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ABSTRACT

Bipolar Disorder (BD) is a persistent mental health condition marked by intense mood fluctuations. These
mood episodes range from emotional highs (mania or hypomania) to lows (depression), significantly
affecting an individual's energy, activity levels, sleep patterns, behavior, and cognitive clarity. This study
utilizes resting-state functional MRIs (rs-fMRI) to capture detailed structural and functional insights into
brain tissue samples. Independent Component Analysis (ICA) was applied to rs-fMRI scans of 45 Healthy
Controls (HCs) and 45 subjects with BD (BDs) from the OpenNeuro database to identify significant
features. The top five features (IC 12, IC 15, IC 16, IC 18, and IC 22) were selected based on kurtosis,
skewness, and variability, and then used as input to a 3D Convolutional Neural Network (3D-CNN) model
for BD diagnosis. Of 90x5=450 independent components, the model was trained on 70% (315) and tested
on the remaining 30% (135). Evaluation metrics confirmed high performance in distinguishing BD cases
from HCs, achieving 94% accuracy. This approach demonstrates a reliable, high-accuracy method for
diagnosing BD using rs-fMRIs, offering insights into associated functional activation patterns and
neurobiological mechanisms. This multimodal approach could improve clinicians' diagnostic confidence

and advance understanding of the underlying pathology of BD.
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I.  INTRODUCTION

Bipolar Disorder (BD) is a severe chronic mental illness,
also known as manic depressive disorder, characterized by
significant mood swings between mania and depression.
According to the Diagnostic and Statistical Manual of Mental
Disorders, Fifth Edition (DSM-5), BD patients experience
different problems such as increased energy, decreased need
for sleep, sadness, lethargy, hopelessness, increased sexual
activity, risk behavior, irritability, aggression, hyperactivity,
feeling greatness, and a period of elevated mood [1]. BD occurs
during adolescence or early adulthood. It is essential to
recognize and optimally treat it early, as the response rate to
treatment is very high in the early stages [2]. Due to its cyclic
nature, it can take several months or years for an individual to
be diagnosed. Due to its complexity, in the United Kingdom
and the United States, on average, 10 years were estimated to
be required to diagnose a patient with BD correctly [3].

MRI is a primary source for obtaining high-resolution brain
images and helps to identify BD. However, in the last two
decades, research has used rs-fMRI and task-related fMRI to
explore the neural circuits underlying BD, with the former
considered a useful scan for assessing clinical mental status,
memory, and exploring the functional relationships between
areas of interest in the brain [4]. This study focuses on rs-fMRI
brain images of subjects suffering from BD (BDs) and Healthy
Controls (HCs) for a diagnostic process using an ICA-based
3D-CNN model. ICA is a standard method for computing the
clean signal from the brain, which represents the progression of
neural activity over time [5]. ICA can be used to extract
important features from the brains of BDs and HCs, which can
be used with Machine Learning (ML) and Deep Learning (DL)
models to achieve optimal accuracy. This study presents a 3D-
CNN model integrated with features extracted from
Independent Component Analysis (ICA) to achieve optimal
accuracy. The ICA features enhance the CNN model's
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performance in brain signal analysis, leading to better
classification results [6]. It also provides other benefits, such as
accelerating model convergence, simplifying the data, and
making the training process more efficient [7].

