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ABSTRACT
Repetitive drug use results in enduring structural and functional changes in the brain. Addiction research has consistently 
revealed significant modifications in key brain networks related to reward, habit, salience, executive function, memory and 
self-regulation. Techniques like Voxel-based Morphometry have highlighted large-scale structural differences in grey matter 
across distinct groups. Source-based Morphometry (SBM) takes this a step further by incorporating the Independent Component 
Analysis to detect shared patterns of grey matter variation, all without requiring prior selection of regions of interest. However, 
SBM has yet to be employed in the study of structural alteration patterns related to cocaine addiction. Therefore, we performed 
this analysis to explore alterations in structural covariance specific to cocaine addiction. Our study involved 40 individuals diag-
nosed with Cocaine Use Disorder (CUD) and 40 matched healthy controls. Participants with CUD completed clinical question-
naires assessing the severity of their dependence and other relevant clinical variables. Following the adjustment for age-related 
effects, we observed notable disparities between groups in two structural independent components, which we identified as the 
structural cerebellar network and the structural lateral frontoparietal network, which display opposing trends. Specifically, the 
individuals with CUD exhibited a heightened contribution to the cerebellar network but simultaneously demonstrated a reduced 
contribution to the lateral frontoparietal network compared to the healthy controls. These findings unveil distinctive covariance 
patterns of neuroregulation linked with cocaine addiction, which indicates an interruption in the typical structural development 
in an affected lateral frontoparietal network, while suggesting an extended pattern of neuroregulation within the cerebellar 
network in individuals with CUD.

1   |   Introduction

Neuroimaging research is widely used to explore structural 
and functional alterations associated with Cocaine Use 
Disorder (CUD). Repetitive drug use leads to brain changes 
until drug-taking transforms into habit [1]. Structural alter-
ations associated with cocaine dependence have shown to be 

spread along cortical and subcortical areas [2–4]. These mor-
phometric adaptations have been associated with several self-
report and clinical variables, such as age of onset and duration 
[5–10, 15], severity of dependence [3, 11] and treatment status 
[2, 7, 12]. Current neurobiological models of addiction argue 
that part of the symptomatology present in substance use dis-
order is a consequence of a new neural organisation, which 
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leads to changes in the circuits involved with reward, mem-
ory, motivation, executive function, mood and interoception 
[4, 13–19]. Therefore, neurobiological theories of addiction 
and empirical research lead to the prediction of changes in 
structural networks.

Voxel-based Morphometry (VBM) studies have been used to 
show macrostructural alterations in the brain's grey matter of 
patients with CUD. These differences are widespread when con-
sidered across studies [2, 20, 21]. MRI studies have demonstrated 
that the human brain is organised into complex structural and 
functional networks [22–25]. However, brain networks are not 
static but instead fluctuate [26–29]. When studying pathologies, 
the instability of functional networks could be confusing [30]. 
The structural methodology offers applications with more accu-
rate and stable results than functional methods [31–34]. It is also 
known that brain areas whose volumes covary together could be 
reflecting functional connectivity [35].

Source-based Morphometry (SBM) is an extension of VBM [36], 
which includes a principal component analysis followed by an 
Independent Component Analysis (ICA) blockset [37, 38]. The 
SBM tool is applied to identify sources of grey matter variation 
and to perform a statistical analysis to identify which sources 
distinguish patients from healthy controls (HCs) [38–40]. As the 
SBM considers interrelations across different voxels, its applica-
tion allows patterns of structural covariance to be identified [40]. 
Furthermore, whereas univariate approaches link data based on 
the correlation done separately for each point, multivariate ap-
proaches like ICA focus on links between patterns by preserving 
spatial correlation between different brain regions [41, 42] and 
capturing covariations of the grey matter morphology, which is 
commonly used to detect local shape changes [43]. Identifying 
patterns of structural covariation between different brain areas 
while preserving spatial correlation allows these patterns to be 
characterised in terms of brain networks.

At the same time, the analysis of the relations between multiple 
variables that characterise SBM captures complex interactions 
between different brain regions, which allows these relations 
to be compared between groups [44]. This renders this tool ad-
vantageous over other techniques when studying any pathology 
[35]. Moreover, unlike voxel or Region-of-interest (ROI)–based 
techniques, SBM does not require any a priori selection of re-
gions to analyse and acts as a spatial filter to separate signals 
that overlap and present different behaviours (e.g. artefacts vs. 
real brain changes) [35]. Given its advantages over other tech-
niques, SBM has been recently applied to study several brain-
related disorders. Group comparisons between controls and 
patients have successfully revealed differences in grey matter 
concentration (GMc) in studies of epilepsy [45], bipolar dis-
order [46, 47], schizophrenia [48–50], autism spectrum [51], 
Parkinson's disease [52, 53], multiple sclerosis [54], Huntington's 
disease [55] and individuals arrested for violent crimes [56], as 
mostly reviewed by Gupta, Turner, and Calhoun [35]. Indeed, 
the usefulness of the ICA in the functional identification of neu-
ral circuits involved in cocaine addiction has already been ob-
served [16, 17, 19, 57].

