR #4 OR #5 OR #6 OR #7
	 9.	� connectome/de
	 10.	� connectivity OR connectome* OR connectomic* 

OR intercorrelation* OR covariance*:ti, ab,kf.
	 11.	� #9 OR #10
	 12.	� #8 AND #11
	 13.	� ‘animal model’/exp OR ‘animal’/exp OR ‘animal 

experiment’/exp not Human/exp
	 14.	� #12 NOT #13

Search Strategy for Scopus

	 1.	� TITLE-ABS-KEY(PET W/1 (imaging OR scan OR 
CT))

	 2.	� TITLE-ABS-KEY(positron W/1 emission W/1 tomo-
graph*)

	 3.	� TITLE-ABS-KEY(single-photon W/1 emission W/3 
(tomograph* OR scan OR imaging))

	 4.	� TITLE-ABS-KEY(SPECT)
	 5.	� #1 OR #2 OR #3 OR #4
	 6.	� TITLE-ABS-KEY (connectivity OR connectome OR 

connectomic OR intercorrelation OR covariance)
	 7.	� #5 AND #6
	 8.	� INDEXTERMS (animals OR animal) AND NOT 

INDEXTERMS (human OR humans)
	 9.	� #7 NOT #8

REFERENCES

Ametamey, S. M., Honer, M., & Schubiger, P. A. (2008). 
Molecular Imaging with PET. Chemical Reviews, 108(5), 
1501–1516. https://doi​.org​/10​.1021​/cr0782426

Ashok, A. H., Myers, J., Reis Marques, T., Rabiner, E. A., 
& Howes, O. D. (2019). Reduced mu opioid receptor 
availability in schizophrenia revealed with [11C]-
carfentanil positron emission tomographic Imaging. 
Nature Communications, 10(1), 4493. https://doi​.org​/10​
.1038​/s41467​-019​-12366​-4

Bega, D., Kuo, P. H., Chalkidou, A., Grzeda, M. T., 
Macmillan, T., Brand, C., Sheikh, Z. H., & Antonini, 
A. (2021). Clinical utility of DaTscan in patients with 
suspected Parkinsonian syndrome: A systematic review 

and meta-analysis. Npj Parkinson’s Disease, 7(1), 43. 
https://doi​.org​/10​.1038​/s41531​-021​-00185​-8

Bennett, M. V. L., & Zukin, R. S. (2004). Electrical coupling 
and neuronal synchronization in the mammalian brain. 
Neuron, 41(4), 495–511. https://doi​.org​/10​.1016​/S0896​
-6273(04)00043​-1

Bini, J., Sanchez-Rangel, E., Gallezot, J.-D., Naganawa, M., 
Nabulsi, N., Lim, K., Najafzadeh, S., Shirali, A., Ropchan, 
J., Matuskey, D., Huang, Y., Herold, K. C., Harris, P. E., 
Sherwin, R. S., Carson, R. E., & Cline, G. W. (2020). PET 
imaging of pancreatic dopamine D2 and D3 receptor 
density with 11C-(+)-PHNO in type 1 diabetes. Journal 
of Nuclear Medicine, 61(4), 570–576. https://doi​.org​/10​
.2967​/jnumed​.119​.234013

Boccalini, C., Carli, G., Pilotto, A., Padovani, A., & Perani, 
D. (2022). Gender differences in dopaminergic system 
dysfunction in de novo Parkinson’s disease clinical 
subtypes. Neurobiology of Disease, 167, 105668. https://
doi​.org​/10​.1016​/j​.nbd​.2022​.105668

Boccalini, C., Nicastro, N., Perani, D., & Garibotto, V. (2024). 
Distinctive clinical and imaging trajectories in SWEDD 
and Parkinson’s disease patients. NeuroImage: Clinical, 
42, 103592. https://doi​.org​/10​.1016​/j​.nicl​.2024​.103592

Boccalini, C., Nicastro, N., Peretti, D. E., Caminiti, S. P., 
Perani, D., & Garibotto, V. (2023). Sex differences 
in dementia with Lewy bodies: An imaging study of 
neurotransmission pathways. European Journal of 
Nuclear Medicine and Molecular Imaging, 50(7), 2036–
2046. https://doi​.org​/10​.1007​/s00259​-023​-06132​-4

Bullmore, E., & Sporns, O. (2009). Complex brain networks: 
Graph theoretical analysis of structural and functional 
systems. Nature Reviews Neuroscience, 10(3), 186–198. 
https://doi​.org​/10​.1038​/nrn2575

Calhoun, V. D., Liu, J., & Adalı, T. (2009). A review of group 
ICA for fMRI data and ICA for joint inference of imaging, 
genetic, and ERP data. NeuroImage, 45(1), S163–S172. 
https://doi​.org​/10​.1016​/j​.neuroimage​.2008​.10​.057

Caminiti, S. P., Pilotto, A., Premi, E., Galli, A., Ferrari, 
E., Gipponi, S., Cottini, E., Paghera, B., Perani, D., 
& Padovani, A. (2023). Dopaminergic connectivity 
reconfiguration in the dementia with Lewy bodies 
continuum. Parkinsonism & Related Disorders, 108, 
105288. https://doi​.org​/10​.1016​/j​.parkreldis​.2023​.105288

Caminiti, S. P., Presotto, L., Baroncini, D., Garibotto, V., 
Moresco, R. M., Gianolli, L., Volonté, M. A., Antonini, 
A., & Perani, D. (2017). Axonal damage and loss of 
connectivity in nigrostriatal and mesolimbic dopamine 
pathways in early Parkinson’s disease. NeuroImage: 
Clinical, 14, 734–740. https://doi​.org​/10​.1016​/j​.nicl​.2017​
.03​.011

Carson, R. E., Naganawa, M., Toyonaga, T., Koohsari, S., 
Yang, Y., Chen, M.-K., Matuskey, D., & Finnema, S. J. 
(2022). Imaging of Synaptic Density in Neurodegenerative 
Disorders. Journal of Nuclear Medicine, 63(Suppl. 1), 
60S–67S. https://doi​.org​/10​.2967​/jnumed​.121​.263201

Cervenka, S., Varrone, A., Fransén, E., Halldin, C., & Farde, 
L. (2010). PET studies of D2‐receptor binding in striatal 
and extrastriatal brain regions: Biochemical support in vivo 
for separate dopaminergic systems in humans. Synapse, 
64(6), 478–485. https://doi​.org​/10​.1002​/syn​.20765

