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Abstract: Major Depressive Disorder (MDD) is a widespread psychiatric condition that significantly
affects emotional regulation, cognition, and overall quality of life. Traditional diagnostic approaches rely
heavily on subjective clinical assessments, which can lead to inconsistencies and delayed detection. This
study proposes a systematic and reproducible machine learning framework for the classification of MDD
using resting-state functional magnetic resonance imaging (rs-fMRI) data. Neuroimaging data are
preprocessed using the DPABI toolbox, incorporating motion correction, spatial normalization,
smoothing, nuisance regression, and band-pass filtering. Brain regions are defined using the Craddock 200
functional atlas, and regional time series are extracted to compute two forms of connectivity features:
Static Functional Connectivity (SFC) and Dynamic Functional Connectivity (DFC). SFC captures time-
averaged inter-regional correlations, while DFC models temporal variations using a sliding-window
approach. High-dimensional features are reduced using Singular Value Decomposition (SVD), and
classification is performed using a Support Vector Machine (SVM) with a radial basis function (RBF)
kernel. Experimental results show that SFC achieves an accuracy of 0.690 and an AUC of 0.742,
outperforming DFC, which achieves an accuracy of 0.655 and an AUC of 0.655. The findings indicate
that static connectivity provides more stable and discriminative features for MDD classification in the
given dataset. This work presents a transparent and reproducible pipeline that supports the development
of objective neuroimaging-based diagnostic tools.
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INTRODUCTION

Major Depressive Disorder (MDD) is one of the most
prevalent and impactful psychiatric conditions, affecting
emotional regulation, cognitive functioning, and overall
well-being. It extends beyond temporary emotional
distress and involves persistent disruptions in mood,
executive processes, and physiological balance. Global
health estimates indicate that approximately 300 million
individuals are affected by depression, making it a
leading contributor to disability worldwide.

A major challenge in diagnosing MDD lies in the
reliance on subjective clinical assessments. Standard
diagnostic frameworks and rating scales depend on
clinician interpretation and patient self-reporting, which
can introduce variability and reduce diagnostic
consistency. This limitation highlights the need for
objective, biologically grounded diagnostic approaches.

Resting-state functional magnetic resonance imaging (rs-
fMRI) has emerged as a promising tool for identifying
neural biomarkers of depression. It enables the
measurement of spontaneous brain activity by capturing
temporal correlations in Blood Oxygen Level-Dependent
(BOLD) signals across different brain regions. These
correlations reflect the brain's intrinsic functional

organization and provide insights into large-scale neural
networks associated with cognitive and emotional
processes.

Previous studies have identified altered connectivity
patterns in key brain networks in individuals with MDD,
including the Default Mode Network, frontoparietal
network, and limbic system. These alterations are
associated with symptoms such as rumination, impaired
cognitive control, and emotional dysregulation.
Functional connectivity can be analyzed using two
complementary  approaches:  Static = Functional
Connectivity (SFC), which captures time-averaged
relationships between regions, and Dynamic Functional
Connectivity (DFC), which reflects temporal variations
in connectivity patterns.

Despite significant progress, several challenges remain,
including limited sample sizes, variability in
preprocessing methods, and potential confounding
factors such as motion artifacts and demographic
differences. This study addresses these limitations by
proposing a standardized and reproducible machine
learning pipeline for MDD classification using rs-fMRI
data. The approach integrates consistent preprocessing,
atlas-based feature extraction, and classification using
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Support Vector Machines (SVMs) to enable reliable and
interpretable results.

MATERIALS AND METHODS

This study proposes a structured machine learning
pipeline for the classification of Major Depressive
Disorder (MDD) using resting-state fMRI data. The
framework consists of preprocessing, feature extraction,
dimensionality reduction, and classification.

All neuroimaging data are preprocessed using the
DPABI  toolbox to ensure consistency and
reproducibility. The preprocessing steps include the
removal of initial volumes to achieve signal stabilization,
slice timing correction, motion correction using rigid-
body transformation, spatial normalization to the
Montreal Neurological Institute (MNI) template, spatial
smoothing using a Gaussian kernel, nuisance signal
regression, and band-pass filtering within the 0.01-0.08
Hz frequency range to retain meaningful neural signals.

Following preprocessing, brain regions are defined using
the Craddock 200 functional atlas. For each subject,
voxel-level BOLD signals within each region are
averaged to obtain representative regional time series.

