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Abstract

The insula is a key brain region for internal connectivity and is involved in addiction-related reward systems. Previous studies have revealed abnormalities in
insula structure and function in individuals with nicotine addiction (NA); however, few studies have focused on changes in radiomic features of the insula in
individuals with nicotine addictions. Therefore, we mined radiomic features of the insula and their relationships with abnormal insula functional
connectivity and different smoking characteristics. We recruited 97 volunteers (50 smokers and 47 nonsmokers) and acquired the 3D T1-weighted images
(3D T1WI) and the resting-state functional magnetic resonance images (rs-fMRI). On 3D T1WI, insula-based radiomic features were selected via the least
absolute shrinkage and selection operator (LASSO), and a support vector machine (SVM) classification model was constructed to distinguish between
smokers and nonsmokers. On rs-fMRI, differences in functional connectivity between smokers and nonsmokers were compared by a functional connectivity
analysis method based on the insula as a seed point. We correlated radiomic features of the insula between smokers and nonsmokers with functional
connectivity differences and smoking characteristics. The SVM classification model that was constructed based on the radiomic features of the insula was
able to accurately discriminate between these two populations (area under the curve ROCs of 0.9455 for the training set and 0.8756 for the validation set),
and the functional connectivity of the insula to the whole brain differed between smokers and nonsmokers. Radiomic features of insula heterogeneity were
associated with a correlation with the smoking index (r= 0.404, p = 0.013), years of smoking (r=0.362, p = 0.015), subjective craving (r=0.320, p = 0.036), age
at first smoking/first cigarette (r = 0.302, p = 0.036), and enhanced functional connectivity of the insula with the right occipital lingual gyrus (r = 0.288, p =
0.044). We used a machine learning-based data classification method for radiomic features to reveal alterations in insular radiomic features in individuals
with nicotine addictions, which may provide a valuable method for exploring the microstructures of individuals with nicotine addictions and providing
imaging markers for smoking cessation and tobacco control in addition to clinical indicators. This trial is registered with clinicaltrials.gov (NCT05788068).
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Background

Nicotine addiction (NA) is a mental disorder of physical and
mental dependence caused by the long-term use of tobacco, which
is mainly manifested by a strong craving for tobacco and uncontrol-
lable behaviors, which cause serious negative impacts on human
health and quality of lifel'. Despite the desire of most smokers to
quit, relapse rates remain high. Nicotine promotes relapse by acti-
vating the 'reward circuit'?l between the limbic system and the
frontal cortex, thus enhancing the individual's experience of plea-
sure, which is stored in the memory. As an important component of
the limbic system, the insula plays a key role in addictive behavior,
especially in the perception and regulation of intrinsic states,
contexts involving rewards, impulse control, and emotional
responses®>4. In recent years, international journals have continued
to provide evidence that damage to the insula undermines addic-
tion to smoking. Compared to damage to other brain regions,
damage to the insula makes it easier for individuals with nicotine
addiction to succeed in the quitting process!®l. These individuals are
less likely to relapse and may even lack the motivation to smoke
again. In addition, deeper transcranial magnetic stimulation (TMS) of
the dorsolateral prefrontal region® may produce more effective and
long-lasting results in the treatment of nicotine addiction, and the
insulal”l, which is located in the deeper region, is also under con-
sideration for the treatment of addiction with TMS.

© The Author(s)