Chen, G., Adleman, N. E., Saad, Z. S., Leibenluft, E., & 
Cox, R. W. (2014). Applications of multivariate modeling 
to neuroimaging group analysis: A comprehensive 
alternative to univariate general linear model. 
NeuroImage, 99, 571–588. https://doi​.org​/10​.1016​/j​
.neuroimage​.2014​.06​.027

Clark, C. M., & Stoessl, A. J. (1986). Glucose use 
correlations: A matter of inference. Journal of Cerebral 

https://doi.org/10.1021/cr0782426
https://doi.org/10.1038/s41467-019-12366-4
https://doi.org/10.1038/s41467-019-12366-4
https://doi.org/10.1038/s41531-021-00185-8
https://doi.org/10.1016/S0896-6273(04)00043-1
https://doi.org/10.1016/S0896-6273(04)00043-1
https://doi.org/10.2967/jnumed.119.234013
https://doi.org/10.2967/jnumed.119.234013
https://doi.org/10.1016/j.nbd.2022.105668
https://doi.org/10.1016/j.nbd.2022.105668
https://doi.org/10.1016/j.nicl.2024.103592
https://doi.org/10.1007/s00259-023-06132-4
https://doi.org/10.1038/nrn2575
https://doi.org/10.1016/j.neuroimage.2008.10.057
https://doi.org/10.1016/j.parkreldis.2023.105288
https://doi.org/10.1016/j.nicl.2017.03.011
https://doi.org/10.1016/j.nicl.2017.03.011
https://doi.org/10.2967/jnumed.121.263201
https://doi.org/10.1002/syn.20765
https://doi.org/10.1016/j.neuroimage.2014.06.027
https://doi.org/10.1016/j.neuroimage.2014.06.027


22

M. Severino, D.E. Peretti, M. Bardiau et al.	 Imaging Neuroscience, Volume 3, 2025

Blood Flow & Metabolism, 6(4), 511–512. https://doi​.org​
/10​.1038​/jcbfm​.1986​.87

Colloby, S. J., Nathan, P. J., Bakker, G., Lawson, R. A., 
Yarnall, A. J., Burn, D. J., O’Brien, J. T., & Taylor, J. 
(2021). Spatial covariance of cholinergic muscarinic 
M1/M4 receptors in Parkinson’s disease. Movement 
Disorders, 36(8), 1879–1888. https://doi​.org​/10​.1002​
/mds​.28564

Colloby, S. J., Nathan, P. J., McKeith, I. G., Bakker, 
G., O’Brien, J. T., & Taylor, J.-P. (2020). Cholinergic 
muscarinic M1/M4 receptor networks in dementia with 
Lewy bodies. Brain Communications, 2(2), fcaa098. 
https://doi​.org​/10​.1093​/braincomms​/fcaa098

Darcourt, J., Booij, J., Tatsch, K., Varrone, A., Vander 
Borght, T., Kapucu, Ö. L., Någren, K., Nobili, F., Walker, 
Z., & Van Laere, K. (2010). EANM procedure guidelines 
for brain neurotransmission SPECT using 123I-labelled 
dopamine transporter ligands, version 2. European 
Journal of Nuclear Medicine and Molecular Imaging, 
37(2), 443–450. https://doi​.org​/10​.1007​/s00259​-009​
-1267​-x

DuBois, J. M., Mathotaarachchi, S., Rousset, O. G., Sziklas, 
V., Sepulcre, J., Guiot, M.-C., Hall, J. A., Massarweh, 
G., Soucy, J.-P., Rosa-Neto, P., & Kobayashi, E. (2021). 
Large-scale mGluR5 network abnormalities linked to 
epilepsy duration in focal cortical dysplasia. NeuroImage: 
Clinical, 29, 102552. https://doi​.org​/10​.1016​/j​.nicl​.2020​
.102552

Fang, X. T., Toyonaga, T., Hillmer, A. T., Matuskey, D., 
Holmes, S. E., Radhakrishnan, R., Mecca, A. P., van 
Dyck, C. H., D’Souza, D. C., Esterlis, I., Worhunsky, 
P. D., & Carson, R. E. (2021). Identifying brain networks 
in synaptic density PET (11C-UCB-J) with independent 
component analysis. NeuroImage, 237, 118167. https://
doi​.org​/10​.1016​/j​.neuroimage​.2021​.118167

Fang, X. T., Volpi, T., Holmes, S. E., Esterlis, I., Carson, 
R. E., & Worhunsky, P. D. (2023). Linking resting-state 
network fluctuations with systems of coherent synaptic 
density: A multimodal fMRI and 11C-UCB-J PET study. 
Frontiers in Human Neuroscience, 17, 1124254. https://
doi​.org​/10​.3389​/fnhum​.2023​.1124254

Fazio, P., Ferreira, D., Svenningsson, P., Halldin, C., Farde, 
L., Westman, E., & Varrone, A. (2020). High-resolution 
PET imaging reveals subtle impairment of the serotonin 
transporter in an early non-depressed Parkinson’s 
disease cohort. European Journal of Nuclear Medicine 
and Molecular Imaging, 47(10), 2407–2416. https://doi​
.org​/10​.1007​/s00259​-020​-04683​-4

Fornito, A., & Bullmore, E. T. (2015). Connectomics: A new 
paradigm for understanding brain disease. European 
Neuropsychopharmacology, 25(5), 733–748. https://doi​
.org​/10​.1016​/j​.euroneuro​.2014​.02​.011

Fornito, A., Zalesky, A., & Bullmore, E. (2016). Connectivity 
matrices and brain graphs. In A. Fornito, A. Zalesky, & 
E. T. Bullmore (Eds.), Fundamentals of brain network 
analysis (pp. 89–113). Elsevier. https://doi​.org​/10​.1016​
/B978​-0​-12​-407908​-3​.00003​-0

Friston, K. J., Frith, C. D., Liddle, P. F., & Frackowiak, 
R. S. J. (1993). Functional connectivity: The principal-
component analysis of large (PET) data sets. Journal of 
Cerebral Blood Flow & Metabolism, 13(1), 5–14. https://
doi​.org​/10​.1038​/jcbfm​.1993​.4

Fu, J. F., Klyuzhin, I., Liu, S., Shahinfard, E., Vafai, N., 
McKenzie, J., Neilson, N., Mabrouk, R., Sacheli, M. A., 
Wile, D., McKeown, M. J., Stoessl, A. J., & Sossi, V. 
(2018). Investigation of serotonergic Parkinson’s disease-
related covariance pattern using [11C]-DASB/PET. 
NeuroImage: Clinical, 19, 652–660. https://doi​.org​/10​
.1016​/j​.nicl​.2018​.05​.022