II. LITERATURE REVIEW

Various models have been used to distinguish BDs from
HCs. In [8], a Support Vector Machine (SVM) was applied to
53 HCs and 74 chronic BDs [8]. This model was applied to
first-episode BD and chronic BD subjects, achieving accuracy
rates of 76% and 77%, respectively. In [9], Random Forest
(RF), Deep Neural Network (DNN), and Convolutional Neural
Network (CNN) were applied to 32 HCs and 23 BDs using a
leave-one-user-out validation strategy, with the DNN achieving
84% accuracy with SMOTE balancing. In [10], Naive Bayes
(NB), Decision Trees (DT), and K-Nearest Neighbors (KNN)
were also used to assess the classification rate of BDs. The
KNN model achieved 85.71% accuracy, the DT achieved
62.50% accuracy, and the NB achieved 87.50% accuracy. In
[11], SVM was applied with recursive feature elimination using
one-against-one and leave-one-out cross-validation methods,
achieving a 70.80% accuracy. In [12], the ElasticNet model
was applied to classify BDs, Major Depressive Disorder
(MDD), and HCs, achieving 90% accuracy. In [13],
electroencephalography data were used with an Artificial
Neural Network (ANN) model to classify 31 BDs and 58
unipolar subjects, achieving an overall accuracy of 89.89% for
BDs. The study in [14] employed an MRI dataset comprising
33 pediatric BD patients and 19 HCs, matched for age and
gender, and six algorithms, Logistic Regression (LR), SVM,
RF, NB, KNN, and AdaBoost for classification. The LR and
SVM models achieved the highest accuracies, 84.19% and
82.80%, respectively, for BD classification. Similarly, fMRI
and rs-fMRI datasets have been used to improve accuracy. In
[15], rs-fMRI data from 48 BDs and 92 MDDs were used for
classification with SVM, achieving 81% accuracy. The study in
[16] used rs-fMRI data from 21 BDs, 25 MDDs, and 23 HCs
for classification with an SVM-based forward-backward search
strategy, achieving 92.10% accuracy. In [17], an rs-fMRI
dataset of 22 BDs and 22 HCs was used for classification with
an SVM, achieving an 86% accuracy. In [18], rs-fMRI data
from 22 BDs, 28 MDD, and 23 HCs were used for
classification with an SVM-based adaptive forward-backward
greedy algorithm, achieving 88% accuracy.

This case-control study investigates an ICA-based 3D-CNN
model to improve the accuracy of diagnosing BD using an rs-
fMRI dataset. Previous models achieved 62-92% accuracy in
classifying BD, but small datasets and limited feature
extraction have limited exploration of spatiotemporal patterns.
The main contributions of this study are as follows.

e The proposed model can be utilized to understand
neurobiological mechanisms and brain functional activation
patterns at the resting state in BDs compared to HCs.

e It also demonstrates potential in tracking oxygen levels and
blood flow, allowing for observing brain activity in BD
patients.

e [CA features improve the CNN model's performance in
brain signal analysis, leading to faster model convergence,
simplified data, increased training efficiency, and better
classification results using rs-fMRIs.

III. MATERIALS AND METHODS

A. Data Acquisition and Description

The rs-fMRI dataset used to address the study aims was
retrieved from the publicly available Openneuro database [19],
comprising HCs and BDs. The rs-fMRI images included the
following protocols: Trio Tim, EP: scanning sequence type,
SK: sequence variant, Fs: scan option, MR Acquisition: 2D,
epfid2d1_64: sequence name, Repetition time: 2, Echo time:
0.03, Magnetic field strength: 3T, phase encoding steps: 63,
Echo train length: 1, sampling percentage: 100, phase field of
view percentage: 100, pixel bandwidth: 1420, Echo planner
Image factor: 128, Acceleration factor PE: 2, Aceel reference
line: 24, total scan time in seconds: 312, coil name: head
matrix. The device information is also as follows: device serial
number: 35343, software version: syngo MR B15, protocol
name: bold-resting, body: transmit coil, acquisition matrix:
64/0/0/64, COL: plane phase for encoding direction, flip angle:
90, Variable flip angle: Flag used as N, HFS, patient position,
Effective echo spacing: 0.000395. 45 HCs and 45 BDs were
used in this study, as shown in Table 1.