In recent years, many studies have investigated the structure and
function of the insula in individuals addicted to nicotine. In studies
on the mechanisms of nicotine addiction, direct measurements of
the structures of brain regions using voxel-based morphometry
(VBM) are generally used to characterize the disease in terms of
volume reduction. A study by Chen et al.l®! revealed that smokers
had reduced gray matter volume (GMV) in the insula and cingulate
gyrus compared to nonsmokers. In another study®, young smokers
had an increased volume of gray matter (GM) in the left lateral shell
nucleus and a decreased volume of GM in the left anterior cingulate
cortex (ACC) compared to nonsmokers, with insula changes not
being detected. VBM does not directly measure complex cortical
topology when detecting the volume of brain regions, and
microstructural changes caused by neuronal changes and func-
tional activities may not be detectable via this method!'%'1, The
automated normalization algorithms of VBM analysis methods may
alter the extraction of abnormal cortical topology and reduce the
discrimination of fine structures. As a result, most research methods
focusing on brain structures have begun to apply surface-based
morphometry (SBM). SBM is able to elevate many deep topogra-
phies to the surface, thereby identifying more deep features.
However, many studies have used only a single metric mean as a
brain disease feature; for example, reduced cortical thickness in the
insula cortex of smokers is associated with greater nicotine depen-
dence and higher cigarette craving scores!'2'3], which does not
respond well to the characteristics of the brain regions. Multimodal
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neuroimaging techniques have been widely used in neurological
disorders; however, conventional images are not able to identify
some microscopic changes that occur before the brain tissue under-
goes significant deformation, such as the absence of dopaminergic
neurons, which represents the main neuropathological hallmark of
nicotine addiction. This cumulative effect on the brain tissue leads
to changes in the pixel intensities of the images; however, such
microscopic changes cannot be recognized by the human eyel'4.
However, these changes can form specific texture patterns in the
image, which can be captured by texture features!'*!, Radiomics!'6.17]
is an emerging field that combines medical imaging with infor-
matics, statistics, and machine learning to quantify and objectively
characterize image heterogeneity by quantifying microscopic
changes in medical images that are difficult to assess by the human
eye, providing a new approach to precision medicinel'8l, Radiomics
has been widely used in the field of brain diseases, such as
epilepsy!’?], multiple sclerosis?, Alzheimer's2'l, and Huntington's
diseasel?Zl; however, the heterogeneity of radiomic features for
addictive diseases is still unclearl'7.23],

Although the importance of the insula has been emphasized in
previous studies, most studies of resting-state functional changes
in nicotine-addicted populations have focused on brain networks.
Li et al.l?4l suggested in a significance network analysis that young
adult smokers had increased anisotropy scores of reduced func-
tional connectivity and structural fiber bundles between the ante-
rior cingulate cortex (ACC) and right insula in young adult smokers
relative to nonsmokers. Little attention has been paid to functional
changes in the insula alone. Previous studies have provided valu-
able evidence for alterations in insula structurel® and function!?4 in
nicotine addicts, and the findings have not been well reproducible
due to the low sensitivity of VBM measurements compared to
SBMI251 as well as the singularity of the metrics for cortical analysis.
However, radiomics can observe subtle changes that cannot be
observed by the human eye, providing high-dimensional quantifi-
able imaging metrics to comprehensively assess structural changes,
compensating for the inability of VBM to directly measure complex
cortical topology and the singularity of SBM metrics. Radiomic
features2® in structural images are extracted by computer algo-
rithms, including the gray-level co-occurrence matrix (GLCM), gray-
level dependence matrix (GLDM), gray-level run-length matrix
(GLRLM), and neighborhood gray-tone difference matrix (NGTDM).
Briefly, the GLCM contains spatial information about the relation-
ship between pairs of pixels with similar intensities, the GLDM
describes the relationship between a pixel's intensity and the inten-
sities of its neighboring pixels, the GLRLM measures regions of
homogeneous pixels, and the NGTDM evaluates the differences
between pixel intensities. Therefore, in this study, we used
radiomics to explore the heterogeneity of the radiomic features of
the insula. We further used resting-state functional connectivity
analysis(rs-fc) based on the insula to assess the relevant functional
changes in the insula.

Currently, few studies have focused on the heterogeneity of
insula radiomic features and their associated functional connecti-
vity changes in individuals with nicotine addictions. Moreover, few
studies have explained these structural and functional changes in
relation to smoking characteristics. As a key node in the neural
circuit of smoking addiction, the structural and functional abnor-
malities of the insula play an important role in smoking behavior.
In recent years, with the rapid development of imaging technology,
neuroimaging has become an important tool for studying the neural
mechanisms of smoking behavior. Radiomics is able to extract a
large number of quantitative features from structural images, reveal-
ing subtle structural changes that cannot be observed by
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traditional methods, while rs-fc analysis reflects the functional inte-
gration and segregation of neural activities by characterizing the
dynamic interaction patterns between brain regions. The combina-
tion of radiomics and rs-fc can comprehensively reveal the neural
mechanisms of smoking behavior from a multimodal perspective,
make up for the limitations of a single approach, enrich the charac-
teristic neuroimaging alterations of the insula in nicotine addiction,
and provide a scientific basis for the development of more accurate
clinical prediction models and intervention strategies.