Fu, J. F., Klyuzhin, I., McKenzie, J., Neilson, N., Shahinfard, 
E., Dinelle, K., McKeown, M. J., Stoessl, A. J., & Sossi, 
V. (2019). Joint pattern analysis applied to PET DAT and 
VMAT2 imaging reveals new insights into Parkinson’s 
disease induced presynaptic alterations. NeuroImage: 
Clinical, 23, 101856. https://doi​.org​/10​.1016​/j​.nicl​.2019​
.101856

Gentili, C., Cecchetti, L., Handjaras, G., Lettieri, G., & 
Cristea, I. A. (2021). The case for preregistering all region 
of interest (ROI) analyses in neuroimaging research. 
European Journal of Neuroscience, 53(2), 357–361. 
https://doi​.org​/10​.1111​/ejn​.14954

Giovacchini, G., Lang, L., Ma, Y., Herscovitch, P., Eckelman, 
W. C., & Carson, R. E. (2005). Differential effects of 
paroxetine on raphe and cortical 5-HT1A binding: A PET 
study in monkeys. NeuroImage, 28(1), 238–248. https://
doi​.org​/10​.1016​/j​.neuroimage​.2005​.05​.042

Goulas, A., Changeux, J.-P., Wagstyl, K., Amunts, K., 
Palomero-Gallagher, N., & Hilgetag, C. C. (2021). The 
natural axis of transmitter receptor distribution in the human 
cerebral cortex. Proceedings of the National Academy 
of Sciences of the United States of America, 118(3), 
e2020574118. https://doi​.org​/10​.1073​/pnas​.2020574118

Gunn, R. N., Gunn, S. R., & Cunningham, V. J. (2001). 
Positron emission tomography compartmental models. 
Journal of Cerebral Blood Flow & Metabolism, 21(6), 
635–652. https://doi​.org​/10​.1097​/00004647​-200106000​
-00002

Gunn, R. N., Slifstein, M., Searle, G. E., & Price, J. C. 
(2015). Quantitative imaging of protein targets in the 
human brain with PET. Physics in Medicine and Biology, 
60(22), R363–R411. https://doi​.org​/10​.1088​/0031​-9155​
/60​/22​/R363

Habeck, C. G. (2010). Basics of multivariate analysis in 
neuroimaging data. Journal of Visualized Experiments, 
41, e1988. https://doi​.org​/10​.3791​/1988

Hahn, A., Haeusler, D., Kraus, C., Höflich, A. S., Kranz, 
G. S., Baldinger, P., Savli, M., Mitterhauser, M., Wadsak, 
W., Karanikas, G., Kasper, S., & Lanzenberger, R. (2014). 
Attenuated serotonin transporter association between 
dorsal raphe and ventral striatum in major depression. 
Human Brain Mapping, 35(8), 3857–3866. https://doi​.org​
/10​.1002​/hbm​.22442

Hahn, A., Lanzenberger, R., & Kasper, S. (2019). 
Making sense of connectivity. International Journal of 
Neuropsychopharmacology, 22(3), 194–207. https://doi​
.org​/10​.1093​/ijnp​/pyy100

Hahn, A., Lanzenberger, R., Wadsak, W., Spindelegger, 
C., Moser, Ui., Mien, L.-K., Mitterhauser, M., & Kasper, 
S. (2010). Escitalopram enhances the association of 
serotonin-1A autoreceptors to heteroreceptors in anxiety 
disorders. The Journal of Neuroscience, 30(43), 14482–
14489. https://doi​.org​/10​.1523​/JNEUROSCI​.2409​-10​
.2010

Hahn, A., Reed, M. B., Pichler, V., Michenthaler, P., 
Rischka, L., Godbersen, G. M., Wadsak, W., Hacker, 
M., & Lanzenberger, R. (2021). Functional dynamics 
of dopamine synthesis during monetary reward and 
punishment processing. Journal of Cerebral Blood Flow 
& Metabolism, 41(11), 2973–2985. https://doi​.org​/10​
.1177​/0271678X211019827

Hahn, A., Reed, M. B., Vraka, C., Godbersen, G. M., Klug, 
S., Komorowski, A., Falb, P., Nics, L., Traub-Weidinger, 
T., Hacker, M., & Lanzenberger, R. (2024). High-temporal 
resolution functional PET/MRI reveals coupling between 
human metabolic and hemodynamic brain response. 
European Journal of Nuclear Medicine and Molecular 
Imaging, 51(5), 1310–1322. https://doi​.org​/10​.1007​
/s00259​-023​-06542​-4

https://doi.org/10.1038/jcbfm.1986.87
https://doi.org/10.1038/jcbfm.1986.87
https://doi.org/10.1002/mds.28564
https://doi.org/10.1002/mds.28564
https://doi.org/10.1093/braincomms/fcaa098
https://doi.org/10.1007/s00259-009-1267-x
https://doi.org/10.1007/s00259-009-1267-x
https://doi.org/10.1016/j.nicl.2020.102552
https://doi.org/10.1016/j.nicl.2020.102552
https://doi.org/10.1016/j.neuroimage.2021.118167
https://doi.org/10.1016/j.neuroimage.2021.118167
https://doi.org/10.3389/fnhum.2023.1124254
https://doi.org/10.3389/fnhum.2023.1124254
https://doi.org/10.1007/s00259-020-04683-4
https://doi.org/10.1007/s00259-020-04683-4
https://doi.org/10.1016/j.euroneuro.2014.02.011
https://doi.org/10.1016/j.euroneuro.2014.02.011
https://doi.org/10.1016/B978-0-12-407908-3.00003-0
https://doi.org/10.1016/B978-0-12-407908-3.00003-0
https://doi.org/10.1038/jcbfm.1993.4
https://doi.org/10.1038/jcbfm.1993.4
https://doi.org/10.1016/j.nicl.2018.05.022
https://doi.org/10.1016/j.nicl.2018.05.022
https://doi.org/10.1016/j.nicl.2019.101856
https://doi.org/10.1016/j.nicl.2019.101856
https://doi.org/10.1111/ejn.14954
https://doi.org/10.1016/j.neuroimage.2005.05.042
https://doi.org/10.1016/j.neuroimage.2005.05.042
https://doi.org/10.1073/pnas.2020574118
https://doi.org/10.1097/00004647-200106000-00002
https://doi.org/10.1097/00004647-200106000-00002
https://doi.org/10.1088/0031-9155/60/22/R363
https://doi.org/10.1088/0031-9155/60/22/R363
https://doi.org/10.3791/1988
https://doi.org/10.1002/hbm.22442
https://doi.org/10.1002/hbm.22442
https://doi.org/10.1093/ijnp/pyy100
https://doi.org/10.1093/ijnp/pyy100
https://doi.org/10.1523/JNEUROSCI.2409-10.2010
https://doi.org/10.1523/JNEUROSCI.2409-10.2010
https://doi.org/10.1177/0271678X211019827
https://doi.org/10.1177/0271678X211019827
https://doi.org/10.1007/s00259-023-06542-4
https://doi.org/10.1007/s00259-023-06542-4