Two types of functional connectivity features are
extracted. Static Functional Connectivity (SFC) is
computed using Pearson correlation across the entire
time series, resulting in a symmetric correlation matrix
representing inter-regional relationships. Dynamic
Functional Connectivity (DFC) is computed using a
sliding-window approach, in which correlations are
calculated over short temporal segments to capture time-
varying connectivity patterns. Statistical measures such
as the mean and variance across windows are used to
summarize the dynamic features.

Due to the high dimensionality of the extracted features,
Singular Value Decomposition (SVD) is applied for
dimensionality reduction. The top components are
retained to preserve the most informative variance while
reducing the risk of overfitting. The features are
standardized prior to classification.

Classification is performed using a Support Vector
Machine (SVM) with a radial basis function (RBF)
kernel. Model performance is evaluated using stratified
k-fold cross-validation to ensure balanced representation
of classes. Standard evaluation metrics, including
accuracy and the area under the receiver operating
characteristic curve (ROC-AUC), are used to assess
classification performance.

RESULTS

The proposed framework was evaluated using both Static
Functional Connectivity (SFC) and Dynamic Functional
Connectivity (DFC) features for the classification of
Major Depressive Disorder.

The SFC-based model achieved an overall accuracy of
0.690 and a Receiver Operating Characteristic Area
Under the Curve (ROC-AUC) of 0.742. At the class
level, healthy controls were identified with a precision of
0.71, arecall of 0.82, and an F1-score of 0.76. In contrast,
MDD patients showed lower performance, with a
precision of 0.65, a recall of 0.51, and an F1-score of
0.57.

The DFC-based model demonstrated comparatively
lower performance, with an accuracy of 0.655 and a
ROC-AUC of 0.655. Similar class-wise trends were
observed, with stronger identification of healthy controls
compared to MDD patients.

A comparative analysis indicates that SFC features
provide more stable and discriminative representations
than DFC features in the current dataset. The higher
performance of SFC suggests that time-averaged
connectivity captures more consistent patterns associated
with MDD, whereas DFC introduces greater variability
due to temporal fluctuations.

Overall, both approaches perform above chance level,
confirming that functional connectivity features derived
from rs-fMRI data contain meaningful information for
MDD classification.

DISCUSSION

The results demonstrate that both static and dynamic
functional connectivity features contain meaningful
information for the classification of Major Depressive
Disorder. However, static connectivity consistently
outperforms dynamic connectivity in terms of both
accuracy and ROC-AUC, indicating that time-averaged
inter-regional relationships provide more stable and
reliable discriminative features in this dataset.

The superior performance of Static Functional
Connectivity can be attributed to its lower sensitivity to
noise and reduced feature complexity. By aggregating
connectivity patterns over the entire time series, SFC
captures stable, trait-level alterations in brain networks,
particularly within regions associated with the Default
Mode Network and executive control systems. These
findings are consistent with the existing literature, which
reports persistent disruptions in these networks in
individuals with depression.

In contrast, Dynamic Functional Connectivity captures
temporal variations in brain activity, offering a more
detailed representation of neural dynamics. However,
this increased complexity results in higher feature
dimensionality and greater variability across subjects,
which can negatively impact model generalization,
especially in datasets of limited size. As a result, the
DFC-based model shows reduced performance
compared to the SFC-based model.
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A notable observation is the disparity in classification
performance between healthy controls and MDD
patients. The model demonstrates higher recall for
healthy controls, while performance for MDD patients is
comparatively lower. This can be attributed to the
clinical heterogeneity of depression, where diverse
symptom profiles correspond to varied neural
connectivity patterns, making consistent classification
more challenging.

The study also emphasizes the importance of a
standardized and reproducible pipeline. Consistent
preprocessing, controlled feature extraction, and proper
validation strategies contribute to reliable performance
evaluation and reduce the risk of overfitting.

Overall, the findings highlight that, while both
connectivity approaches are valuable, static connectivity
provides a more robust foundation for classification in
the current setting, whereas dynamic connectivity may
require larger datasets or advanced modeling techniques
to fully realize its potential.

CONCLUSION

This study presents a standardized and reproducible
machine learning pipeline for the classification of Major
Depressive Disorder using resting-state fMRI data. The
proposed framework integrates preprocessing, atlas-
based feature extraction, connectivity analysis,
dimensionality reduction, and classification to enable
objective evaluation of neural patterns associated with
depression.

