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Abstract

Background: Identifying key brain regions implicated in Parkinson’s disease (PD) can enhance both diagnostic accuracy and
our understanding of disease mechanisms.

Objectives: This study aims to compare three machine learning methods — least absolute shrinkage and selection operator
(LASSO), random forest (RF), and recursive feature elimination (RFE) — for selecting influential regions of interest (ROIs) from
functional magnetic resonance imaging (fMRI) data to distinguish PD patients from healthy controls.

Methods: This retrospective analysis used fMRI data from 15 patients with PD and 15 matched healthy controls, sourced from
an open-access database. Three machine learning approaches were applied to identify significant ROIs associated with PD. The
selected ROIs were subsequently evaluated using logistic regression models, assessing classification performance through area
under the curve (AUC), sensitivity, and specificity. A comparative analysis of model performance was conducted using DeLong’s
test.

Results: The LASSO identified 9 ROIs, RF selected 10, and RFE identified 4 key ROIs. Logistic regression models constructed with
these ROIs yielded AUC values of 0.96, 0.94, and 0.88 for LASSO, RF, and RFE, respectively. Both sensitivity and specificity were
highest for LASSO (0.92 for both). DeLong’s test revealed statistically significant differences among the methods (P < 0.001), with
LASSO outperforming RF and RFE.

Conclusions: This study demonstrates that LASSO, RFE, and RF machine learning techniques are promising for identifying key
brain regions, showing preliminary alignment with clinical observations. Focusing on patients with PD, it highlights regions
associated with executive function, memory, motor skills, and sensory processing. Early detection of abnormal connectivity in
these areas may potentially inform exploratory preventive strategies for PD.

Keywords: Parkinson Disease, Functional Magnetic Resonance Imaging (fMRI), Machine Learning (ML), Brain Mapping, Logistic
Models, Cognition
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1. Background

Machine learning techniques have gained
substantial traction in neuroscience in recent years,
proving invaluable for extracting meaningful insights
from complex brain imaging data. Among

neuroimaging modalities, functional magnetic
resonance imaging (fMRI) stands out for its ability to
measure brain activity via blood-oxygen-level-
dependent (BOLD) signals, offering high spatial
resolution and enabling detailed analyses of functional
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connectivity across distinct regions of interest (ROIs) (1,
2).

Functional connectivity refers to statistical
correlations between the activities of different brain
regions, forming intricate networks known as

“connectomes” that underlie brain function. Analyses of
functional connectivity using fMRI have been
instrumental in identifying key brain networks essential
for cognitive processes and behaviors, thereby
enhancing our understanding of the brain as an
integrated system. This approach has also uncovered
disrupted connectivity patterns in conditions such as
Alzheimer’s disease, schizophrenia, depression, and
autism, which has aided in early diagnosis, treatment

monitoring, and the development of targeted
interventions. Comparing functional connectivity
between healthy individuals and those with

neurological disorders such as Parkinson’s disease (PD),
or among groups taking specific medications versus
those not, provides insights into neural mechanisms
and disease progression, ultimately informing
diagnostic and therapeutic strategies (3-5).

In recent years, numerous models have been
developed to explore differences in functional
communication between various patient groups and
healthy individuals using fMRI data. Despite these
advances, many models face challenges in determining
the optimal number of ROIs. Including excessive ROIs
can make functional connectivity analyses
computationally intensive and difficult to interpret (6,
7). Two potential solutions to this challenge are:

1. Modifying models to accommodate a greater
number of ROIs, which can compromise interpretability
and significantly increase computational burden.

2. Employing statistical or machine learning
methods to identify and select only the most relevant
ROIs, enabling a more efficient and streamlined analysis
(8).

A prominent approach in neuroscience research
involves applying machine learning for feature
selection, which isolates essential ROIs to enhance
model  performance. This process improves
interpretability, reduces overfitting, and increases
computational efficiency by focusing on key features
while discarding irrelevant ones. Feature selection
methods are generally categorized as filter methods
(statistical tests), wrapper methods (performance-based
selection), and embedded methods (integrated within

algorithms). In contrast, feature extraction transforms
original features into new, compact representations
using techniques such as principal component analysis
(PCA) or independent component analysis (ICA). While
feature selection works with existing features, feature
extraction creates composite variables that uncover
latent patterns and reduce dimensionality (9).