23

M. Severino, D.E. Peretti, M. Bardiau et al.	 Imaging Neuroscience, Volume 3, 2025

Hansen, J. Y., Shafiei, G., Markello, R. D., Smart, K., Cox, 
S. M. L., Nørgaard, M., Beliveau, V., Wu, Y., Gallezot, 
J.-D., Aumont, É., Servaes, S., Scala, S. G., DuBois, 
J. M., Wainstein, G., Bezgin, G., Funck, T., Schmitz, 
T. W., Spreng, R. N., Galovic, M., … Misic, B. (2022). 
Mapping neurotransmitter systems to the structural and 
functional organization of the human neocortex. Nature 
Neuroscience, 25(11), 1569–1581. https://doi​.org​/10​
.1038​/s41593​-022​-01186​-3

Jamadar, S. D., Ward, P. G. D., Liang, E. X., Orchard, 
E. R., Chen, Z., & Egan, G. F. (2021). Metabolic and 
hemodynamic resting-state connectivity of the human 
brain: A high-temporal resolution simultaneous BOLD-
fMRI and FDG-fPET multimodality study. Cerebral 
Cortex, 31(6), 2855–2867. https://doi​.org​/10​.1093​/cercor​
/bhaa393

Jessell, T. M., & Kandel, E. R. (1993). Synaptic 
transmission: A bidirectional and self-modifiable form of 
cell-cell communication. Cell, 72, 1–30. https://doi​.org​
/10​.1016​/S0092​-8674(05)80025​-X

Kaasinen, V., Maguire, R. P., Hundemer, H.–P., & Leenders, 
K. L. (2006). Corticostriatal covariance patterns of 
6–[18F]fluoro–L–dopa and [18F]fluorodeoxyglucose PET 
in Parkinson’s disease. Journal of Neurology, 253(3), 
340–348. https://doi​.org​/10​.1007​/s00415​-005​-0993​-7

Kim, J., Cumming, P., Son, Y., Kim, H., Joo, Y., & Kim, 
J. (2018). Altered connectivity between striatal and 
extrastriatal regions in patients with schizophrenia on 
maintenance antipsychotics: An [18F]fallypride PET and 
functional MRI study. Synapse, 72(12), e22064. https://
doi​.org​/10​.1002​/syn​.22064

Kim, J. S., Ichise, M., Sangare, J., & Innis, R. B. (2006). 
PET imaging of serotonin transporters with [11C]DASB: 
Test-retest reproducibility using a multilinear reference 
tissue parametric imaging method. Journal of Nuclear 
Medicine: Official Publication, Society of Nuclear 
Medicine, 47(2), 208–214. https://doi​.org​/10​.1016​/j​
.neuroimage​.2006​.04​.150

Kimura, Y., Kato, T., Ito, K., & Ichise, M. (2020). SPECT and 
PET of the brain. In H. Ahmadzadehfar, H. J. Biersack, L. 
Freeman, & L. Zuckier (Eds.), Clinical nuclear medicine 
(pp. 211–231). Springer International Publishing. https://
doi​.org​/10​.1007​/978​-3​-030​-39457​-8​_4

Klyuzhin, I. S., Fu, J. F., Hong, A., Sacheli, M., Shenkov, 
N., Matarazzo, M., Rahmim, A., Stoessl, A. J., & Sossi, 
V. (2018). Data-driven, voxel-based analysis of brain 
PET images: Application of PCA and LASSO methods 
to visualize and quantify patterns of neurodegeneration. 
PLoS One, 13(11), e0206607. https://doi​.org​/10​.1371​
/journal​.pone​.0206607

Kumar, J. S., & Mann, J. (2015). PET tracers for serotonin 
receptors and their applications. Central Nervous System 
Agents in Medicinal Chemistry, 14(2), 96–112. https://doi​
.org​/10​.2174​/1871524914666141030124316

Li, H., Badawi, R. D., Cherry, S. R., Fontaine, K., He, L., 
Henry, S., Hillmer, A. T., Hu, L., Khattar, N., Leung, 
E. K., Li, T., Li, Y., Liu, C., Liu, P., Lu, Z., Majewski, 
S., Matuskey, D., Morris, E. D., Mulnix, T., … Carson, 
R. E. (2024). Performance characteristics of the 
NeuroEXPLORER, a next-generation human brain PET/
CT imager. Journal of Nuclear Medicine, 65(8), 1320–
1326. https://doi​.org​/10​.2967​/jnumed​.124​.267767

Li, W., Tang, Y., Peng, L., Wang, Z., Hu, S., & Gao, 
X. (2023). The reconfiguration pattern of individual 
brain metabolic connectome for Parkinson’s disease 
identification. MedComm, 4(4), e305. https://doi​.org​/10​
.1002​/mco2​.305

Liu, F.-T., Lu, J.-Y., Sun, Y.-M., Li, L., Yang, Y.-J., Zhao, J., 
Ge, J.-J., Wu, P., Jiang, J.-H., Wu, J.-J., Zuo, C.-T.,  

& Wang, J. (2023). Dopaminergic dysfunction and 
glucose metabolism characteristics in parkin-induced 
early-onset Parkinson’s disease compared to genetically 
undetermined early-onset Parkinson’s disease. 
Phenomics, 3(1), 22–33. https://doi​.org​/10​.1007​/s43657​
-022​-00077​-8

Luo, G., Shi, X., Jiang, L., Wu, L., Yi, C., Xian, W., Liu, 
Y., Wen, F., Qian, H., Chen, J., Fu, X., Liu, J., Zhang, 
X., & Chen, L. (2023). Effects of STN‐DBS surgery on 
cerebral glucose metabolism and distribution of DAT in 
Parkinson’s disease. Brain and Behavior, 13(8), e3172. 
https://doi​.org​/10​.1002​/brb3​.3172

Mihaescu, A. S., Kim, J., Masellis, M., Graff‐Guerrero, 
A., Cho, S. S., Christopher, L., Valli, M., Díez‐Cirarda, 
M., Koshimori, Y., & Strafella, A. P. (2021). Graph 
theory analysis of the dopamine D2 receptor network 
in Parkinson’s disease patients with cognitive decline. 
Journal of Neuroscience Research, 99(3), 947–965. 
https://doi​.org​/10​.1002​/jnr​.24760