Drug use has been associated with multiple brain impairments, 
some of which are common across different substances, while 

others are unique to specific drugs [3, 9, 15]. Shared effects in-
clude reduced volume with use in the right anterior cingulate 
cortex, left putamen and left insula, as well as increased volume 
in the left putamen [3]. On the other hand, cocaine-dependent 
individuals exhibit exclusive structural impairments in the su-
pramarginal gyrus, left inferior parietal cortex and insula [58]. 
Previous CUD studies also report grey matter reductions in 
several regions, including the right hippocampus, right middle 
temporal gyrus, right inferior frontal gyrus [3, 21], right insula, 
left superior frontal gyrus [21], left putamen and left nucleus 
accumbens [59]. Additionally, there is an increased grey mat-
ter volume (GMv) in the caudate and orbitofrontal cortex among 
cocaine users [60] and an enlarged striatal volume [61]. In line 
with this, previous functional studies have reported alterations 
in CUD in the limbic, ventral frontostriatal, dorsal attentional 
and executive networks [2, 7, 19, 62–68]. However, as far as we 
know, the SBM technique has not yet been applied to study ad-
diction and very little is known about morphological covariance 
network alterations in CUD.

In this study, we perform SBM to investigate alterations in the 
MRI structural covariance at the whole brain level and to ex-
plore the structural networks associated with cocaine addiction 
through this data-driven approach. We specifically applied an 
ICA through the SBM technique to identify patterns of common 
GMc variation altered in CUD and to study the link of those pat-
terns with clinical and self-report information on addiction se-
verity. In agreement with previous reports of brain alterations in 
CUD, we expected to find altered structural covariance involv-
ing target networks, such as frontostriatal, limbic, executive and 
cerebellar networks. We also expected these patterns of altered 
structural covariance in CUD patients to be linked with clinical 
and self-report information.

2   |   Materials and Methods

2.1   |   Samples

Eighty males were studied: 40 CUD patients and 40 HCs. 
Groups were matched by age and educational level (see 
Table 1). In addition, as seen in Table 1, we did not find any 
significant differences in total intracranial volume (t = −0.072, 
p = 0.942). HC participants were recruited through advertis-
ing posters and word of mouth. No HC had major medical 

TABLE 1    |    Sociodemographic data.

Healthy 
controls 
(N = 40)

CUD 
patients 
(N = 40)

t-value 
HCs vs. 

CUD p value

Age 35.45 (9.01)
20–56

35.70 (7.56)
21–53

0.134 0.893

IC 10.40 (2.15) 9.49 (3) −1.56 0.124

TIV 1536.69 
(113.98)

1534.89 
(107.74)

−0.072 0.942

Note: The first two columns show the mean, standard deviation (in brackets) and 
range (in italics) of variables.
Abbreviations: CUD: cocaine use disorder patients; HCs: healthy controls; IC: 
intellectual coefficient; TIV: total intracranial volume.
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illnesses, DSM-IV Axis I disorders or a history of head injury 
with loss of consciousness. CUD patients were recruited at 
the Addictive Behaviors Unit of Castellón (Spain) from among 
those who recently visited the clinic to manage their absti-
nence. An interview, which included the structured clinical 
interview for DSM-IV Axis I disorders, ensured that all the 
patients met the DSM-IV criteria for cocaine dependence. 
The Unit includes continued abstinence monitoring with 
random urine toxicology testing or clinical interviews held 
with a psychiatrist lasting 2/4 days prior to MRI acquisition. 
None of these patients met the criteria for either current or 
previous dependence of drugs other than cocaine. According 
to the Edinburgh Handedness Inventory [69, 70], the HCs 
sample was composed of 2.5% (n = 1) left-handed, while the 
CUD patients' sample comprised 10% (n = 4) left-handed and 
5% (n = 2) ambidextrous when considering one missing datum 
in the CUD group. All the CUD and HC participants had al-
ready participated in three of any of the prior fMRI studies 
[16, 17, 65]. However, this was the first time that we explored 
differences in brain morphometry by means of SBM. As far as 
we know, this is the first time that an SBM analysis of cocaine 
addiction is reported. Before participating in this study, all the 
individuals were presented with detailed information about 
the research purpose, and they all provided written informed 
consent. Additionally, participants received compensation 
for their involvement. The study was approved by the insti-
tutional review board of the Universitat Jaume I of Castellón.

2.2   |   Clinical Measures

We evaluated cocaine addiction severity using the Spanish 
version of the Severity Dependence Scale (SDS; [71]), the 
Cocaine Selective Severity Assessment (CSSA; [72]) and the 
Cocaine Craving Questionnaire (CCQ-B and CCQ-G; [73]). 
Finally, clinical history variables such as the age of onset of 
cocaine use, years of cocaine use and maximum abstinence 
period (in months) were recorded for further analyses. See 
Table 2 for more details.