Materials and methods

Participants

We recruited a total of 97 subjects (50 smokers and 47 non-
smokers; Table 1) via online publicity and billboards. The inclusion
criteria for study participants were as follows: 1) Han Chinese; 2)
aged 18-45 years; 3) no smoking cessation in the 3 months prior to
the start of the study; 4) no substance dependence other than nico-
tine; 5) junior high school or higher education level; 6) right-handed-
ness; and 7) no contraindications to MRI scanning. Smokers and
nonsmokers were excluded if they: 1) had taken psychoactive drugs,
such as antipsychotics and antidepressants, within 3 months before
enrollment; 2) were receiving medication; 3) had previous or current
psychiatric disorders, as well as mental disorders that met the diag-
nostic criteria of the DSM-5 within two lines and three generations;
4) had organic brain diseases, a history of craniocerebral injuries, or
a history of coma; 5) had severe physical illnesses, a history of
endocrine disease, or abnormalities in the blood, cardiac, hepatic, or
renal function; or 6) were pregnant or lactating. The criteria for the
smoking group were as follows: 1) met the DSM-5 diagnostic crite-
ria for traditional tobacco use disorder; and 2) used traditional
combustible cigarettes for more than 1 year and smoked no less
than 10 cigarettes per day. The criteria for the healthy controls were
as follows: 1) never used tobacco products; and 2) did not have any
other history of addiction. All of the subjects were confirmed to be
free of intracerebral lesions or structural abnormalities before struc-
tural image scanning, demographic and clinical behavioral infor-
mation, as well as MRI data, were obtained; moreover, all of the
smokers were assessed for nicotine dependence using the Fager-
strom test for nicotine dependencel?”! (FTND). Smoking data (includ-
ing the smoking index[?8], which is calculated as years of smoking x
number of smokers per day/20) and other relevant data were
recorded for the subjects using a scale method. Subjects were
excluded from the study if they demonstrated a head translation of
more than 2 mm or a rotational movement of more than 2 degrees
during the MRI scan.

MRI data acquisition and preprocessing

Magnetic resonance data acquisition was performed after all of
the scale assessments were completed. All of the images were
acquired using a 3.0 T Siemens Magentom Trio scanner (Allegra;
Siemens, Erlangen, Germany) with an 8-channel head coil at the
Hunan Provincial People's Hospital (the First Affiliated Hospital of
Hunan Normal University, Hunan, China). A gradient echo (GRE)
sequence was used to acquire the 3D T1-weighted images (3D T1WI)
structural images with the following parameters: repetition time =
2000 ms, echo time = 2.26 ms, field of view = 256 mm x 256 mm, flip
angle = 8°, number of slices = 176, slice gap = 0, voxel = 1 mm X
1 mm x T mm, and matrix size = 256 x 256. An echo-planar imaging
(EPI) sequence was used to acquire the resting-state functional
magnetic resonance images (rs-fMRI) images with the following
parameters: repetition time = 2,000 ms, echo time = 30 ms, field
of view = 220 mm x 220 mm, flip angle = 90°, number of slices = 36,
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time point = 210, voxel = 3 mm x 3 mm X 3 mm, and matrix size =
64 X 64. The subjects were asked to be relaxed, close their eyes, not
think about anything, and not fall asleep during the MRI scan.
Earplugs and foam pads were used to minimize noise, and head
movements.

3D TIWI structural images were preprocessed on Shukun
(www.shukun.net), which mainly includes normalization: compara-
bility of images at different time points, and reduction of noise and
artifacts in the images. Rs-fMRI images were preprocessed on DPABI
(www.rfmri.org) and SPM (www filion.ucl.ac.uk/spm). The main
preprocessing steps included the following: 1) data format conver-
sion of DICOM to NIFIT; 2) removal of the previous ten volumes; 3)
time-slice correction; 4) head-motion correction; 5) spatial normal-
ization, which involved matching of the structural and functional
image alignments to the Montreal Neurological Institute standard
stereotactic space, with a voxel size of 3 mm X 3 mm X 3 mm; 6)
smoothing of the kernel parameter to 4 x 4 x 4; 7) low-frequency
filtering; and 8) removal of covariates and the extraction of the
mean signals of the head movements as covariates via simple linear
regression to exclude the influence of these factors on the results.