Mintun, M. A., Raichle, M. E., Kilbourn, M. R., Wooten, 
G. F., & Welch, M. J. (1984). A quantitative model for the 
in vivo assessment of drug binding sites with positron 
emission tomography. Annals of Neurology, 15(3), 
217–227. https://doi​.org​/10​.1002​/ana​.410150302

Morbelli, S., Esposito, G., Arbizu, J., Barthel, H., Boellaard, 
R., Bohnen, N. I., Brooks, D. J., Darcourt, J., Dickson, 
J. C., Douglas, D., Drzezga, A., Dubroff, J., Ekmekcioglu, 
O., Garibotto, V., Herscovitch, P., Kuo, P., Lammertsma, 
A., Pappata, S., Peñuelas, I., … Law, I. (2020). EANM 
practice guideline/SNMMI procedure standard for 
dopaminergic imaging in Parkinsonian syndromes 1.0. 
European Journal of Nuclear Medicine and Molecular 
Imaging, 47(8), 1885–1912. https://doi​.org​/10​.1007​
/s00259​-020​-04817​-8

Nimgampalle, M., Chakravarthy, H., Sharma, S., Shree, 
S., Bhat, A. R., Pradeepkiran, J. A., & Devanathan, V. 
(2023). Neurotransmitter systems in the etiology of 
major neurological disorders: Emerging insights and 
therapeutic implications. Ageing Research Reviews, 89, 
101994. https://doi​.org​/10​.1016​/j​.arr​.2023​.101994

Nørgaard, M., Ganz, M., Svarer, C., Fisher, P. M., Churchill, 
N. W., Beliveau, V., Grady, C., Strother, S. C., & Knudsen, 
G. M. (2017). Brain networks implicated in seasonal 
affective disorder: A neuroimaging PET study of the 
serotonin transporter. Frontiers in Neuroscience, 11, 614. 
https://doi​.org​/10​.3389​/fnins​.2017​.00614

Nummenmaa, L. (2022). Mapping emotions on the body. 
Scandinavian Journal of Pain, 22(4), 667–669. https://doi​
.org​/10​.1515​/sjpain​-2022​-0087

Olsson, H., Halldin, C., Swahn, C.-G., & Farde, L. (1999). 
Quantification of [11C]FLB 457 binding to extrastriatal 
dopamine receptors in the human brain. Journal of 
Cerebral Blood Flow & Metabolism, 19(10), 1164–1173. 
https://doi​.org​/10​.1097​/00004647​-199910000​-00013

Pedersen, R., Johansson, J., Nordin, K., Rieckmann, 
A., Wåhlin, A., Nyberg, L., Bäckman, L., & Salami, A. 
(2024). Dopamine D1-receptor organization contributes 
to functional brain architecture. The Journal of 
Neuroscience, 44(11), e0621232024. https://doi​.org​/10​
.1523​/JNEUROSCI​.0621​-23​.2024

Peng, S., Tang, C., Schindlbeck, K., Rydzinski, Y., 
Dhawan, V., Spetsieris, P. G., Ma, Y., & Eidelberg, D. 
(2021). Dynamic 18F-FPCIT PET: Quantification of 
Parkinson disease metabolic networks and nigrostriatal 
dopaminergic dysfunction in a single imaging session. 
Journal of Nuclear Medicine, 62(12), 1775–1782. https://
doi​.org​/10​.2967​/jnumed​.120​.257345

Pereda, A. E. (2014). Electrical synapses and their 
functional interactions with chemical synapses. Nature 

https://doi.org/10.1038/s41593-022-01186-3
https://doi.org/10.1038/s41593-022-01186-3
https://doi.org/10.1093/cercor/bhaa393
https://doi.org/10.1093/cercor/bhaa393
https://doi.org/10.1016/S0092-8674(05)80025-X
https://doi.org/10.1016/S0092-8674(05)80025-X
https://doi.org/10.1007/s00415-005-0993-7
https://doi.org/10.1002/syn.22064
https://doi.org/10.1002/syn.22064
https://doi.org/10.1016/j.neuroimage.2006.04.150
https://doi.org/10.1016/j.neuroimage.2006.04.150
https://doi.org/10.1007/978-3-030-39457-8_4
https://doi.org/10.1007/978-3-030-39457-8_4
https://doi.org/10.1371/journal.pone.0206607
https://doi.org/10.1371/journal.pone.0206607
https://doi.org/10.2174/1871524914666141030124316
https://doi.org/10.2174/1871524914666141030124316
https://doi.org/10.2967/jnumed.124.267767
https://doi.org/10.1002/mco2.305
https://doi.org/10.1002/mco2.305
https://doi.org/10.1007/s43657-022-00077-8
https://doi.org/10.1007/s43657-022-00077-8
https://doi.org/10.1002/brb3.3172
https://doi.org/10.1002/jnr.24760
https://doi.org/10.1002/ana.410150302
https://doi.org/10.1007/s00259-020-04817-8
https://doi.org/10.1007/s00259-020-04817-8
https://doi.org/10.1016/j.arr.2023.101994
https://doi.org/10.3389/fnins.2017.00614
https://doi.org/10.1515/sjpain-2022-0087
https://doi.org/10.1515/sjpain-2022-0087
https://doi.org/10.1097/00004647-199910000-00013
https://doi.org/10.1523/JNEUROSCI.0621-23.2024
https://doi.org/10.1523/JNEUROSCI.0621-23.2024
https://doi.org/10.2967/jnumed.120.257345
https://doi.org/10.2967/jnumed.120.257345


24

M. Severino, D.E. Peretti, M. Bardiau et al.	 Imaging Neuroscience, Volume 3, 2025

Reviews Neuroscience, 15(4), 250–263. https://doi​.org​
/10​.1038​/nrn3708

Perovnik, M., Rus, T., Schindlbeck, K. A., & Eidelberg, 
D. (2023). Functional brain networks in the evaluation 
of patients with neurodegenerative disorders. Nature 
Reviews Neurology, 19(2), 73–90. https://doi​.org​/10​.1038​
/s41582​-022​-00753​-3

Pillai, R. L., Zhang, M., Yang, J., Mann, J. J., Oquendo, 
M. A., Parsey, R. V, & DeLorenzo, C. (2019). Molecular 
connectivity disruptions in males with major 
depressive disorder. Journal of Cerebral Blood Flow & 
Metabolism, 39(8), 1623–1634. https://doi​.org​/10​.1177​
/0271678X18764053

Politis, M. (2014). Neuroimaging in Parkinson disease: From 
research setting to clinical practice. Nature Reviews 
Neurology, 10(12), 708–722. https://doi​.org​/10​.1038​
/nrneurol​.2014​.205