Both traditional and deep learning techniques have
been employed for feature selection. Support vector
machines (SVMs) are effective but limited by their
shallow architecture, whereas deep learning models —
such as stacked autoencoders (SAEs) and convolutional
neural networks (CNNs) — can capture more complex
patterns and identify features at multiple hierarchical
levels (10-12).

This study focuses on leveraging machine learning-
based feature selection techniques to pinpoint the most
informative ROIs for distinguishing patients with PD
from healthy individuals. The objective is to identify the
method that most effectively isolates disease-related
brain regions within the dataset, thereby improving
both classification and interpretability. Using functional
MRI data from individuals with PD and healthy controls,
we evaluate three distinct feature selection methods —
least absolute shrinkage and selection operator (LASSO),
random forest (RF), and recursive feature elimination
(RFE) — selected for their complementary strengths. The
LASSO is included for its regularization capabilities in
high-dimensional fMRI data, RF for its ability to capture
non-linear interactions within brain networks, and RFE
for its iterative optimization tailored to neurological
disorders such as PD.

Despite advances in fMRI-based research on PD, a
notable gap remains in comparative evaluations of
feature selection techniques for ROI identification.
Previous studies often rely on single methods or
clinician-driven selections, potentially overlooking the
advantages of direct comparisons across methods,
especially in small cohorts.

2. Objectives

This research addresses this gap by comparing LASSO,
RF, and RFE to identify optimal ROIs for PD classification.
By enhancing both interpretability and efficiency in
neuroimaging analysis, this study contributes to a
deeper understanding of machine learning applications
in neurological disorder research.
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3.Methods

3.1. Dataset Description

Data were obtained from patients with PD and
healthy controls available through the open fMRI
database (accession number: 000245ds). The dataset
included resting-state images from 15 Parkinson's
patients and 15 healthy controls, randomly selected.
Data collection was conducted by Yoneyama et al. at
Nagoya University of Medical Sciences, Japan. The
Parkinson's group included 6 men and 9 women, while
the control group comprised 7 men and 8 women.
Parkinson's patients, aged 55 to 75 years, were diagnosed
according to UK Brain Bank criteria and referred by
Nagoya University's Department of Neurology. All
patients were diagnosed with PD after the age of 40.
Written informed consent was obtained from all
participants, and the study was approved by Nagoya
University's Ethics Committee. Preprocessing of the

dataset included temporal correction, motion
correction, alignment, normalization, and spatial
smoothing (12).

3.2. Machine Learning and Statistical Approaches

Three machine learning techniques were explored to
identify the most significant ROIs associated with PD:
The LASSO, RF, and RFE. The ROIs selected by these
methods were subsequently incorporated into logistic
regression models to assess the predictive capabilities of
the selected features. Brief descriptions of each method
are provided below.

3.2.1. Least Absolute Shrinkage and Selection Operator

The LASSO is a powerful tool for feature selection and
regularization. It applies an L1 penalty alongside the L2
loss function, shrinking the coefficients of irrelevant
variables to zero and effectively removing unnecessary
variables from the model. Consider a regression model
structured as follows: y=Xp + €.

In this context, y represents the response vector, X
denotes the design matrix with columns corresponding
to the predictor variables, B stands for the regression
coefficient vector, and € signifies the error term. When
dealing with a large number of predictor variables, the
LASSO feature selection method is particularly useful. By
employing the following model, LASSO effectively
shrinks the coefficients of irrelevant variables to zero,
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thereby simplifying the model and reducing its
dimensionality:

FB)= LBy, X+ S 18]l

For further information on the LASSO method, refer
to Chen et al. (13).

3.2.2. Random Forest

The RF method is an ensemble technique that uses
multiple decision tree classifiers. At each decision node,
the algorithm selects a feature and threshold that best
separates the classes. To reduce dimensionality, RF
employs the Gini impurity (GI) criterion, which
measures the degree of class separation achieved by a
feature and its threshold. The GI Index, calculated using
a defined formula, was used to rank features by
predictive significance in this study:

GI(H= 3D A6 (v f.0" ()

For further information on the RF methodology, refer
to Venkataraman et al. (14).

3.2.3. Recursive Feature Elimination

The RFE is a widely used feature selection method
that iteratively removes the least important features
until only the most relevant remain. The RFE can be
applied with various machine learning models that
prioritize significant features. In this study, the RF
algorithm was used as the base model for RFE, with key
features selected based on estimated coefficient values.
Additional details on the RFE methodology are
described by Akbarifar et al. (15).