TABLE L RF-FMRI DATASET DESCRIPTION
Age
Group Gender Mean Max Min S.dev Count
BDs Female 33.8 49.0 24.0 8.30 21
Male 309 50.0 21.0 9.54 24
HCs Female 31.7 50.0 21.0 8.89 21
Male 32.5 49.0 21.0 9.34 24

B. Imaging Preprocessing and Denoising

The head motion was corrected across time for each
subject. The realignment step corrects for subjects' head motion
in the scans by aligning all volumes to a reference scan using
the CONN toolbox [20, 21]:

x' = R(04,6,,6,)x +t (€))

where R is the rotation matrix (pitch, roll, yaw), t is the
translation vector (ty,ty,t;), and x , x' are the original and
corrected voxel coordinates. Motion correction was optimized
using:

r}%i?,n ZVEV(It(va + t) - Iref(xv))z (2)

The slice time correction is used to adjust for temporal
differences arising from the sequential acquisition of slices
[21], as given by:

YETTEEA () = ity + ) ®

where, y;(t) is the BOLD signal measured at voxel i as a
function of time, t, is the reference acquisition time, 4; is the
time offset of slice I within a single repetition time, and

yforrected g the corrected signal at voxel i.
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The human brain size varies from person to person. The The confounded repressors are given by
following equation was used to normalize the brain scans of
S Xe() = [W(6), C(6), M(t),5(1)] @)

each subject into a standard anatomical space [21].
4)

where Xg,;; are the voxel coordinates in the subject's native
space, xyy; are the voxel coordinates in the template, A
denotes translation, rotation, scaling, and shearing, and D is a
nonlinear deformation field that captures complex anatomical
differences not accounted for by the affine transform. The
smoothing process is applied to the scans to increase the signal-
to-noise ratio by averaging signals over neighboring voxels
[21]. The entire smoothing process was performed using

YT = (v + 6)(x) = [ y(0)G (x; — x; 0)dx (5)

where G(x;0) = Lexp (MZ
) ! g 2mg? T M202 ) )
Gaussian function and o is the full width at half maximum

(FWHM)/2.355.

White matter and cerebrospinal fluid signals are considered
non-neural noise and removed from the regression steps. The
regression models include realignment parameters, translation
and rotation, removing any type of motion signal from the
BOLD [22]. Figure 1 shows detailed views of preprocessing
steps, noise reduction, and BOLD % variance with a 0.25
threshold of white matter, CSF, realignment parameters, and
scrubbing. All this process was done using (6-9). The
confounded regression model is given by:

y(&) = X (OB + () 6)

where y(t) is the original BOLD signal, X (t) is the confound
regressors matrix, € are the regression coefficients, and £(t) is
the residual signal (denoised).

XMNI = Axsubj + D(xsubj)

) is a three-dimensional

where W (t) denotes white matter signals, C(t) denotes CSF
signals, M(t) denotes realignment parameters, and S(t)
denotes scrubbing regressors.

After fitting the regression model, the confounds are
removed, and neural-related fluctuations are estimated using

s(t) = y(t) — X (O)B° ®)

The s(t) is offering a cleaned time series containing mostly
neural-related fluctuations.

The band-pass filtering process was done by using
Stitterea () = FTH[H(f) - F(s(6))] ©)

where F denotes the Fourier transform, H(f) is the frequency
filter, and S¢jrereq (t) is the final denoised and filtered signal.

C. Feature Selection and Proposed Predictive Model

Feature selection is important because it reduces high-
dimensional input data to a lower-dimensional set of essential
features. ICA is a standard way to compute the clean signal
from the brain, offering brain signals as a time course to
represent the progression of neural activity over time. A total of
25 components were selected for ICA for both BDs and HCs
[23] using CONN. The top 5 best ICs were selected based on
kurtosis, skewness, variability, and frequency for HCs and BDs
because these ICs had maximum variance, meaningful signals,
lower noise rate, and higher discriminative power than others.
These ICs can also provide visual information on brain
activation in BDs and HCs. Figure 2 shows a flowchart of the
group-level ICA.

Preprocessing Noise Reduction Bold % Variance Explained by
Distribution of connectivity values (r) White }[‘“f’
Realignment ﬁ}‘:&
Center to Coordinates P %
Slice Time :
Correction
Outlier detection
Normalization
Smoothing
Fig. 1. Preprocessing steps, noise reduction, and BOLD % variance.
Preprocessed and PCA ICA Unsorted Top
denoised scans Analysis Analysis ICA ICA
A N TTTToTTTTTTTTn [ TTTTTTTToTToTTTTTTTmon TTTTT R
i S1 i i Reduction on E i X=MC i E 1ol :‘.HCs=45 E
i S2 i 1 Concatenate ! X=observed datamatrix !! 2 i1 2 fo----oo-- i
! =  reduced ™7  of signal from fMRI .“ -y
5 | individual’s !} M=Mixing Matrix ¥ || mBDs—45 |
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Fig. 3.