Radiomic seed-based analysis

This part was carried out in the software platform provided by
Shukun. Two-dimensional visualization of 3D T1 images. Area of
interest outlining: the insula was outlined and saved by specially
trained operators on the imaging data of different subjects. Feature
extraction and selection: we extracted image features (https://pyra-
diomics.readthedocs.io/en/latest/features.html) from different sub-
jects, removed redundant features with Pearson correlation coeffi-
cients 2 0.9 by Pearson correlation analysis method, and applied the
lasso regression analysis method to select five valuable radiomic
features. Building machine learning-based classification models:
Support vector machines (SVM)2% are widely used in machine learn-
ing. The dataset of 97 subjects was randomly assigned into a train-
ing set and a validation set in the ratio of 7:383%, and a support
vector machine classification model was built based on the five
radiomicfeaturesselectedabove,inwhichthetrainingsetwassubjected
to 5-fold cross-validation to assess the stability and generalization
ability of the model and to avoid assessment bias caused by
improper segmentation. The classification model was evaluated
using the following metrics: accuracy (ACQ), sensitivity (SEN), speci-
ficity (SPE), and area under the curve ROC (AUC). Gender and age
were subjected to multiple linear regression. Finally, we performed a
Spearman correlation analysis between the values of the five
selected radiomic features and smoking characteristics.

Functional connectivity seed-based analysis

The bilateral insula was selected as the region of interest based on
the automated definition of the AAL template. Whole-brain resting-
state functional connectivity analysis with the insula as the region of
interest was performed based on DPABIE' in MATLAB 2020b and
SPM12, and time series of the whole insula were extracted and Pear-
son correlation coefficients were calculated with the time series of
other voxels. A two-sample t-test matrix (test level p < 0.05) was
subsequently designed in SPM12 to compare the differences
between smokers and nonsmokers. To improve the reliability of the
functional connectivity statistics results, we used a two-stage multi-
ple comparison correction strategy based on Random Field Theory
(RFT) in the SPM 12 software package. In SPM 12, a cluster forma-
tion threshold of p < 0.001 (uncorrected) was first set at the voxel
level for generating continuously activated clusters; subsequently,
family-wise error rate (FWE) correction was implemented at the
cluster level, with the significance threshold set at p < 0.05.
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Finally, Spearman's correlation analysis was carried out between the
imaging data of the discrepant brain regions and the smoking
behavior data.

Statistical analyses

The statistical software SPSS 26 was used to analyze the basic
clinical data of the subjects. Demographic information that was
significantly different was included in the multiple linear regression.
Correlation analysis between radiomic features and clinical features
was performed via SPSS 26. We performed Spearman's correlation
analysis was performed regarding the five selected radiomic
features associated with functional connectivity differences, and
Spearman's correlation analysis was also performed with age at first
smoking/first cigarette, smoking index, number of years of smoking,
subjective craving, and FTND, p < 0.05 was considered to indicate a
statistically significant difference. False discovery rate was
performed on the results of the correlation analysis.

Results

Demographic information

The demographic information and behavioral characteristics of
the smoking and healthy control groups are presented in Table 1.
A total of 97 subjects (50 smokers and 47 nonsmokers) were
included in this study. Statistically significant differences in sex (p <
0.05) and years of education (p < 0.05) were observed between the
smoking and nonsmoking groups, and multivariate linear regres-
sion was utilized to exclude the effects of sex and years of educa-
tion on imaging outcomes.

Radiomic analysis

A lambda plot of the effective radiomic features of the insula is
presented in Fig. 1. Additionally, the features selected via LASSO
regression analysis are presented in Fig. 2. The identified radiomic
features included T1WI_logarithm_firstorder_InterquartileRange
(IQR), T1WI_wavelet-HHH_ glszm_SizeZoneNonUniformity (SZNU),
T1WI_wavelet-HLH_firstorder_Mean (Mean), T1WI_wavelet-HLH_
glrlm_ShortRunLowGrayLevelEmphasis  (SRLGLE), and TI1WI_
wavelet-HLH_glszm_SmallAreaLowGrayLevelEmphasis ~ (SALGLE).
Figure 3 demonstrates the performance of the support vector
machine model based on radiomic features of the insula. The AUC,
SEN, SPE, and ACC values of the classification model were 0.9455,
0.9062, 0.9143, and 0.9104, respectively, for the training set, as well
as 0.8756, 0.7333, 0.7333, and 0.7333, respectively, for the validation
set. There was no causal relationship between sex, age, and
radiomic features. The stable classification performance indicates
that the defined radiomic features of the insula are capable of distin-
guishing between smokers and nonsmokers.