2.3   |   Data Acquisition and Preprocessing

Whole-brain 3D images were all acquired with the same 
1.5-T Siemens Avanto scanner (Erlangen, Germany). A high-
resolution structural T1-weighted MPRAGE sequence was 
acquired (TE, 3.8 ms; TR, 2200 ms; flip angle, 15°; matrix, 
256 × 256 × 160 mm; voxel size, 1 mm3). VBM was performed 
with the CAT12 toolbox (version 12.6, r1450; [74]) for SPM12 
(version 7487; Wellcome Department of Imaging Neuroscience, 
London, United Kingdom). The preprocessing pipeline of the 
original images followed the standard CAT12 manual rec-
ommendations (http://​www.​neuro.​uni-​jena.​de/​cat/​). This 
incl​uded (a) segmentation of images into grey matter (GM), 
white matter and cerebrospinal fluid; (b) registration to a 
standard template provided by the ICBM; (c) DARTEL nor-
malisation of the GM segments to the Montreal Neurological 
Institute (MNI) template; and (d) modulation by the linear and 
nonlinear components derived from spatial normalisation. 
Spatial smoothing was applied to unmodulated images using a 
Gaussian kernel with a full width at half maximum (FWHM) 

of 8 mm to enhance the signal-to-noise ratio and to facilitate 
group comparisons. After preprocessing, a data quality check 
was carried out by analysing sample homogeneity using co-
variance. No outliers were identified. At this point, images 
were ready to be analysed by SBM. Unmodulated/GMc images 
were used for the SBM analysis because they have been the 
preferred choice in seminal SBM studies [38, 40]. GMc images 
offer robust, spatially consistent results [75, 76] and demon-
strate higher replication reliability patterns [48, 75, 76] com-
pared to modulated/GMv images. Additionally, GMc images 
enable the detection of subtle structural variations without 
the confounding effects of volume-related differences intro-
duced by the multiplication of Jacobian determinants during 
normalisation. Although these determinants are essential 
for modulated/GMv images, they can increase within-group 
variance and reduce statistical power [38]. For between-group 
contrasts, modulated/GMv images were used by leveraging 
the previously extracted components from the SBM analysis.

2.4   |   SBM Analysis

The SBM algorithm was applied to identify patterns of com-
mon variation of grey matter across both groups: CUD pa-
tients and HCs. SBM is a feature identification technique 
used in neuroimaging research [77]. Its application allows co-
variance networks to be identified [38] while preserving the 
spatial correlation between different brain regions [41, 42]. 
Moreover, unlike voxel- or ROI-based techniques, SBM elimi-
nates the need for a priori selection of regions for analysis and 
serves as a spatial filter to differentiate signals that overlap 
and exhibit different characteristics (e.g. artefacts vs. actual 
brain changes; [35]).

After the previously described preprocessing steps, the SBM 
analysis was implemented using the GIFT toolbox [78] on 
GMc images. An ICA was applied to break up the mixed sig-
nal that came from all the images for the purpose to maxi-
mally recognise spatially independent sources. This step was 

TABLE 2    |    Clinical features of CUD patient sample.

Patients
N (max. 

40)

Total Cocaine Craving 
Questionnaire (CCQ-B) score

14.35 (6.52) 40

Total Cocaine Craving 
Questionnaire (CCQ-G) score

39.79 (18.19) 39

Total Severity Dependence 
Scale (SDS) score

8.28 (3.19) 39

Total Cocaine Selective 
Severity Assessment (CSSA) 
score

16.77 (18.71) 39

Age of onset 19.31 (3.52) 39

Years of cocaine use 12.97 (6.91) 39

Abstinence period 14.55 (19.92) 39

Note: The first column shows the mean and standard deviation (in brackets).

http://www.neuro.uni-jena.de/cat/
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applied on the GMc images using the Group ICA of fMRI 
Toolbox to perform SBM [35, 38]. The Infomax algorithm was 
selected to maximise the recognition of independent com-
ponents (ICs) from GMc images' signal information [79, 80]. 
Then, the ICASSO algorithm was chosen [81] to study the re-
liability of the ICA algorithm (RandInit mode), and the ICA 
was run 100 times.

The ICA decomposes GMc into maximally independent GMc 
spatial or component maps. Each component represents a dif-
ferent pattern of covariation between voxels among subjects. 
Therefore, each voxel represents its own contribution to the 
underlying source for each component, or vice versa. The ma-
trix returned by the ICA software during the analysis was an 
n × m matrix, where n represents the number of subjects (in 
rows) and m represents the number of ICs extracted (in col-
umns). The subject loading coefficients returned in the matrix 
represent the contribution or weight of each IC to the GMc 
for each subject included in the study. Thus, each value de-
termines how each component was expressed in each subject 
[82]. Later, we performed statistical analyses to examine any 
significantly different sources between both the CUD patients 
and HCs groups. Finally, spatial coordinates and the volume of 
specific covariation patterns were extracted using the Mango 
software [83].

2.5   |   Feature Identification

Following the SBM methodology recommendation [38, 84, 85], 
we extracted 20 structural Independent Components (s-ICs) 
for the posterior comparison between samples. All the 20 s-ICs 
were inspected through the stability index (Iq) to ensure great 
stability in component decomposition. Afterward, all the 20 s-
ICs were visually inspected by two reviewers and the grey mat-
ter composition of each component was evaluated. We excluded 
three s-ICs with a poor stability index (Iq < 0.90) and one s-IC 
with a significant spatial overlap with ventricles (the s-IC 15). 
Finally, 16 s-IC met the inclusion criteria for further analyses.