Rebelo, D., Oliveira, F., Abrunhosa, A., Januário, C., 
Lemos, J., & Castelo-Branco, M. (2021). A link between 
synaptic plasticity and reorganization of brain activity 
in Parkinson’s disease. Proceedings of the National 
Academy of Sciences of the United States of America, 
118(3), e2013962118. https://doi​.org​/10​.1073​/pnas​
.2013962118

Sala, A., Caminiti, S. P., Presotto, L., Pilotto, A., Liguori, C., 
Chiaravalloti, A., Garibotto, V., Frisoni, G. B., D’Amelio, 
M., Paghera, B., Schillaci, O., Mercuri, N., Padovani, 
A., & Perani, D. (2021). In vivo human molecular 
neuroimaging of dopaminergic vulnerability along the 
Alzheimer’s disease phases. Alzheimer’s Research & 
Therapy, 13(1), 187. https://doi​.org​/10​.1186​/s13195​-021​
-00925​-1

Sala, A., Lizarraga, A., Caminiti, S. P., Calhoun, V. D., 
Eickhoff, S. B., Habeck, C., Jamadar, S. D., Perani, 
D., Pereira, J. B., Veronese, M., & Yakushev, I. (2023). 
Brain connectomics: Time for a molecular imaging 
perspective? Trends in Cognitive Sciences, 27(4), 353–
366. https://doi​.org​/10​.1016​/j​.tics​.2022​.11​.015

Sala, A., Lizarraga, A., Ripp, I., Cumming, P., & Yakushev, 
I. (2022). Static versus functional PET: Making sense of 
metabolic connectivity. Cerebral Cortex, 32(5), 1125–
1129. https://doi​.org​/10​.1093​/cercor​/bhab271

Sala, A., & Perani, D. (2019). Brain molecular connectivity 
in neurodegenerative diseases: Recent advances and 
new perspectives using positron emission tomography. 
Frontiers in Neuroscience, 13, 617. https://doi​.org​/10​
.3389​/fnins​.2019​.00617

Sanchez-Catasus, C. A., Bohnen, N. I., D’Cruz, N., & Müller, 
M. L. T. M. (2022). Striatal acetylcholine–dopamine 
imbalance in Parkinson disease: In vivo neuroimaging 
study with dual-tracer PET and dopaminergic PET–
informed correlational tractography. Journal of Nuclear 
Medicine, 63(3), 438–445. https://doi​.org​/10​.2967​
/jnumed​.121​.261939

Scarpazza, C., Tognin, S., Frisciata, S., Sartori, G., & 
Mechelli, A. (2015). False positive rates in Voxel-based 
Morphometry studies of the human brain: Should we be 
worried? Neuroscience & Biobehavioral Reviews, 52, 49–
55. https://doi​.org​/10​.1016​/j​.neubiorev​.2015​.02​.008

Seeley, W. W., Crawford, R. K., Zhou, J., Miller, B. L., & 
Greicius, M. D. (2009). Neurodegenerative diseases 
target large-scale human brain networks. Neuron, 62(1), 
42–52. https://doi​.org​/10​.1016​/j​.neuron​.2009​.03​.024

Smart, K., Gallezot, J.-D., Nabulsi, N., Labaree, D., 
Zheng, M.-Q., Huang, Y., Carson, R. E., Hillmer, A. T., 
& Worhunsky, P. D. (2020). Separating dopamine D2 
and D3 receptor sources of [11C]-(+)-PHNO binding 
potential: Independent component analysis of 

competitive binding. NeuroImage, 214, 116762. https://
doi​.org​/10​.1016​/j​.neuroimage​.2020​.116762

Smith, G. S., Protas, H., Kuwabara, H., Savonenko, A., 
Nassery, N., Gould, N. F., Kraut, M., Avramopoulos, D., 
Holt, D., Dannals, R. F., Nandi, A., Su, Y., Reiman, E. M., 
& Chen, K. (2023). Molecular imaging of the association 
between serotonin degeneration and beta-amyloid 
deposition in mild cognitive impairment. NeuroImage: 
Clinical, 37, 103322. https://doi​.org​/10​.1016​/j​.nicl​.2023​
.103322

Sokoloff, P., & Le Foll, B. (2017). The dopamine D3 
receptor, a quarter century later. European Journal of 
Neuroscience, 45(1), 2–19. https://doi​.org​/10​.1111​/ejn​
.13390

Sonnenschein, S. F., Gomes, F. V., & Grace, A. A. (2020). 
Dysregulation of midbrain dopamine system and 
the pathophysiology of schizophrenia. Frontiers in 
Psychiatry, 11, 613. https://doi​.org​/10​.3389​/fpsyt​.2020​
.00613

Spencer, B. A., Berg, E., Schmall, J. P., Omidvari, N., 
Leung, E. K., Abdelhafez, Y. G., Tang, S., Deng, Z., Dong, 
Y., Lv, Y., Bao, J., Liu, W., Li, H., Jones, T., Badawi, 
R. D., & Cherry, S. R. (2021). Performance evaluation of 
the uEXPLORER total-body PET/CT scanner based on 
NEMA NU 2-2018 with additional tests to characterize 
PET scanners with a long axial field of View. Journal of 
Nuclear Medicine, 62(6), 861–870. https://doi​.org​/10​
.2967​/jnumed​.120​.250597

Spetsieris, P., Ma, Y., Peng, S., Ko, J. H., Dhawan, V., Tang, 
C. C., & Eidelberg, D. (2013). Identification of disease-
related spatial covariance patterns using neuroimaging 
data. Journal of Visualized Experiments, 76, e50319. 
https://doi​.org​/10​.3791​/50319

Sporns, O., Tononi, G., & Kötter, R. (2005). The human 
connectome: A structural description of the human brain. 
PLoS Computational Biology, 1(4), e42. https://doi​.org​
/10​.1371​/journal​.pcbi​.0010042

Stoessl, A. J. (2012). Neuroimaging in Parkinson’s disease: 
From pathology to diagnosis. Parkinsonism & Related 
Disorders, 18, S55–S59. https://doi​.org​/10​.1016​/S1353​
-8020(11)70019​-0

Strafella, A. P., Bohnen, N. I., Perlmutter, J. S., Eidelberg, 
D., Pavese, N., Van Eimeren, T., Piccini, P., Politis, M., 
Thobois, S., Ceravolo, R., Higuchi, M., Kaasinen, V., 
Masellis, M., Peralta, M. C., Obeso, I., Pineda-Pardo, 
J. Á., Cilia, R., Ballanger, B., Niethammer, M., & Stoessl, 
J. A. (2017). Molecular imaging to track Parkinson’s 
disease and atypical parkinsonisms: New imaging 
frontiers. Movement Disorders, 32(2), 181–192. https://
doi​.org​/10​.1002​/mds​.26907