Table 1. Demographic and clinical characteristics of the smoking and healthy
control groups.

Smokers Nonsmokers p value
Number of individuals 50 47 -
Age (year) 2966 +6.63 2743+435 0.201
Gender, male (%) 49 (98.0%) 32 (68.1%) <0.001
Years of education 15.18+296 17.57+1.81 <0.001
Age at first smoking/first cigarette ~ 12.46 +7.35 - -
Smoking in years 14.98 +5.27 - -
Smoking, cigarettes per day 51+278 - -
Craving score 17.04 £3.56 - -
FTND 3.84+£2.02 - -
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Fig.3 The ROC curve for categorized smokers vs nonsmokers.

Intergroup differences in functional connectivity
between smokers and nonsmokers

Compared with the healthy group, the smoking group exhibited
increased functional connectivity of the insula with the right occipi-
tal lingual gyrus (p = 0.014, MNI: 18 —102 -3), the nucleus accum-
bens (p = 0.004, MNI: 33 3 -15), the left marginal lobe sulcal gyrus
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Table 2. Group comparison of functional connections based on insula as seed
points.

MNI coordinate

ROI Regions T Condition P-FWE_corr
X % z

Insula  Rightoccipital 464 18 -102 -3 NA>HC 0.000
lingual gyrus

Insula Right nucleus  5.13 33 3 -15 NA>HC 0.014
accumbens

Insula Left marginal lobe 422 -27 0 -30 NA>HC 0.027
sulcal gyrus

Insula Left nucleus 507 -12 9 -9 NA>HC 0.004
accumbens

MNI, Montreal Neurological Institute.

Fig. 4 Group differences in seed-based resting-state FC. The results
were corrected for multiple comparisons (voxelwise p < 0.05, family-
wise error [FWE] corrected).

(p < 0.001, MNI: —27 0 —30), and the nucleus accumbens (p = 0.027,
MNI: —=12 9 -9) (Table 2, Fig. 4).

Brain-behavior analysis

The radiomic features of IQR was correlated with the smoking
index (r = 0.404, p = 0.013), years of smoking (r = 0.362, p = 0.015),
and subjective craving (r = 0.320, p = 0.036), and Mean was corre-
lated with age at first smoking/first cigarette (r = 0.302, p = 0.036).
Enhanced functional connectivity of the insula with the sulcal gyrus
of the left marginal lobe was negatively correlated with subjec-
tive cravings (r = —0.355, p = 0.023), and the FTND score (r = —0.356,
p = 0.015). In addition, SRLGLE was correlated with enhanced insula
and right occipital lingual gyrus functional connectivity (r = 0.288,
p = 0.044) (Fig. 5).

Discussion

In this study, we investigated microstructural and functional
magnetic resonance imaging measurements characterizing the
insula in individuals addicted to nicotine and their relationships with
different smoking characteristics. The AUC, SEN, SPE, and ACC values
of the classification models that were built for the five identified
radiomic features with different IQR, SZNU, Mean, SRLGLE, and
SALGLE values were 0.9455, 0.9062, 0.9143, and 0.9104, respectively.
Moreover, the AUC, SEN, SPE, and ACC values of the validation set
were 0.8756, 0.7333, 0.7333, 0.7333, and 0.7333, respectively. Stable
classification performance indicated that the defined radiomic
features of the insula were able to differentiate smokers from
nonsmokers. In addition, seed-based functional connectivity analy-
sis revealed enhanced functional connectivity of the insula with the
right occipital lingual gyrus (p = 0.014, MNI: 18 —102 —3), the nucleus
accumbens (p = 0.004, MNI: 33 3 —15), the left marginal lobe sulcal
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Fig. 5 Spearman correlation (FDR corrected) heat maps of imaging

data and behavioral data.