Data preprocessing was performed using FSL version
6.0.1. The processed data were subsequently imported
into MATLAB 2019, utilizing SPM version 12, the WFU-
Pickatlas module, and the AAL116 atlas to segment the
brain into 116 distinct regions. Model implementation
was carried out in R-Studio (version 2025.05.0-496)
using the LASSO, RFE, and RF approaches. Specific R
packages facilitated these analyses: The caret package
for RFE modeling, glmnet for LASSO modeling, and
random forest for RF modeling. Visualization tasks were
supported by the dplyr, ggplot2, and pROC packages. To
assess overfitting, permutation testing (n = 100
iterations) was conducted by shuffling response labels
and re-fitting the models; original areas under the curve
(AUCs) significantly exceeded those from permuted data
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(P < 0.01). Statistical significance was assessed at the 95%
confidence level.

4. Results

4.1. Demographic and Clinical Characteristics

The study included 15 patients with PD and 15 healthy
controls, matched for demographic comparability. Both
groups were similar in age (patients: 64.4 + 7.2 years;
controls: 63.3 £ 5.2 years; P = 0.652) and sex distribution
(patients: 40% male, 60% female; controls: 46.6% male,
53.4% female; P = 0.725).

4.2. Machine Learning-Based Region of Interest Selection

Three machine learning techniques — LASSO, RF, and
RFE — were used to identify distinct sets of ROIs critical
for distinguishing Parkinson's patients from healthy
individuals. Table 1 provides a complete list of ROIs
selected by these methods, including their full names,
abbreviations, and references for interpretation.

Table 1. Complete List of Potential Regions of Interest Identified by Least Absolute
Shrinkage and Selection Operator, Random Forest, and Recursive Feature
Elimination, Including Names and Abbreviations

Region Number of Interest Region Name Region Abbreviation
ROI 4 Frontal_Sup_R FSR
ROI 5 Frontal_Sup_Orb_L FSOL
ROI 6 Frontal_Sup_Orb_R FSOR
ROIT1 Frontal_Inf Oper_L FIOL
ROI13 Frontal_Inf_Tri_L FITL
ROI18 Rolandic_Oper_R ROR
ROI19 Supp_Motor_Ar_L SMAR
ROI33 Cingulum_Mid_L CML
ROI 34 Cingulum_Mid_R CMR
ROI 35 Cingulum_Post_L CPL
ROI 54 Occipital_Inf R OIR
ROI 65 Angular_L AL
ROI 80 Heschl_R HR
ROI 81 Temporal_Sup_L TSL
ROI 85 Temporal_Mid_L TML
ROI105 Cerebelum_9_L CoL

Abbreviation: ROI, region of interest.

The LASSO method selected nine ROIs, assigning
coefficient values to represent their relative importance.
Of these, five ROIs had negative coefficients and four
had positive coefficients. It is important to note that
LASSO coefficients reflect relative importance rather
than direct interpretability. Figure 1A visually depicts the

coefficients for each RO], clearly distinguishing positive
and negative values.

The RF method identified ten significant ROIs, with
the Mean Decrease Gini Index quantifying their
importance in classification. Table 2 lists the Gini Index
values derived from RF, which serve as relative
indicators of feature importance. Figure 1B highlights
the selected ROIs and their contribution to
differentiating between Parkinson’s patients and
healthy individuals.

Table 2. Region of Interest Selection and Relative Importance Values from Least
Absolute Shrinkage and Selection Operator, Random Forest, and Recursive Feature
Elimination for Parkinson’s Disease Classification

ROI Number LASSO RF Mean Decrease RFE
(Abbreviation) Coefficient Gini Coefficient
ROI 4 (FSR) 109.43

ROI 5 (FSOL) 0.0051

ROI 6 (FSOR) 0.0035

ROI 11 (FIOL) -0.0025

ROI 13 (FITL) - 58.90

ROI 18 (ROR) - 192.49 0.0069
ROI19 (SMAR) - 72.11

ROI 33 (CML) -0.0065 76.82 -0.0001
ROI 34 (CMR) 0.0010

ROI 35 (CPL) - 73.45

ROI 54 (OIR) - 61.26

ROI 65 (AL) 0.0046

ROI 80 (HR) -0.0022 150.43 0.1221
ROI 81 (TSL) -0.0013

ROI 85 (TML) -0.0015 5038

ROI105 (C9L) - 96.85 0.0010

Abbreviations: LASSO, least absolute shrinkage and selection operator; RF,
random forest; RFE, recursive feature elimination; ROI, region of interest.