2.6   |   Statistical Analyses

Structural network differences between the CUD and HC groups 
were tested using a two-sample independent t-test. Next, we ran 
a MANCOVA on those s-IC SBM coefficients that showed signif-
icant differences between groups in order to take into account 
the association between both components and regressing out 
age effects, following Gupta, Turner and Calhoun’s [35] recom-
mendations. A threshold of p < 0.05 corrected for multiple test-
ing by the false discovery rate (FDR) method [86] was applied to 
find a significant effect of group and age on s-IC [35].

To describe the relations between the different s-ICs, we per-
formed partial correlations (two-tailed) among the s-IC loading 
parameters by controlling the age effect [87]. Partial correlations 
were specifically explored between the s-ICs that were signifi-
cantly different between groups and the other components that 
were not significant. Likewise, the relation between the s-IC 
loading parameters and the clinical and self-report informa-
tion regarding addiction severity (described in Table 2) was also 

studied by performing partial correlations and controlling the 
age effect.

After identifying significant differences between groups in 
s-IC2 and s-IC17, a mask of each s-IC was created using the 
Mango software to estimate statistical differences in GMv in 
these components. The full component image was loaded with-
out applying any additional z-threshold or statistical filtering to 
ensure that all clusters in the component were included for the 
analysis (e.g. s-IC2 included 24 clusters and s-IC17 included 85 
clusters). The z-value range for s-IC2 went from 3 to 9 and from 
2 to 6 for s-IC17, as derived directly from the ICA loading coeffi-
cients. Using the MNI atlas as a spatial reference, we identified 
overlapping clusters in each s-IC following the next steps: (1) 
a mask was generated for each s-IC using the Mango software 
by loading the full positive component image (see Figure 2); (2) 
each s-IC mask was overlapped with the MNI atlas to identify 
the spatial extent of the overlap and to determine the regions 
corresponding to each cluster; and (3) the extent of the volume 
covered by each s-IC was calculated by summarising the voxel 
volumes from GMv maps for all clusters identified in the com-
ponent. However, only the statistical details of the eight largest 
clusters, representing the most prominent overlaps between the 
s-IC mask and MNI atlas regions, are presented. These statistics 
are provided in the supplementary table (Table S1), which sum-
marises the global and point statistics including mean z-scores, 
sum, SD, size (mm3), maximum z-value, and corresponding co-
ordinates (X, Y, Z) for each cluster. Each individual mean s-IC 
component score represented the contribution of each compo-
nent to a given subject [87]. This workflow was used to extract 
the mean structural GMv of those s-IC that showed significant 
differences between groups.

Next, the masks created for each s-IC from the previous work-
flow was used to extract the mean structural GMv of those s-ICs 
showing significant differences between groups. Thus, we ac-
quired the modulated GMvs without applying smoothing from 
each s-IC using a MATLAB script [88], as previously applied in 
studies conducted by our research team [89]. Following this, 
we assessed the GMv distinctions between patients with CUD 
and HCs. Additionally, we explored any potential correlations 
between the volumetric characteristics of the components dis-
playing significant group disparities and the volumetric charac-
teristics of the remaining components. Finally, we examined the 
relations between s-IC volume and the clinical and self-report 
data concerning the addiction severity by implementing partial 
correlations, while controlling for age and TIV effects.

All the statistical analyses were performed with IBM SPSS 28 
Statistics [90].

3   |   Results

3.1   |   Brain Morphometric Results

3.1.1   |   s-IC Loading Parameters From GMc

A two-sample t-test (one-tailed) allowed us to identify which 
s-IC showed between-group differences in loading coeffi-
cients. Only two structural networks differed significantly 
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between CUD and HCs, identified as s-IC2 and s-IC17. As seen 
in Figures 1 and 2, s-IC2 is primarily composed of the cere-
bellum with some involvement of other brain regions, such as 
the middle frontal gyrus, the superior parietal lobe, the len-
tiform nucleus and the lingual gyrus. Thus, we refer to it as 
the CN. On the other hand, s-IC17 involves the core regions of 
the lateral frontoparietal network (L-FPN; [25]) and we refer 
to it as the L-FPN. The CN exhibited an increased GMc pat-
tern in CUD patients compared to HCs (s-IC2; t (80) = 2.128, 
p = 0.018; Iq > 0.98; d = 0.48). In contrast, the structural L-
FPN showed a decreased GMc pattern in CUD patients when 
compared to HCs (s-IC17; t (80) = −2.224, p = 0.015; Iq > 0.92; 
d = −0.50). In order to take into account the age effect and 
between-s-IC associations, a MANCOVA was performed with 

the SBM coefficients of GMc [35]. The results confirmed the 
same between-group disparities in the CN (s-IC2; F (6,052), 
p = 0.016; ηp2 = 0.06) and the L-FPN (s-IC17; F (5,160), 
p = 0.026; ηp2 = 0.06), as depicted in Table 3. Figures 1 and 2 
illustrate these structural networks. Both differences survived 
FDR correction (p < 0.05).

The correlations between s-IC were explored and compared both 
across and between groups, respectively. We focused only on the 
correlations involving components s-IC2 and s-IC17. By explor-
ing the relation between s-IC loading parameters, we found that 
some significant relations involved the structural L-FPN when 
using the Fisher r-to-z transformation to assess the significance 
of the difference between two correlation coefficients (using the 

FIGURE 1    |    Structural independent components showing significant differences between cocaine use disorder (CUD) and healthy controls (HCs). 
Note: on the left, the cerebellar network (s-IC2); on the right, the lateral frontoparietal network (s-IC17).