gyrus (p < 0.001, MNI: —27 0 -30), and the nucleus accumbens
(p =0.027, MNI: =12 9 —9) in the smoking group compared with the
nonsmoking group. Further correlation analysis revealed that IQR
was correlated with the smoking index (r = 0.404, p = 0.013), years
of smoking (r = 0.362, p = 0.015), and subjective craving (r = 0.320, p
= 0.036), and that Mean was correlated with age at first
smoking/first cigarette (r = 0.302, p = 0.036). Enhanced functional
connectivity of the insula with the sulcal gyrus of the left marginal
lobe was negatively correlated with subjective cravings (r = —0.355,
p = 0.023) and the FTND score (r = —0.356, p = 0.015). SRLGLE was
correlated with enhanced insula and right occipital lingual gyrus
functional connectivity (r = 0.288, p = 0.044). Our measurements
seem to support the idea that state-like smoking cravings and char-
acteristic smoking clinical behaviors are correlated with microana-
tomical and functional measures and that microstructural changes
exhibit some parallelism with functional changes on time scales.

In recent years, VBM and SBM methods have generally been used
to investigate the brain structures of individuals with nicotine addic-
tions in studies investigating the mechanisms of nicotine addiction;
however, neither of these methods responds well to the characteri-
zation of brain regions. Although some studies have reported alter-
ations in insula volume and the cortex in smokers, none of these
findings have been consistent(2832-341, We attribute this to the low
sensitivity of the measure, the singularity of the indicator, and the
small sample size. Therefore, we used radiomics to capture the
microscopic changes in the tissue structure of the insula in indivi-
duals with nicotine addictions and extracted radiomic features of
the insula, from which we chose the five most differentiating indica-
tors to build an SVM classification model to distinguish smokers
from nonsmokers. Additionally, in the last two decades, there has
been evidencel® that damage to the insula makes it easier for nico-
tine-addicted individuals to succeed in the process of smoking
cessation. Altered neural activity®®! in the insula has also been
reported in short-term quitters. These studies demonstrated struc-
tural and functional changes in the insula in individuals with smok-
ing addiction, and our study further explored the relationship
between changes in insula microstructure and changes in func-
tional connectivity.

Based on its location in the medial frontal, parietal, and temporal
lobes, the insula is a brain region that is crucial for emotion regula-
tion, self-awareness, and decision-making processes; moreover,
alterations in the insula are strongly associated with addictive
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behaviorsB4. Our study confirms structural alterations in the insula
in nicotine addiction and that these structural abnormalities can be
better represented by high-dimensional radiomic features. Interest-
ingly, we observed that microstructural changes of the insula were
correlated with more clinical features of smoking. This finding is
similar to a previous reportl34 on the relationship between struc-
tural changes and clinical features; however, our finding differs from
the results of a previous study33! in which insula gray matter volume
did not correlate with years of smoking. This difference may stem
from the unique sensitivity of radiomic features, which are features
extracted by image analysis techniques!’®, usually reflecting the
relationship between the distribution of gray levels of tissues in
space and time, and providing a comprehensive anatomical repre-
sentation of microstructural changes that are more sensitive to
capture addiction-related neuroadaptive changes. Specifically, we
found that the radiomic features of IQR were associated with smok-
ing index, years of smoking, and subjective craving, and that Mean
was associated with age at first smoking. Among the radiomic
features, IQR reflects the variability or heterogeneity of the gray
values within the tissue, with larger IQR values indicating greater
variability and more complex structural features of the insulal3l,
Tozer et al.B”) noted that the gray value coefficient of variation can
reflect neurodegenerative processes such as glial cell proliferation
or axonal remodeling, which provides a potential biological expla-
nation for the association between years of smoking and elevated
insula IQR. We hypothesized that higher smoking indices, longer
years of smoking, and more intense cravings for smoking may lead
to cellular proliferation in insula tissue. Mean, an index representing
the average level of gray values in an image, reflects the overall
characteristics of the tissue structure, and that early smoking be-
haviors may lead to alterations in the overall characteristics of the
insula structure.