Sudhof, T. C. (2012). Calcium control of neurotransmitter 
release. Cold Spring Harbor Perspectives in Biology, 4(1), 
a011353. https://doi​.org​/10​.1101​/cshperspect​.a011353

Südhof, T. C., & Malenka, R. C. (2008). Understanding 
synapses: Past, present, and future. Neuron, 60(3), 
469–476. https://doi​.org​/10​.1016​/j​.neuron​.2008​.10​.011

Sun, T., Wang, Z., Wu, Y., Gu, F., Li, X., Bai, Y., Shen, C., 
Hu, Z., Liang, D., Liu, X., Zheng, H., Yang, Y., El Fakhri, 
G., Zhou, Y., & Wang, M. (2022). Identifying the individual 
metabolic abnormities from a systemic perspective using 
whole-body PET imaging. European Journal of Nuclear 
Medicine and Molecular Imaging, 49(8), 2994–3004. 
https://doi​.org​/10​.1007​/s00259​-022​-05832​-7

Toyonaga, T., Smith, L. M., Finnema, S. J., Gallezot, J.-D., 
Naganawa, M., Bini, J., Mulnix, T., Cai, Z., Ropchan, J., 
Huang, Y., Strittmatter, S. M., & Carson, R. E. (2019). In 
vivo synaptic density imaging with 11C-UCB-J detects 
treatment effects of saracatinib in a mouse model of 

https://doi.org/10.1038/nrn3708
https://doi.org/10.1038/nrn3708
https://doi.org/10.1038/s41582-022-00753-3
https://doi.org/10.1038/s41582-022-00753-3
https://doi.org/10.1177/0271678X18764053
https://doi.org/10.1177/0271678X18764053
https://doi.org/10.1038/nrneurol.2014.205
https://doi.org/10.1038/nrneurol.2014.205
https://doi.org/10.1073/pnas.2013962118
https://doi.org/10.1073/pnas.2013962118
https://doi.org/10.1186/s13195-021-00925-1
https://doi.org/10.1186/s13195-021-00925-1
https://doi.org/10.1016/j.tics.2022.11.015
https://doi.org/10.1093/cercor/bhab271
https://doi.org/10.3389/fnins.2019.00617
https://doi.org/10.3389/fnins.2019.00617
https://doi.org/10.2967/jnumed.121.261939
https://doi.org/10.2967/jnumed.121.261939
https://doi.org/10.1016/j.neubiorev.2015.02.008
https://doi.org/10.1016/j.neuron.2009.03.024
https://doi.org/10.1016/j.neuroimage.2020.116762
https://doi.org/10.1016/j.neuroimage.2020.116762
https://doi.org/10.1016/j.nicl.2023.103322
https://doi.org/10.1016/j.nicl.2023.103322
https://doi.org/10.1111/ejn.13390
https://doi.org/10.1111/ejn.13390
https://doi.org/10.3389/fpsyt.2020.00613
https://doi.org/10.3389/fpsyt.2020.00613
https://doi.org/10.2967/jnumed.120.250597
https://doi.org/10.2967/jnumed.120.250597
https://doi.org/10.3791/50319
https://doi.org/10.1371/journal.pcbi.0010042
https://doi.org/10.1371/journal.pcbi.0010042
https://doi.org/10.1016/S1353-8020(11)70019-0
https://doi.org/10.1016/S1353-8020(11)70019-0
https://doi.org/10.1002/mds.26907
https://doi.org/10.1002/mds.26907
https://doi.org/10.1101/cshperspect.a011353
https://doi.org/10.1016/j.neuron.2008.10.011
https://doi.org/10.1007/s00259-022-05832-7


25

M. Severino, D.E. Peretti, M. Bardiau et al.	 Imaging Neuroscience, Volume 3, 2025

Alzheimer disease. Journal of Nuclear Medicine, 60(12), 
1780–1786. https://doi​.org​/10​.2967​/jnumed​.118​.223867

Tricco, A. C., Lillie, E., Zarin, W., O’Brien, K. K., Colquhoun, 
H., Levac, D., Moher, D., Peters, M. D. J., Horsley, T., 
Weeks, L., Hempel, S., Akl, E. A., Chang, C., McGowan, 
J., Stewart, L., Hartling, L., Aldcroft, A., Wilson, M. G., 
Garritty, C., … Straus, S. E. (2018). PRISMA extension 
for scoping reviews (PRISMA-ScR): Checklist and 
explanation. Annals of Internal Medicine, 169(7), 467–
473. https://doi​.org​/10​.7326​/M18​-0850

Tuominen, L., Nummenmaa, L., Keltikangas‐Järvinen, 
L., Raitakari, O., & Hietala, J. (2014). Mapping 
neurotransmitter networks with PET: An example on 
serotonin and opioid systems. Human Brain Mapping, 
35(5), 1875–1884. https://doi​.org​/10​.1002​/hbm​.22298

Vallini, G., Silvestri, E., Volpi, T., Lee, J. J., Vlassenko, A. G., 
Goyal, M. S., Cecchin, D., Corbetta, M., & Bertoldo, 
A. (2024). Individual-level metabolic connectivity 
from dynamic [18F]FDG PET reveals glioma-induced 
impairments in brain architecture and offers novel 
insights beyond the SUVR clinical standard. European 
Journal of Nuclear Medicine and Molecular Imaging, 52, 
836–850. https://doi​.org​/10​.1007​/s00259​-024​-06956​-8

Vanicek, T., Kutzelnigg, A., Philippe, C., Sigurdardottir, 
H. L., James, G. M., Hahn, A., Kranz, G. S., Höflich, A., 
Kautzky, A., Traub-Weidinger, T., Hacker, M., Wadsak, 
W., Mitterhauser, M., Kasper, S., & Lanzenberger, R. 
(2017). Altered interregional molecular associations of 
the serotonin transporter in attention deficit/hyperactivity 
disorder assessed with PET. Human Brain Mapping, 
38(2), 792–802. https://doi​.org​/10​.1002​/hbm​.23418

Varrone, A., & Halldin, C. (2010). Molecular imaging of the 
dopamine transporter. Journal of Nuclear Medicine, 51(9), 
1331–1334. https://doi​.org​/10​.2967​/jnumed​.109​.065656