FIGURE 2    |    Structural independent components showing significant differences between cocaine use disorder (CUD) and healthy controls (HCs) 
visualised in the Mango software. Note: The figure illustrates the structural independent components (s-ICs) superimposed on the MNI atlas in the 
Mango software. The left column represents the cerebellar network (s-IC2), and the right column represents the lateral frontoparietal network (s-
IC17). Panels (A), (B) and (C) show the axial, sagittal and coronal views of s-IC2, respectively. Panels (D), (E) and (F), respectively depict the axial, 
sagittal and coronal views of s-IC17. These views highlight the spatial distribution of brain regions that exhibited significant differences between 
cocaine use disorder (CUD) and healthy controls (HCs).
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coefficients found in partial correlations by groups; see Figure 3). 
The relations between s-IC17 and s-IC4 (z = −1.91, p = 0.028; 
one-tailed), between s-IC17 and s-IC9 (z = −2.38, p = 0.009; 
one-tailed) and between s-IC17 and s-IC16 (z = 2.72, p = 0.003; 
one-tailed) were significantly different between groups when 
comparing CUD to HCs. As Table 4 shows, we observed an op-
posite pattern in correlations: the relation between s-IC17 and 
s-IC16 was significant only for HCs, while the relations between 
s-IC17 and s-IC4 and between s-IC17 and s-IC9 were significant 
only for CUD. Details regarding the brain regions encompassed 
by s-IC4, s-IC9 and s-IC16 appear in Table 5. On a global scale, 
when age effects were controlled through two-tailed partial cor-
relations, we observed a significant positive correlation between 
s-IC2 and another s-ICs as well as between s-IC17 and other 
s-ICs. However, it is essential to highlight that none of these cor-
relations evidenced significant between-group differences.

3.1.2   |   GMVs

GMVs were extracted from a Regions of Interest (ROIs)-based 
mask for each brain map of s-IC2 and s-IC17, extracted follow-
ing the workflow described in the Statistical Analyses subsec-
tion. To take into account the age and TIV effects, a MANCOVA 
was performed with the GMv of the CN and L-FPN. The CN 
(represented in Table 3 and Figure 1; s-IC2; F (6,681), p = 0.012; 
ηp2 = 0.08) was significantly different between groups and sur-
vived FDR correction (at p < 0.05). The structural L-FPN merely 
showed a tendency (p < 0.10).

The relation between GMv networks was explored globally and 
depending on groups. We focused only on the correlations in-
volving s-IC2. When exploring the relation between the GMv 
of s-IC maps, we found some significant relations involving the 
CN when using the Fisher r-to-z transformation to assess the sig-
nificance of the difference between two correlation coefficients 
(using the coefficients found in partial correlations by groups). 
Only the relation between s-IC2 and s-IC11 (z = −1.79, p = 0.0367; 

one-tailed) was significantly different between groups when 
comparing CUD to HCs, and was significant only for CUD 
(see s-IC11 in Figure 2). Details regarding the brain regions en-
compassed by s-IC11 are found in Table  5. On a global scale, 
when age and TIV effects were controlled through two-tailed 
partial correlations, we observed a significant positive correla-
tion between s-IC2 and another s-IC. However, it is essential to 
highlight that none of these correlations evidenced significant 
between-group differences.

3.2   |   Clinical Results

When exploring the relation between the s-IC loading parame-
ters and the clinical and questionnaire scores for addiction se-
verity in the CUD group, partial correlations with age did not 
reveal any significant correlations involving components s-IC2 
and s-IC17 (p > 0.1). In the same way, when exploring the rela-
tion between the GMv of components and the clinical and ques-
tionnaire scores for addiction severity in the CUD group, partial 
correlations with age and TIV did not reveal any significant cor-
relations involving s-IC2 (p > 0.1).

4   |   Discussion

The SBM analysis identified significant between-group differ-
ences in the loading coefficients of GMc in two s-ICs, s-IC2 and 
s-IC17, which we named the Cerebellar Network (CN) and the 
Laterar Frontoparietal Network (L-FPN), respectively. As far as 
we know, this is the first study to report structural covariance 
network alterations in CUD patients using the SBM approach. 
Compared to HCs, the CUD patients exhibited greater contri-
bution to the CN, which indicates a pattern of neuroadaptations 
that spreads along this structural network in CUD. We also 
observed a lower contribution of the L-FPN structure in CUD 
(Table  3), which may be interpreted as an interruption in the 
structural integrity of this network in the patient group. In fact, 

TABLE 3    |    Structural independent component loading parameters from grey matter concentration showing significant differences between the 
cocaine use disorder (CUD) patients and healthy controls (HCs).