In terms of the relationship between clinical characteristics of
smokers and insula functional connectivity, we found that enhanced
insula functional connectivity with the left marginal lobe sulcus was
negatively correlated with subjective craving and FTND scores. This
finding is consistent with previous studies in which the insula has
been repeatedly shown to be associated with smoking cravingsi38!
and to be involved in the nicotine addiction process, prompting
researchers to train smokers to control the activity level in this
region as a potential target for smoking cessation interventions.
Chronic nicotine exposure may lead to dysregulation of information
processing efficiency in the limbic system, and the insula maintains
homeostatic balance by decreasing functional coupling to the
limbic lobes, and Garrison et al.3% suggested that altered functional
connectivity of the insula in nicotine addicts may be a compen-
satory mechanism to reduce craving and impulsive behavior. In
addition, we found that SRLGLE correlated with enhanced func-
tional connectivity of the insula with the right occipital lingual gyrus.
SRLGLE is used to characterize the intensity of short-running, low-
gray-level regions in an image, thus reflecting the presence of low-
brightness regions and their uniformity of distribution within the
tissue. The positive correlation implies that when SRLGLE is elevated
in the insula region, its microstructural changes support stronger
functional connectivity, which correspondingly promotes the effi-
ciency of addiction information processing. Thus, future studies
could intensively explore the SRLGLE to help in revealing the
mechanisms that are functioning in the addiction machinery, as well
as its impact on cognitive function.

In this study, SVM classification model constructed from radiomic
features successfully distinguished smoking and nonsmoking
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populations, and the accuracy of the model was 0.9104, which was
higher than previous classification models based on white matter
structural or functional networks“041], demonstrating efficient
discriminative efficacy. Previous studies have suggested that the
insula can be a potential neuromodulatory target for addiction
intervention, and our results further confirm the key role of the
insula in smoking addiction behavior. In future studies, we can apply
the sensitivity detected by radiomics to quantify the heterogeneous
features of the insula subregion and further decode the neural
mechanisms of nicotine addiction. In the future, a neuroimaging-
assisted assessment system can be constructed to incorporate MRI
scanning protocols (3D T1WI + rs-fMRI) in health checkups, and
predictive modeling can be applied to help clinicians more accu-
rately assess an individual's level of risk for smoking. However, such
speculations need to be applied and generalized with caution, and
further studies are needed to prove this.

Limitations

There are several limitations of this study: 1) There are potential
baseline differences between smokers and non-smokers, such as
age and education level, and these confounding variables may have
an impact on the results of functional connectivity and radiomic
features. Although indirectly controlling for these potential
confounders may still limit the interpretation of the results. Good
matching between groups should be done in future studies; 2)
Modeling: Although 97 volunteers were recruited (50 smokers, 47
non-smokers), this may not have been sufficient to provide strong
statistical power in the analysis and may have led to model overfit-
ting. Radiomic features selected using Lasso regression may suffer
from oversimplification, with an insufficient number of radiomic
features incorporated into the model. Different feature selection
methods may yield different results, so in the future, we should
select radiomic features in larger samples and consider using other
methods such as PCA or RFE to obtain more comprehensive feature
selection results and validate the stability of the model; 3) This study
lacked in-depth evaluation of pathological mechanisms, such as the
pathological basis of key imaging markers, which can be further
explored by combining genetic information and pathology in
follow-up studies; 4) Our study was conducted with the whole insula
as the region of interest, and a subregion of the insula was more
heterogeneous in terms of radiomic features, which can be further
clarified in the future; and 5) Cross-sectional studies cannot infer
causality; longitudinal follow-up studies or controlled studies of
nicotine addicts before and after quitting smoking are the way
forward. These neuroimaging markers can be utilized to identify
high-risk individuals, as well as to develop intervention strategies for
them to enhance the success of smoking cessation.

Conclusions

In conclusion, through radiomics analysis, we explored radiomic
features that can effectively identify nicotine-addicted populations.
We also found that IQR correlates with subjective craving, and the
insula has been repeatedly shown to correlate with smoking crav-
ings!®3l. Finally, SRLGLE correlated with enhanced insula functional
connectivity with the right occipital lingual gyrus. Although our
robustness to screening for radiomic features was average, the
largely stable classification model helped us to explore the biologi-
cal significance of radiomic features in nicotine addiction, and there
is an imaging basis for consistent changes in the microstructure
represented by radiomics and function represented by functional
connectivity over time.
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