The results show that Static Functional Connectivity
outperforms  Dynamic  Functional Connectivity,
achieving higher accuracy and ROC-AUC. This
indicates that time-averaged connectivity patterns
provide more stable and reliable features for
classification in the given dataset. In contrast, dynamic
connectivity, while informative, introduces greater
variability and requires more data or advanced modeling
approaches to achieve comparable performance.

The observed difference in classification performance
between healthy controls and MDD patients highlights
the inherent heterogeneity of depressive disorders, which
remains a challenge for consistent prediction.

Overall, this work demonstrates the potential of
functional connectivity-based approaches for supporting
objective, neuroimaging-driven diagnosis of MDD. The
proposed pipeline provides a transparent and consistent
foundation that can be extended in future research to
improve classification performance and enhance clinical
applicability.

CONFLICT OF INTEREST

The authors declare that there is no conflict of interest
regarding the publication of this paper.

ACKNOWLEDGEMENTS

The authors thank Dr. Vinoth Kumar M., Head of the
Department of Information Science and Engineering, and
Dr. Nagashettappa Biradar, Principal of RV Institute of
Technology and Management, for providing a supportive
academic environment.

REFERENCES

1.  World Health Organization. (2017). Depression and
Other Common Mental Disorders: Global Health
Estimates. WHO Technical Report.

2. Mathers, C. D., & Loncar, D. (2006). Projections of
global mortality and burden of disease from 2002 to
2030. PLoS Medicine, 3(11), e442.

3. Hamilton, M. (1960). A rating scale for depression.
Journal of Neurology, Neurosurgery & Psychiatry,
23(1), 56-62.

4. Biswal, B., Yetkin, F. Z., Haughton, V. M., & Hyde,
J. S. (1995). Functional connectivity in the motor
cortex of the resting human brain using echo-planar
MRI. Magnetic Resonance in Medicine, 34(4), 537—
541.

5. Greicius, M. D., Flores, B. H., Menon, V., Glover,
G. H., Solvason, H. B., Kenna, H., Reiss, A. L., &
Schatzberg, A. F. (2007). Resting-state functional
connectivity in major depression: Abnormally
increased contributions from the subgenual
cingulate cortex and thalamus. Biological
Psychiatry, 62(5), 429-437.

6. Hutchison, R. M., Womelsdorf, T., Allen, E. A.,
Bandettini, P. A., Calhoun, V. D., Corbetta, M.,
Della Penna, S., Duyn, J. H., Glover, G. H.,
Gonzalez-Castillo, J., et al. (2013). Dynamic
functional connectivity: Promise, issues, and
interpretations. Neurolmage, 80, 360-378.

7. Yan, C. G., Craddock, R. C., Zuo, X. N., Zang, Y.
F., & Milham, M. P. (2013). Standardizing the
intrinsic brain: Towards robust measurement of
inter-individual variation in 1000 functional
connectomes. Neurolmage, 80, 246-262.

8. Craddock, R. C., James, G. A., Holtzheimer, P. E.,
Hu, X. P., & Mayberg, H. S. (2012). A whole-brain
fMRI atlas generated via spatially constrained
spectral clustering. Human Brain Mapping, 33(8),
1914-1928.

9. Orru, G., Pettersson-Yeo, W., Marquand, A. F,,
Sartori, G., & Mechelli, A. (2012). Using support
vector machine to identify imaging biomarkers of
neurological and psychiatric disease: A critical
review. Neuroscience & Biobehavioral Reviews,
36(4), 1140-1152.

10. Allen, E. A., Damaraju, E., Plis, S. M., Erhardt, E.
B., Eichele, T., & Calhoun, V. D. (2014). Tracking
whole-brain connectivity dynamics in the resting
state. Cerebral Cortex, 24(3), 663-676.

11. Ktena, S. 1., Parisot, S., Ferrante, E., Rajchl, M.,
Lee, M., Glocker, B., Rueckert, D., (2018). Metric
learning with spectral graph convolutions on brain
connectivity networks. Neurolmage, 169, 431-442.

*Corresponding Author: Sahil Gadikar

246



ICDTE Conference 2026., Ind J Multi Res; Vol-6, Iss-4 (Jul.-Aug., 2026): 244-247.

12.

13.

14.

15.

16.

17.

18.