The 3D-CNN is a DL model that can be used effectively on
3D datasets to capture patterns in the data. It has applications in
various tasks such as computer vision, natural language
processing, object detection, object segmentation, image
classification, speech recognition, video processing, low-
resolution 1images, resource-constrained systems, object
counting, and high-dimensional datasets [24]. Due to its
popularity, it is one of the most widely used DL methods. The
3D-ICs with resolution of x =91, y =109, z = 91 voxels
were tuned and input to the proposed model, which has four
convolutional layers, a batch normalization layer with a ReLLU
activation function, a down-sampling layer, and one dropout
layer with a sigmoid function for the final output.

The Adaptive Moment Estimation (AdaM) optimizer was
used to optimize the parameters, and binary cross-entropy was
used as the loss function. A total of 25 epochs with a batch size
of 5 were used to fit the model on the dataset in Google Colab
using a standard GPU. Figure 3 shows a graphical view of the
detailed proposed model. This study used the most dominant
ICs to classify BDs from HCs using the proposed model. Out
of 450 ICs, 63 subjects or 70% (315) ICs were used for
training, and 27 subjects or 30% (135) were used for testing.

Input Preprocessing
[ Brain rs-fMRI images Raw }'s-ﬂ\/ﬂ{I images are imported
into the CONN Toolbox
Selection

Based on Relatively high
variance, S.dev, Skew. , and Kurt.

ICA
[ Select best ICs ]

Feature Learning
Retrieved most important features
for diagnosing process

Split
Training and Testing Part

Classification

3D-Resnet

Output
Healthy Control and Bipolar

Fig. 4. Image processing mechanism of the proposed model.

Output
I
3D-ResNet

Algorithm: 3D-Resnet for best ICs
Input: Best Components
Output: classification_results
1: Apply 3D-Resnet for
Classification:

1.1 for each IC in Best
Components:

1.2 classification_results = 3D-
Resnet (IC)

2: Output classification_results

Deep architecture of the proposed model.

D. Collaboration of 3D-CNN with ICA

The integration of ICA with the 3D-CNN provides several
advantages, such as enhanced interpretability of CNN's
decisions, especially in neuroimaging or financial analysis [7].
That is why the features from ICA shall be used as input
features of the CNN model to distinguish BDs from HCs. The
performance of the proposed model with the integration of the
ICA signals was assessed using accuracy, sensitivity,
specificity, False Positive Rate (FPR), False Negative Rate
(FNR), confusion matrix, and ROC curve with AUC for both
the training and testing datasets. Figure 4 summarizes the
method followed.

IV. EXPERIMENTAL RESULTS

A. ICA for Feature Selection

ICA was used for feature extraction, identifying the most
informative components from the high-dimensional raw rs-
fMRI scans of both BDs and HCs. Out of 25 components, the 5
best were selected based on their kurtosis, skewness, and
variability values: IC 12, IC 15, IC 16, IC 18, and IC 22. IC12
achieved kurtosis, skewness, and variability values of 19.15,
3.58, and 0.11, respectively. Similarly, IC15 showed 16.50,
3.11, 0.124; IC16, 16.16, 3.09, 0.127; IC18, 17.213, 2.908,
0.125; and IC22, 16.951, 3.328, 0.138. Based on these criteria,
IC22 was selected as suitable since its spatial maps indicate
noise-related patterns while preserving meaningful signals. The
combination of remaining components did not improve
performance, and they were excluded from the classification
task. Figure 6 shows the graphical differences in the top 5 ICs
between the BDs and HCs. Since it is tough to declare a person
with BD based on the visual view of brain activation, there is a
need for a DL model to efficiently distinguish BDs from HCs
with high accuracy.