The RFE method selected four ROIs, with
corresponding coefficient values indicating their
importance in separating Parkinson’s patients from
healthy controls. These coefficients, like those from
LASSO, indicate relative importance. Table 2 details the
RFE-derived coefficient values, while Figure 1C visualizes
the selected ROIs.

Notably, certain ROIs, such as ROI 33 (CML) and ROI 80
(HR), were consistently identified across multiple
methods, underscoring their potential relevance in PD
classification. To evaluate the predictive performance of
the selected ROIs, logistic regression models were
constructed to calculate sensitivity, specificity, and AUC
values. Table 3 presents these results, along with Table 4
showing a comparative analysis using DeLong's Test.

Arch Neurosci. 2025;12(4): 165741
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Figure 1. A, regions of interest (ROIs) selected via the least absolute shrinkage and selection operator (LASSO) method and their coefficient values; B, ROIs identified using the
random forest (RF) method and their Mean Decrease Gini Index values; C, ROIs selected through the recursive feature elimination (RFE) method and their coefficient values; D,
ROC curves comparing the performance of LASSO, RF, and RFE in classifying Parkinson’s disease (PD) based on functional connectivity.

Table 3. Predictive Performance of Selected Regions of Interest from Least Absolute Shrinkage and Selection Operator, Random Forest, and Recursive Feature Elimination in

Parkinson’s Disease Classification with Comparative Analysis Using DeLong’s Test

Machine Learning Method AUC Sensitivity Specificity
LASSO 0.96 0.92 0.92
RF 0.94 0.85 0.89
RFE 0.88 0.79 0.87

Abbreviations: AUC, area under the curve; LASSO, least absolute shrinkage and selection operator; RF, random forest; RFE, recursive feature elimination.

The results in Tables 3 and 4 indicate that the LASSO
method demonstrates superior predictive power
compared to the other two methods in identifying brain
regions that distinguish patients from healthy controls
based on functional connectivity. This is evidenced by an
AUC of 0.96, sensitivity of 0.92, and specificity of 0.92.
Furthermore, Delong's test revealed a statistically
significant difference in predictive power between
LASSO and both RF and RFE (P < 0.001). Figure 1D

Arch Neurosci. 2025;12(4): 165741

illustrates the ROC curves for all three methods, further
emphasizing the superior predictive capability of LASSO.

5. Discussion

The primary objective of this study was to use
machine learning methods to identify the most
significant ROIs associated with PD. Three approaches —
LASSO, RFE, and RF — were evaluated. The LASSO
identified 9 ROIs, RF selected 10, and RFE pinpointed 4.
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Table 4. Comparative Analysis Using DeLong’s Test

Comparison Z-Score 95% Confidence Interval P-Value ®

LASSO and RF -10.92 (-0.06,-0.04) <0.001

LASSO and RFE -10.12 (-0.03,-0.02) <0.001

RF and RFE -16.24 (-0.09,-0.07) <0.001

Abbreviations: LASSO, least absolute shrinkage and selection operator; RF, random forest; RFE, recursive feature elimination.

2 Asterisks denote statistical significance (P < 0.05).

Table 5. Summary of Methods Employed in Each Study

Study Authors (y) Brain Atlas Used Methods for Selecting ROIs Cognitive Deficit

Cools (16) AAL (116) Clinical diagnosis Working memory deficits
Postuma et al. (18) AAL (116) Clinical diagnosis Visual processing

Obeso etal. (21) AAL (116) Clinical diagnosis Executive dysfunction
Braaketal. (23) AAL (116) Clinical diagnosis Episodic memory impairment
Cheng etal. (26) AAL (116) Machine learning methods Visual processing
Vicidomini et al. ( 27) AAL (116) Machine learning methods Visual processing and executive dysfunction

Abbreviation: ROIs, regions of interest.

Comparative analysis revealed that all three methods
effectively differentiated patients from healthy
individuals. Logistic regression and ROC curve analysis
demonstrated that LASSO achieved the highest
performance (AUC = 0.96), followed by RF (AUC = 0.94)
and RFE (AUC = 0.88). DeLong's test confirmed that
LASSO significantly outperformed both RF and REE.
Collectively, the three machine learning methods
identified 16 distinct ROIs as crucial for differentiating
Parkinson's patients from healthy individuals,
corresponding to cognitive domains often impaired in
PD. The discussion is organized into two key sections:
Clinician-driven ROI ~ selection and data-driven
approach.