Structural 
Independent 
Component

Brain Region 
Label (Atlas 3) BA

Structural 
network 

identified
Loadings 

directionality Mean (SD) F p value

s-IC2 Culmen of Vermis
Culmen

Mid Frontal Gyrus
Sup Parietal Lobe

Lentiform Nucleus
Lingual Gyrus

*
*
9
7

Putamen
18

Cerebellar 
Network

CUD > HC 0.46 (0.22) 6.052 0.016*

s-IC17 Declive of Vermis
Mid Frontal Gyrus

Precuneus
Inf Parietal Lobe
Precentral Gyrus

*
6, 9, 46

7, 39
40
4

Lateral 
Frontoparietal 

Network

CUD < HC −0.48 (0.22) 5.16 0.026*

Note: The second and third columns show the main brain areas involved (middle: mid; superior: sup; inferior: inf; BA: Brodmann area). The fifth column contains 
the loadings directionality from the grey matter concentration for the cocaine use disorder patients (CUD) and healthy control (HC). The subsequent columns show 
statistical results: mean (standard deviation), F and p value.
*p < 0.05 (MANCOVA).
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the structural patterns observed in the differences between 
groups' components may involve a disruption in the long-term 
functional coactivation of CUD [87, 91].

The CN primarily comprises the cerebellum, with some in-
volvement of other brain regions previously identified in studies 
on cocaine users. There is a large body of MRI studies reporting 
structural and functional alterations in the cerebellum by co-
caine addiction [5, 8, 9, 15, 92–94], although they show no clear 
pattern. In our study, structural covariance between the brain 
structures included in the CN was stronger for the CUD indi-
viduals than for HCs. This suggests significant differences in 
the participation of this component in the structural brain net-
work between the two groups by reflecting a complex pattern of 
upregulation or facilitation of factors subserving the structural 
covariance driven by cocaine addiction in the CN. Therefore, 
the CN component may serve as a structural set of cerebellar 
regions, reflecting a pattern of alterations to be tested in future 

studies on addiction. This s-IC also included other regions, albeit 
to a lower extent. These other regions have shown alterations 
in previous studies, such as the superior parietal lobe (BA7; 
[95–99]), the middle frontal gyrus (BA 9; [82, 100]; as reviewed 
in [11, 66]), the lentiform nucleus (putamen; [11, 90, 100]) and 
the lingual gyrus (BA 18; [101]). These areas have been impli-
cated in the functional alteration of psychological processes in 
cocaine addiction, such as inhibition [95], decision-making [98], 
visuospatial attention [99], working memory [96, 99], attention 
switching [92], cognitive control [66, 97], emotional regulation 
[66], craving [66], relapse [101] and impulsivity traits [11]. It is 
noteworthy that we observed GMv differences between groups 
when extracting volume values within the ROI drawn from the 
s-IC2 mask. In fact, we observed that CUD showed an increased 
GMv in the pattern of the CN component regions. This result 
supports our suggestion of using the CN component as a ROI 
in future studies, although this result may be biased given that 
the CN independent component was extracted from these same 

FIGURE 3    |    Structural Independent Components correlated with the Structural Cerebellar Network and the Structural Frontoparietal Network. 
Note: top left, s-IC4; top right, s-IC9; bottom left, s-IC11; bottom right, s-IC16.
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TABLE 4    |    Fisher coefficients of correlations between the structural independent components involving the structural cerebellar network (s-IC2) 
and the structural frontoparietal network (s-IC17).

s-IC correlation
r coefficients for 

CUD patients
r coefficients 

for HC z coefficient
p value 

(one-tailed)

s-IC loading 
parameters

s-IC17/s-IC4 −0.073 0.354 −1.91 0.028*

s-IC17/s-IC9 −0.361 0.174 −2.38 0.009**

s-IC17/s-IC16 0.332 −0.28 2.72 0.003**

GM volume s-IC2/s-IC11 −0.347 0.53 −1.79 0.037*

Note: The first column shows the type of data, the second column indicates the correlation between s-IC correlations and the third and fourth columns depict the 
r coefficients for the CUD and HC groups respectively. Z coefficients and p values (one-tailed) are shown in the two last columns. In the s-IC loading parameter 
correlations, the age effect is controlled; in the s-IC GM volume correlations, age and TIV effects are controlled.
*p < 0.05. 
**p < 0.01.

TABLE 5    |    Structural component from the grey matter concentration and grey matter volumes correlating with the Cerebellar or Frontoparietal 
Networks.

A) Structural component loading parameters of the Structural Frontoparietal Network (s-IC17)

Structural 
Independent 
Component

Brain Region 
Label (Atlas 3) BA

Z coefficient 
directionality Group

s-IC4 Insula
Cingulate Gyrus

Thalamus
Cerebellar Tonsil
Precentral Gyrus
Inf Parietal Lobe

Post Cingulate

13
32

Med dorsal nucleus
*
9

40
30

CUD-p < HC HC

s-IC9 Culmen
Uvula

Mid Temp Gy
Amygdala

Parahippocampus
Mid Occipital Gy
Mid temporal Gy

*
*

39
*

Amygdala, 18
*

39

CUD-p < HC CUD

s-IC16 Angular Gyrus
Mid Temporal Gy

Declive
Postcentral Gyrus
Fusiform Gyrus

Mid Frontal Gyrus
Tuber

39
39
*
7

37
9

—

CUD-p > HC CUD

B) GM volume of the Cerebellar Network (s-IC2)