Input: Raw rs-fMRI | ICA |

| Select best ICs I

Subjects
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Top 5 ICs of HCs and BDs, and intensity given from sky blue to red.

between 0.70 and 0.80 is acceptable; values above 0.80 are
considered excellent, and values above 0.90 are rarely observed
[25]. The proposed model achieved ROC-AUC values of 0.94
and 0.96 on the training and testing samples, as shown in
Figure 8.

Fig. 6.
TABLE IL RESULTS OF ICA
ICA Kurtosis Skewness Variability

1 7.90 2.175 0.113
2 9.60 2.106 0.120
3 5.92 0.79 0.13
4 6.38 0.69 0.11
5 10.3 2.43 0.10
6 7.56 1.63 0.13
7 6.40 0.81 0.10
8 6.34 0.15 0.12
9 541 -0.17 0.11
10 104 2.17 0.13
11 5.66 0.38 0.12
12 19.1 3.58 0.11
13 3.78 0.50 0.14
14 3.31 0.295 0.147
15 16.50 3.11 0.125
16 16.1 3.09 0.128
17 8.28 1.31 0.124
18 17.2 2.90 0.126
19 4.15 0.45 0.140
20 4.88 -0.97 0.134
21 11.8 2.50 0.120
22 16.9 3.32 0.138
23 3.80 0.52 0.149
24 14.7 2.68 0.119
25 691 1.60 0.102

B. Classification with the Proposed Model

The second aim of this study was to develop a DL model
that integrates ICA to distinguish BDs from HCs. The 3D-CNN
was tuned to classify the top 5 ICs for 90 subjects (45: BDs and
45: HCs). Figure 7 shows a graphical presentation of the tuning
of the proposed model over 25 epochs. The proposed model
based on ICA achieved 94% accuracy on both training and
testing samples without under- or overfitting. The sensitivity
and specificity rates were estimated at 0.94 and 0.94 for the
training samples, and 0.93 and 0.95 for the testing samples,
respectively. The FPR and FNR values were estimated from
the training samples (0.06 each), and 0.07 and 0.06 from the
testing samples. Out of 315, only 19 and 8 (3D-ICA) were
incorrectly identified from the proposed model for the training
and testing samples, respectively. ROC curve analysis was
used to assess precision and display the discriminatory
performance of the proposed model. An ROC curve value

0.96 Fao
0.94 -
Fo.8
0.92 -
>
8 0.90 F0.6 "
g g
< 0.884
Fo.4
0.86 A
0.84 —-®- Train Loss —.t%" acy 94
=¥~ Test Loss —»— Test Accura
0 5 10 15 20 25
Epochs
Fig. 7. Graphical presentation of the tuning proposed model.
Training Data Testing Data
Accuracy: 0.94 Accuracy: 0.94
ity: 0.94  Specificity: 0.94 Sensitivity: 0.93  Specificity: 0.95
FNR: 0.06 FPR: 0.07 FNR: 0.05
w0
E
g s0
[$)
= 40
-
5
< -0

Control

Bipolar
Predicted

e Total
e 450=3D-ICA Components

- Training Data

il 315=3D-ICA Components
g Healthy Control= 154
e Bipolar= 161

True Positive Rate

Testing Data
135=3D-ICA Components
Healthy Control= 71
Bipolar= 64

= Train ROC-AUC = 0.94
Test ROC-AUC = 0.96

0.4 0.6 0.8 1.0
False Positive Rate

Fig. 8. Confusion matrix, classification results, and ROC curve of the
proposed model.
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C. Performance Metrics

Precision, recall, and F1-score were also used to evaluate
the model's performance. The proposed model achieved 0.94,
0.94, and 0.94 precision, recall, and F1 scores for both the HCs
and BDs, respectively, on the training samples. Similarly, on
test data, the model achieved 0.96, 0.93, and 0.94 precision,
recall, and F1 scores for the HC group. Similarly, on the test
data, the model achieved precision, recall, and F1 scores of
0.92, 0.95, and 0.94 for the BD group. A Hosmer-Lemeshow
test was performed, yielding y* = 6.12 with p = 0.63 for the
training data and y* = 4.87 with p = 0.77 for the testing data,
confirming good model calibration.