Yan, C. G., Wang, X. D., Zuo, X. N., Zang, Y. F.,
(2016). DPABI: Data Processing and Analysis for
resting-state brain imaging. Neuroinformatics, 14(3),
339-351.

Ciric, R., Wolf, D. H., Power, J. D., Roalf, D. R.,
Baum, G. L., Ruparel, K., Shinohara, R. T., Elliott,
M. A., Eickhoff, S. B., Davatzikos, C., et al., (2017).
Benchmarking of participant-level confound
regression strategies for the control of motion artifact
in studies of functional connectivity. Neurolmage,
154, 174-187.

Mulders, P. C., van Eijndhoven, P. F.,

Schene, A. H., Beckmann, C. F., Tendolkar,

I.,  (2015). Resting-state  functional
connectivity in major depressive disorder:

A review. Neuroscience & Biobehavioral
Reviews, 56, 330-344.

Yan, C. G., Chen, X., Li, L., Castellanos, F. X., Bai,
T. J, Bo, Q. J., Cao, J., Chen, G. M., Chen, N. X.,
Chen, W., et al., (2019). Reduced default mode
network functional connectivity in patients with
recurrent major depressive disorder. Proceedings of
the National Academy of Sciences, 116(18), 9078-
9083.

Power, J. D., Barnes, K. A., Snyder, A. Z.,
Schlaggar, B. L., Petersen, S. E., (2012).
Spurious but systematic correlations in
functional connectivity MRI networks arise
from subject motion. Neurolmage, 59(3), 2142-
2154.

Fox, M. D., Snyder, A. Z., Vincent, J. L.,
Corbetta, M., Van Essen, D. C., Raichle, M. E.,

(2005). The human brain is intrinsically
organized into  dynamic, anticorrelated
functional networks. Proceedings of the

National Academy of Sciences, 102(27), 9673-
9678.

Smith, S. M., Fox, P. T., Miller, K. L., Glahn, D. C,,
Fox, P. M., Mackay, C. E., Filippini, N., Watkins, K.
E., Toro, R., Laird, A. R., Beckmann, C. F., (2009).

19.

20.

21.

22.

23.

24.

25.

26.

Correspondence of the brain’s functional
architecture during activation and rest. Proceedings
of the National Academy of Sciences, 106(31),
13040-13045.

Dosenbach, N. U., Nardos, B., Cohen, A. L., Fair,
D. A., Power, J. D., Church, J. A., Nelson, S. M.,
Wig, G. S., Vogel, A. C., Lessov-Schlaggar, C. N.,
et al., (2010). Prediction of individual brain
maturity using fMRI. Science, 329(5997), 1358-
1361.

Kaiser, R. H., Andrews-Hanna, J. R., Wager, T. D.,
Pizzagalli, D. A., (2015). Large-scale network
dysfunction in major depressive disorder: A meta-
analysis. JAMA Psychiatry, 72(6), 603-611. 21.
Zeng, L. L., Shen, H., Liu, L., Wang, L., Li, B.,
Fang, P., Zhou, Z., Li, Y., Hu, D., (2012).
Identifying major depression using whole-brain
functional connectivity: A multivariate pattern
analysis. Brain, 135(5), 1498-1507.

Chawla, N. V., Bowyer, K. W., Hall, L. O,
Kegelmeyer, W. P., (2002). SMOTE: Synthetic
minority over-sampling technique. Journal of
Artificial Intelligence Research, 16, 321-357.
Guyon, I., Weston, J., Barnhill, S., Vapnik, V.,
(2002). Gene selection for cancer classification
using support vector machines. Machine Learning,
46(1), 389-422.

Varoquaux, G., Craddock, R. C., (2013).
Learning and comparing functional connectomes
across subjects. Neurolmage, 80, 405-415.

Esteban, O., Markiewicz, C. J., Blair, R. W.,
Moodie, C. A., Isik, A. L., Erramuzpe, A., Kent, J.
D., Goncalves, M., DuPre, E., Snyder, M., et al.,
(2019). fMRIPrep: A robust preprocessing pipeline
for functional MRI. Nature Methods, 16(1), 111-
116.

Friston, K. J., Williams, S., Howard, R., Frackowiak,
R. S. J., Turner, R., (1996). Movement-related
effects in fMRI time-series. Magnetic Resonance in
Medicine, 35(3), 346-355.

*Corresponding Author: Sahil Gadikar

247