Verger, A., Horowitz, T., Chawki, M. B., Eusebio, A., 
Bordonne, M., Azulay, J.-P., Girard, N., & Guedj, E. 
(2020). From metabolic connectivity to molecular 
connectivity: Application to dopaminergic pathways. 
European Journal of Nuclear Medicine and Molecular 
Imaging, 47(2), 413–424. https://doi​.org​/10​.1007​/s00259​
-019​-04574​-3

Veronese, M., Moro, L., Arcolin, M., Dipasquale, O., 
Rizzo, G., Expert, P., Khan, W., Fisher, P. M., Svarer, 
C., Bertoldo, A., Howes, O., & Turkheimer, F. E. (2019). 
Covariance statistics and network analysis of brain PET 
imaging studies. Scientific Reports, 9(1), 2496. https://
doi​.org​/10​.1038​/s41598​-019​-39005​-8

Volkow, N. D., Fowler, J. S., Gatley, S. J., Logan, J., Wang, 
G. J., Ding, Y. S., & Dewey, S. (1996). PET evaluation 
of the dopamine system of the human brain. Journal of 
Nuclear Medicine: Official Publication, Society of Nuclear 
Medicine, 37(7), 1242–1256. https://doi​.org​/10​.1016​
/s0969​-8051(01)00211​-6

Volpi, T., Vallini, G., Silvestri, E., Francisci, M. De, Durbin, T., 
Corbetta, M., Lee, J. J., Vlassenko, A. G., Goyal, M. S., 

& Bertoldo, A. (2023). A new framework for metabolic 
connectivity mapping using bolus [18F]FDG PET and 
kinetic modeling. Journal of Cerebral Blood Flow & 
Metabolism, 43(11), 1905–1918. https://doi​.org​/10​.1177​
/0271678X231184365

Wager, T. D., Scott, D. J., & Zubieta, J.-K. (2007). Placebo 
effects on human μ-opioid activity during pain. 
Proceedings of the National Academy of Sciences of the 
United States of America, 104(26), 11056–11061. https://
doi​.org​/10​.1073​/pnas​.0702413104

Wang, M., Jiang, J., Yan, Z., Alberts, I., Ge, J., Zhang, 
H., Zuo, C., Yu, J., Rominger, A., & Shi, K. (2020). 
Individual brain metabolic connectome indicator based 
on Kullback-Leibler Divergence Similarity Estimation 
predicts progression from mild cognitive impairment 
to Alzheimer’s dementia. European Journal of Nuclear 
Medicine and Molecular Imaging, 47(12), 2753–2764. 
https://doi​.org​/10​.1007​/s00259​-020​-04814​-x

Warren, N., O’Gorman, C., Lehn, A., & Siskind, D. (2017). 
Dopamine dysregulation syndrome in Parkinson’s 
disease: A systematic review of published cases. Journal 
of Neurology, Neurosurgery & Psychiatry, 88(12), 1060–
1064. https://doi​.org​/10​.1136​/jnnp​-2017​-315985

Wig, G. S. (2017). Segregated systems of human brain 
networks. Trends in Cognitive Sciences, 21(12), 981–996. 
https://doi​.org​/10​.1016​/j​.tics​.2017​.09​.006

Worhunsky, P. D., Matuskey, D., Gallezot, J.-D., Gaiser, 
E. C., Nabulsi, N., Angarita, G. A., Calhoun, V. D., 
Malison, R. T., Potenza, M. N., & Carson, R. E. (2017). 
Regional and source-based patterns of [11 C]-(+)-
PHNO binding potential reveal concurrent alterations in 
dopamine D 2 and D 3 receptor availability in cocaine-
use disorder. NeuroImage, 148, 343–351. https://doi​.org​
/10​.1016​/j​.neuroimage​.2017​.01​.045

Xu, J., Vangveravong, S., Li, S., Fan, J., Jones, L. A., Cui, 
J., Wang, R., Tu, Z., Chu, W., Perlmutter, J. S., & Mach, 
R. H. (2013). Positron emission tomography imaging 
of dopamine D2 receptors using a highly selective 
radiolabeled D2 receptor partial agonist. NeuroImage, 
71, 168–174. https://doi​.org​/10​.1016​/j​.neuroimage​.2013​
.01​.007

Yakushev, I., Drzezga, A., & Habeck, C. (2017). Metabolic 
connectivity: Methods and applications. Current Opinion 
in Neurology, 30(6), 677–685. https://doi​.org​/10​.1097​
/WCO​.0000000000000494

Yasuno, F., Suhara, T., Okubo, Y., Ichimiya, T., Takano, 
A., Sudo, Y., & Inoue, M. (2005). Abnormal effective 
connectivity of dopamine D2 receptor binding in 
schizophrenia. Psychiatry Research: Neuroimaging, 
138(3), 197–207. https://doi​.org​/10​.1016​/j​.pscychresns​
.2004​.04​.005

Zhu, L., Ploessl, K., & Kung, H. F. (2014). PET/SPECT 
imaging agents for neurodegenerative diseases. 
Chemical Society Reviews, 43(19), 6683–6691. https://
doi​.org​/10​.1039​/C3CS60430F

https://doi.org/10.2967/jnumed.118.223867
https://doi.org/10.7326/M18-0850
https://doi.org/10.1002/hbm.22298
https://doi.org/10.1007/s00259-024-06956-8
https://doi.org/10.1002/hbm.23418
https://doi.org/10.2967/jnumed.109.065656
https://doi.org/10.1007/s00259-019-04574-3
https://doi.org/10.1007/s00259-019-04574-3
https://doi.org/10.1038/s41598-019-39005-8
https://doi.org/10.1038/s41598-019-39005-8
https://doi.org/10.1016/s0969-8051(01)00211-6
https://doi.org/10.1016/s0969-8051(01)00211-6
https://doi.org/10.1177/0271678X231184365
https://doi.org/10.1177/0271678X231184365
https://doi.org/10.1073/pnas.0702413104
https://doi.org/10.1073/pnas.0702413104
https://doi.org/10.1007/s00259-020-04814-x
https://doi.org/10.1136/jnnp-2017-315985
https://doi.org/10.1016/j.tics.2017.09.006
https://doi.org/10.1016/j.neuroimage.2017.01.045
https://doi.org/10.1016/j.neuroimage.2017.01.045
https://doi.org/10.1016/j.neuroimage.2013.01.007
https://doi.org/10.1016/j.neuroimage.2013.01.007
https://doi.org/10.1097/WCO.0000000000000494
https://doi.org/10.1097/WCO.0000000000000494
https://doi.org/10.1016/j.pscychresns.2004.04.005
https://doi.org/10.1016/j.pscychresns.2004.04.005
https://doi.org/10.1039/C3CS60430F
https://doi.org/10.1039/C3CS60430F

