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Abstract—Differentiating Major Depressive Disorder (MDD)
from healthy controls using resting-state fMRI is challenged
by the high dimensionality of functional connectivity data. This
study addresses this by using forward sequential feature selection
to identify a sparse set of discriminative connections from an
initial set of over 13,000 features. A K-Nearest Neighbors (KNN)
classifier was trained on the selected features. A small subset of
20 functional connections was sufficient to classify MDD patients
with an F1 score of 0.83, a significant improvement from 0.57
when using the full feature set. The classification performance
was specific to the KNN algorithm using a cosine distance metric,
suggesting that the directionality of connectivity patterns is a key
distinguishing factor. The results indicate that feature selection is
an effective strategy for developing robust fMRI-based diagnostic
models for MDD.

Index Terms—Major Depressive Disorder, fMRI, functional
connectivity, machine learning, feature selection, biomarkers.

I. INTRODUCTION

Major Depressive Disorder (MDD) is a leading cause of
disability worldwide, yet its diagnosis relies predominantly
on subjective clinical assessments. The search for objective,
data-driven biomarkers is therefore a critical area of psychi-
atric research. The rapid development of modern computing
technologies has enabled significant progress in this and a wide
variety of other fields, ranging from physics and electronics
[1], [2] to social and human studies [3]-[8].

Resting-state  functional magnetic resonance imaging
(fMRI) has emerged as a promising tool, allowing for the non-
invasive mapping of the brain’s intrinsic functional architecture
by analyzing spontaneous brain activity [9], [10]. A powerful
method for analyzing these data is the construction of func-
tional networks, which model the brain as a graph of regions
(nodes) connected by pairwise statistical dependencies (edges)
[11]-[19]. This approach has consistently revealed alterations
in functional connectivity in individuals with MDD and has
shown significant predictive value in classifying patients from
healthy controls [20]-[22]. Furthermore, artificial intelligence
and machine learning approaches effectively identify biomark-
ers of these disorders and can be used to train classifiers and
medical decision support systems [23]-[26].
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However, translating these findings into robust diagnostic
tools is challenging due to the high dimensionality of fMRI
data (so called curse of dimensionality [27]). With thousands
of potential functional connections to consider, machine learn-
ing models are susceptible to overfitting and often fail to
generalize to new data. Consequently, identifying a small but
reliable subset of features that carries the most discriminative
information is a crucial step toward clinical application.

This study addresses this challenge directly by employing
a machine learning approach to identify a sparse set of func-
tional connectivity biomarkers for MDD. We utilize a forward
sequential feature selection algorithm to systematically search
for the most informative connections from the vast initial
feature space. These selected features are then used to train a
K-Nearest Neighbors (KNN) classifier to distinguish between
MDD patients and healthy controls.

Our results demonstrate that a remarkably small subset of
just 20 functional connections is sufficient to achieve high
classification accuracy. Furthermore, we find that this result is
highly specific, with performance depending critically on the
choice of classification algorithm and distance metric. This
work not only highlights the potential of feature selection
for building effective diagnostic models but also offers deeper
insights into the subtle and complex nature of brain network
disruptions in MDD.

II. METHODOLOGY
A. Data Acquisition and Preprocessing

The study included 164 participants: 70 diagnosed with
major depressive disorder (MDD) and 94 healthy controls
(HC). All participants provided informed consent, and the
study received ethical approval. Resting-state fMRI data was
acquired on a 3T MRI system. The data underwent standard
preprocessing steps, including realignment, co-registration
with anatomical images, and normalization to MNI standard
space using SPM 12 software. This process yielded voxel-
level blood oxygen level dependent (BOLD) signals for each
participant.
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B. Feature Extraction

For each subject, functional brain networks were recon-
structed from the preprocessed fMRI data. The brain was
parcellated into 165 regions of interest based on the AAL3
atlas [28], yielding 13,530 unique pairs of regions. An average
BOLD time series was extracted for each region, and the
functional connectivity between each pair of regions was
estimated by calculating the Pearson correlation coefficient of
their respective signals. This resulted in a feature vector of
13,530 correlation values for each participant.

C. Classification and Feature Selection

A K-Nearest Neighbors (KNN) [29] classifier with cosine
distance was used to distinguish between MDD patients and
healthy controls. To address the high dimensionality of the
feature space, a forward sequential feature selection algorithm
[30] was employed to identify the 20 most informative fea-
tures. The selection process was guided by a stratified 5-fold
cross-validation strategy [30], using the F1 score as the eval-
uation metric to ensure the robustness of the chosen features.
The resulting 20 most discriminative functional connections
were then visualized using the mne-connectivity library [31].

III. RESULTS

The classification performance was evaluated using the F1
score. When using the full feature space of 13,530 correlation
values, the KNN classifier achieved an F1 score of 0.57 + 0.11.
After applying forward sequential feature selection to identify
the 20 most informative features, the classifier’s performance
significantly improved to an F1 score of 0.83 £ 0.07.

The 20 selected functional connections that provided the
highest discriminative power are visualized in Fig. 1.

i
g
5 I
Z
2 r 3 F
s o, 2 8 5 o
4 % 25 8 5§ &
> © 2 o 3 9 N
s P 2 - & Q
2 % LG P2 5 & >
&% B o 3 ® n & P oF o2
S, LI ~ 9 >
P AN

d 1dA 1eyL

Fig. 1. The 20 most discriminative functional connections identified by the
sequential feature selection algorithm. These connections yielded the highest
performance for classifying individuals with MDD and healthy controls.

IV. CONCLUSION

This study demonstrates that a small subset of 20 functional
connectivity features can effectively distinguish between indi-
viduals with MDD and healthy controls, achieving a high F1
score of 0.83 + 0.07. This is a significant improvement over
the 0.57 £ 0.11 F1 score obtained using the entire set of 13,530
features.

Interestingly, the classification performance is highly spe-
cific to the chosen methodology. While the selected features
enable accurate classification with a KNN classifier using
cosine distance, they do not show significant differences in
their mean correlation values between the MDD and healthy
groups. Furthermore, employing a different classifier, such
as a Random Forest [32], on the same 20 features yields
poor results. Similarly, substituting the cosine distance with
Euclidean distance in the KNN classifier also leads to a
significant drop in performance.

These findings suggest that the feature space, particularly
when samples are represented as normalized vectors, has a
complex and non-linear boundary separating the two groups.
The success of the cosine distance metric indicates that the
direction of the feature vectors, rather than their magnitude, is
the critical differentiating factor. This highlights the intricate
nature of brain connectivity alterations in MDD, which may
not be discernible through simple statistical comparisons or
conventional classification models.
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