TABLEIL  Classification report of the proposed model

Group | Precision | Recall fl N x° Sig.

Train HCs 0.94 0.94 0.94 154 | 6.12 | 0.63
data BDs 0.94 094 | 094 | 161

Test HCs 0.96 0.93 0.94 71 4.87 | 0.77
data BDs 0.92 0.95 0.94 64

Coronal Seggittal

£
L=
s 8
3 -
Vs
£
5 E Le
2
E= -
=
Fig. 9. Graphical activation view in the axial, coronal, and sagittal planes

of TN (BD) and TP (HC) groups.

Figure 9 presents a graphical view of the TP and TN
patterns of the brain's activation of HCs and BDs. The
proposed model can help correctly identify 94% of a particular
person who belongs to BDs or HCs.

D. Comparisons with Previous Studies

The proposed model was also compared with existing
approaches that used different ML and DL approaches for BD
classification, as shown in Table IV.

TABLEIV. COMPARISON WITH EXISTING STUDIES

Model Year Accuracy Reference
ANN 2016 89.89% [15]
Naive Bayes 2016 87.50% [11]
KNN 2016 85.17% [11]
Decision Tree 2016 62.50% [11]
RF and CNN 2020 84% [10]
ElasticNet 2021 90% [14]
SVM 2021 77% [9]
SVM and LR 2022 84.19% [16]
GAN-CNN 2023 75.8% [26]

Proposed ICA+3DCNN Present 94% This study

E. Discussion

Physicians require a promising approach for identifying or
diagnosing BDs from HCs using rs-fMRI scans. This study
used the CONN toolbox for preprocessing, denoising, and ICA
for BDs and HCs. ICA reduces the computational cost of the
CNN model and improves prediction performance. Of 25 ICs,
the 5 best were selected based on their kurtosis, skewness, and
variability. IC 12, IC 15, IC 16, IC 18, and IC 22 were selected
as the best components from ICA, with a high level of
activation. The ICA-based 3D-CNN was used for the
classification process, trained on 70% of the samples (315),
tested on 30% (135), and evaluated using standard binary
classification metrics. The model achieved 94% accuracy on
both training and testing samples, with sensitivity and
specificity rates estimated at 0.94 and 0.94 for training and 0.93
and 0.95 for testing samples. The proposed model also
achieved low FPR and FNR for training and testing datasets.
Out of 315, only 19 and 8 components were incorrectly
identified in training and testing, respectively. ROC-AUC
values of 0.94 and 0.96 were achieved on training and testing,
respectively, indicating strong discriminatory power. In
addition, a comparison with previous studies showed that the
proposed model achieved higher accuracy.

In summary, this study is an essential step toward clinically
diagnosing BDs from HCs, demonstrating that ICA can be
utilized to understand the neurobiological mechanisms and
functional activation patterns in the resting state of BDs and
HCs. These findings can help physicians and researchers track
oxygen levels and blood flow to observe brain activity in BD
patients. ICA analysis also facilitates understanding of brain
activation conditions and the diagnosis of BDs compared with
HCs, while its integration with a 3D CNN can lead to better
classification results.

V. CONCLUSION

This research presented a promising approach with a high
confidence level for diagnosing BDs from HCs using rs-fMRI
scans. The IC 12, IC 15, IC 16, IC 18, and IC 22 were selected
as the best components from the ICA and used as input to the
3D-CNN model to identify HCs and BDs. The strength of the
proposed model was validated by large values in accuracy,
sensitivity, specificity, precision, recall, F1-score, and ROC-
AUC, and smaller values of FPR and FNR, outperforming
existing models. The findings of this study can help physicians
and researchers track oxygen levels, neurobiological
mechanisms, and functional activation patterns, and increase
confidence in declaring an individual a BD patient. However,
this study is limited by dataset size and lack of external
validation. Future work will focus on larger, multi-site datasets
and extending the model to multi-class classification (e.g., BDs
vs. MDD vs. HCs) to enhance generalizability and clinical
applicability.
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