Structural Independent 
Component

Brain Region 
Label (Atlas 3) BA

Z coefficient 
directionality Group

s-IC11 Thalamus
Sup Temporal Gy
Mid Temporal Gy

Precuneus
Mid Frontal Gy

Sup Parietal Lobe
Postcentral Gyrus

*, Ven pos med nuc
39
39
7
6
7
3

CUD-p < HC CUD

Note: Sections A and B indicate the type of data and the network with correlates. The second and third columns contain the primary brain regions (middle: mid; 
superior: sup; inferior: inf; posterior: post; gyrus: gy; BA: Brodmann area). The fourth column indicates the directionality of the z coefficients represented in Table 3. 
The fifth column reveals the group in which the correlation was observed. The asterisks indicate brain regions named as such in the atlas and do not represent a level 
of significance.
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samples, and has already shown differences in terms of individ-
ual factor scores. Indeed, the mean factor scores and the GMv 
values revealed a correlation across groups (r = p < 0.001) in a 
post hoc analysis to further explore this association. Therefore, 
s-IC may serve to delineate brain regional sets for multivariate 
analysis. Future research should determine the replicability of 
this CN component.

The named structural L-FPN involved mainly lateral and me-
dial parietal regions and frontal, cerebellar and motor areas. In 
a previous study, Segall et al. [87] reported the structural–func-
tional correspondence of the results of SBM-ICA analyses, in 
which the precuneus was shown to be a link between frontal, 
cerebellar, parietal and motor areas. These authors identified 
the precuneus s-IC as a hub because it was the component with 
the highest number of correlations with other identified s-ICs 
(frontal, cerebellar, parietal and motor areas in separated s-IC) 
in a healthy sample. In our study, all these brain areas are core 
and secondary regions of the L-FPN component, as described 
in other studies [16, 17, 18, 25, 102–105]. It is noteworthy that 
we extracted 20 components, while Segall et al. [87] extracted 
70, which might explain the segregation in several components 
in their study compared to the regions identified in our s-IC2, 
as well as their pattern of correlations between segregated com-
ponents. The regions involved in our L-FPN s-IC17 have been 
related with cognitive control [54] and associated with addic-
tion in prior resting-state and task-related functional studies 
[4, 19, 66, 67]. In fact, studies that have analysed the effects of 
cocaine addiction have observed an increased functional re-
cruitment of these networks (left FPN in particular) during 
drug-related processing, but a blunted response during nondrug-
related processing [4, 16, 17, 19, 65]. In our study, the structural 
covariance between the brain structures making up the struc-
tural L-FPN is weakened in the CUD group compared to HCs. 
In this sense, it has been suggested that GM structural covari-
ance networks mature after functional coactivation [87, 91], and 
the effects of neurodegenerative factors (e.g. cocaine addiction) 
could be a mechanism that explains how structural GM covari-
ation occurs [87]. Therefore, our study suggests a significant re-
duction in the covariance within the regions of the L-FPN in the 
patients with CUD, which could reflect a maladaptive restruc-
turing of these brain regions. This restructuring might be driven 
by factors that typically influence structural covariance during 
healthy development, such as age or functional connectivity.

The loading coefficient patterns of our structural L-FPN and the 
GMv of the CN revealed intriguing association patterns with 
other s-IC networks between groups. We identified a connec-
tion between the loading coefficient patterns of the structural 
L-FPN and other s-IC, specifically s-IC4, s-IC9 and s-IC16, as 
well as the GMv of the CN showed associations with s-IC11. Of 
these relations, the association between the L-FPN and s-IC16 
was significant only in the HCs group, which indicates greater 
contribution in HCs compared to CUD. As one might expect, 
our structural networks do not precisely match the functional 
or resting-state networks described in previous studies [35, 87] 
and, therefore, we prefer to refer to them as s-IC. Notably, the 
core regions of our s-IC associated with our CN or L-FPN have 
been previously identified as altered in CUD in earlier network 
studies [4, 16, 17, 19]. The salience network, also known as the 
midcinguloinsular network (M-CIN), primarily comprises the 