5.1. Clinician-Driven Region of Interest Selection

Cools investigated the effects of L-DOPA on cognitive
function in PD, focusing on working memory. Our
research similarly identified ROIs such as C9L and FSR,
implicated in working memory impairment. Both
studies produced consistent findings, highlighting the
effectiveness of machine learning in pinpointing critical
ROIs (16, 17). However, whereas Cools (16) relied on
clinician judgment, our study employed machine
learning for ROI selection.

A study by Postuma et al. demonstrated that PD
impacts visual and auditory cognitive functions (18).

Our research identified key ROIs such as HR and OIR,
involved in these functions and impaired in PD (19, 20).
The alignment of findings strengthens the validity of
our results. While Postuma et al. (18) used clinical
expertise for ROI identification, our approach was data-
driven.

Obeso et al. demonstrated that PD impairs executive
functions by affecting specific brain regions (21). In our
study, C9L emerged as a key ROI influencing executive
functions such as planning, decision-making, and
language processing (22). Both studies address executive
function impairment, but our study used machine
learning to identify and prioritize ROIs, whereas Obeso
etal. (21) relied on clinical diagnoses.

Braak et al. identified episodic memory impairment
as a hallmark of PD (23). Our study highlighted ROIs
including CML, TML, and CPL, integral to memory
retrieval and self-referential thinking (22, 24, 25). While
Braak et al. used clinical diagnoses, our work utilized
advanced machine learning. Notably, our results align
with Braak et al.'s staging model (23), emphasizing early
limbic region involvement in memory impairment, but
diverge by highlighting auditory regions such as HR,
possibly  reflecting  dataset-specific  connectivity
patterns. Due to the small sample size, these alignments
should be interpreted cautiously.

Arch Neurosci. 2025;12(4): 165741
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5.2. Data-Driven Approaches

Cheng et al. used a 116-region atlas, as in our study,
and applied four machine learning models to identify
the most significant ROIs for distinguishing PD from
progressive supranuclear palsy (26). Logistic regression
and SVM outperformed other models, and key regions
affected motor, visual, and emotional functions. Our
findings were concordant, with regions such as HR, OIR,
CML, TML, and CPL implicated in visual, auditory,
memory, and emotional functions.

Vicidomini et al. compared the accuracy of four
machine learning models in classifying Parkinson's
patients with and without gait freezing disorder (27).
The RF performed best. Like our study, they used a 116-
region atlas and found that ROIs selected by machine
learning influenced visual and motor functions,
aligning with our results. Table 5 provides a summary of
the methods employed in each study discussed.

Certain ROIs were significant across all three
machine learning methods. CML and HR were
consistently identified as critical ROIs; ROR and C9L
were prominent in both RF and RFE, while TML was
significant in both LASSO and RE. CML is crucial for
emotional functions (24, 28); HR is essential for auditory
functions, including sound recognition and music
perception (29); ROR influences facial motor functions
(30-32); CIL contributes to working memory, planning,
decision-making, and language processing (33, 34); and
TML affects semantic memory, language
comprehension, and discourse processing (35-37). These
findings provide preliminary evidence of the robust
performance of machine learning methods in
identifying key ROIs related to PD.

5.3. Conclusions

The findings demonstrate that LASSO, RFE, and RF
machine learning methods are promising for
identifying the most critical ROIs. The selected regions
align preliminarily with clinical studies and previous
machine learning research, suggesting that, in the
context of disease analysis and machine learning in
fMRI studies, it is possible to pinpoint brain regions
most influential in distinguishing patients from healthy
individuals. In PD, the identified regions are associated
with executive functions, working memory, memory
recall, facial motor skills, and auditory and visual
processing — all domains impaired in affected

Arch Neurosci. 2025;12(4): 165741

individuals. Consequently, abnormal alterations in the
functional connectivity of these regions may contribute
to the onset of PD. Early detection of these changes
could potentially inform exploratory preventative
strategies against disease progression.

5.4. Limitations and Future Directions

A primary limitation of this study is the relatively
small sample size (15 patients and 15 controls), which
may restrict generalizability. Although high AUC values
indicate strong classification performance within this
cohort, the results should be interpreted as preliminary.
Future research should seek to replicate these methods
in larger, multicenter cohorts to validate identified ROIs
and enhance external validity. Applying these
techniques to larger datasets, such as those from the
Parkinson’s progression markers initiative (PPMI), could
further test the robustness of these findings across
more diverse populations.
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