anterior insula, dorsal anterior cingulate and inferior parietal 
lobe, regions involved in redirecting attentional resources to-
ward salient stimuli. These regions are encompassed by our s-
IC4 and have been observed to be altered in CUD [4, 25]. The 
amygdala and parahippocampus are the core regions of the 
limbic network, which has been observed to be less activated 
in CUD during emotional processing [19], and both regions 
are present in our s-IC9. However, these brain areas have been 
noted in some studies as additional regions of the M-CIN (see 
[25, 106, 107]). The thalamus and precuneus, which are key re-
gions of the default mode network (DMN), have been also ob-
served to be altered in CUD [4] and contribute to our s-IC11. 
However, these brain areas have been identified in some studies 
as additional regions of the L-FPN [25]. Lastly, in our s-IC16, we 
observed the angular gyrus in the superior parietal lobe extend-
ing into the intraparietal sulcus, the middle temporal gyrus and 
the frontal eye fields. These regions are key components of the 
dorsal frontoparietal network (D-FPN; [25]) and have also been 
described in other CUD studies [19, 62] to be linked with emo-
tion regulation. We interpreted the association patterns uniquely 
observed in the HCs group, which are different from those in 
the CUD group, as indicative of a deviation from the typical 
developmental trajectory of structural brain networks poten-
tially influenced or associated with cocaine use. Conversely, the 
specific association patterns identified in the CUD group may 
suggest a maladaptive restructuring tied to cocaine addiction. 
These interpretations become clearer when considering the core 
regions underlying each s-IC, as discussed. At a functional level, 
correlations between ICs are understood as the affiliation of a 
network (or a network subsystem) with other systems to collec-
tively give rise to specific functions. For instance, various L-FPN 
subsystems have been delineated [25]. One of these subsystems 
shows a predominant connection to the regions in the D-FPN 
[108] and has been linked to the control of externally driven cog-
nitive processes [109]. The functional affiliation between L-FPN 
and D-FPN seems to be reflected at the structural level in our 
study. In HCs, the loading coefficients of L-FPN were positively 
related to s-IC16 (which could be identified as a structural D-
FPN, as explained above), while, interestingly, this link was not 
observed in CUD individuals. In turn, CUD was negatively re-
lated to s-IC4, which could be identified as a structural M-CIN 
(as explained), and also to s-IC9, which seems to encompass the 
additional areas described for M-CIN (see [25, 106, 107]). The 
core and additional functional M-CIN regions have been linked 
with salience domains [25]. Consequently, the patterns of associ-
ation between s-IC suggest a neuroadaptation related to cocaine 
use. However, the relations based on the loading coefficients 
of GMc and volumetric patterns can be interpreted in different 
ways. As discussed earlier, the correlation of the L-FPN load-
ing parameters with those of other s-ICs could indicate cocaine-
induced degeneration of between-network connectivity. On the 
other hand, in the case of the CN, which exhibits greater con-
sistency in CUD, the negative relation between the volume ex-
tracted from the network map and s-IC 11 (only in CUD) could 
suggest a disruption of structural growth related to a decrease in 
use or aberrant use [91] associated with cocaine use. By examin-
ing the primary structures that constitute these components and 
considering that the joint activation of different brain areas pro-
motes their concurrent growth [24], we can better understand 
these relations. Our results suggest that (1) when the CN related 
to habit formation (due to the structures that it encompasses) 
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develops in CUD, the overall size of the primary DMN brain 
structures tends to reduce (because reduced brain structure 
use leads to less grey matter development; [24]) and (2) when 
a disturbance occurs in the normal L-FPN neurodevelopment 
(resulting in less consistency in CUD in factor loadings terms), 
the other networks involved in directing attention resources to-
ward salient stimuli (salience) and, in both executive control and 
cognitive flexibility (D-FPN), may also be affected.

To the best of our knowledge, this is the first study that estab-
lishes a connection between cocaine use and abnormal struc-
tural covariance patterns. However, this pattern aligns with an 
expanding body of brain imaging research that emphasises the 
significant role of both brain region structures [3] and functional 
networks [4, 19] in the context of cocaine addiction.

Our study exhibits certain limitations that merit discussion. The 
lack of association with clinical and self-report variables despite 
differences in structural network loadings and volumes suggests 
a complex interplay between brain structure and clinical health. 
This may be due to limitations in clinical measurements (i.e. no 
control over other substances use in the CUD patient group or 
the potential presence of other behavioural addictions in both 
groups), long-term effects and the need to consider additional 
factors in future research. Furthermore, our study recruited 
samples with individual differences in clinical history terms, 
prioritising sample size over sample homogeneity. At this point, 
it is important to note that the FPN exhibits significant neuro-
anatomical variability among individuals [102, 110, 111], which 
could impact results concerning clinical and self-report vari-
ables. It is worth noting that exclusive cocaine use is challenging 
to find because polydrug use is the prevailing profile in addic-
tion. To address this issue, we formulated our hypotheses based 
on the expectation of observing structural covariance patterns 
exclusively associated with the structures impacted by cocaine 
use, such as the supramarginal gyrus, left inferior parietal cor-
tex and insula [58]. Therefore, the results should be cautiously 
interpreted. A secondary limitation of our study is that our find-
ings are exclusive to males and, thus, cannot be generalised to 
females. Subsequent studies should be undertaken to explore the 
covariance patterns related to cocaine use in female populations.

5   |   Conclusion

In summary, our study is the first to uncover structural covari-
ance network alterations in individuals with CUD using the SBM 
approach. We identified significant differences in grey matter 
covariance loading coefficients in two key structural networks 
associated with various addiction-related deficits and cognitive 
control. The CN seems to constitute a neural network that evolves 
together with addictive processes. If we combine the results of 
our study with previous evidence, this network appears to be in-
volved in the formation of consumption habits and the character-
istic compulsion of addiction. Consequently, the development of 
this network in cocaine addiction could elucidate the difficulty 
to extinguish compulsive behaviours associated with consump-
tion. The L-FPN, which is mainly composed of the brain struc-
tures responsible for contextual attention and signal integration, 
shows alterations in individuals with substance use. In this case, 
it seems to be predisposed to exclusive attention and an intensified 

interpretation of drug-related signals. Our study sheds light on the 
structural alterations in brain networks of individuals with CUD, 
and these findings provide a better understanding of cocaine ad-
diction effects on both brain structure and network connectivity. 
Future research may consider combined structural and functional 
studies that include more clinical and addiction-related data to 
clarify the interpretation of the observed maladaptations.
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