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Detecting Discriminative Biomarkers For Obsessive-Compulsive 
Disorder Using Deep Learning Algorithms

Abstract
Aim: Obsessive Compulsive Disorder (OCD) is a common psychiatric disorder that usually begins in 
adolescence. The fact that it is frequently seen together with other psychiatric disorders, its symptoms 
overlap with different mental illnesses, and the diagnosis is primarily based on clinical interviews and 
psychometric scales makes it difficult to diagnose obsessive-compulsive disorder. In this context, it is 
aimed to contribute to the objective diagnostic processes of OCD with biomarker and artificial intelligence-
supported approaches. Materials and Methods: In this study, individuals diagnosed with OCD were 
classified from healthy individuals using two different hybrid deep learning models: Gated Recurrent Unit 
(GRU) and Transformer Encoder (TE) with one-dimensional convolutional neural networks (1DCNN), 
respectively. Results: In the 1DCNN-TE model, false negatives (11) and false positives (1) remain at 
low levels, while in the 1DCNN-GRU model, these values ​​are 30 and 95, respectively. While the training 
and test accuracy of the 1DCNN-TE model is over 95%, the accuracy of the 1DCNN-GRU model has 
reached over 90%. While the training and test losses tend to decrease in both models, the fluctuations in 
the test loss are more pronounced in the 1DCNN-TE model. Conclusion: The results indicate that both 
deep learning models could classify OCD with high accuracy based on EEG signals and successfully learn 
discriminative features. However, the fluctuations observed in the test data and errors in detecting the 
control group have indicated limitations regarding the models’ generalizability and reliability on new data.
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Introduction
While humanity has been trying to unravel 
the secrets of the universe for centuries, it still 
has difficulty understanding the chaos of its 
mental universe; psychiatric conditions such as 
obsessive-compulsive disorder (OCD) reveal 
undiscovered and unsolved aspects of this 
internal universe.

Obsessive-compulsive disorder (OCD) is a 
neuropsychiatric condition characterized by 
unwanted obsessions and/or compulsions. OCD 
is a common and severe psychiatric disorder 
affecting 1-3% of the general population [1-

3]. OCD is a disorder in which unwanted 
thoughts, images, ideas, and obsessions tend to 
intrude, and the person attempts to neutralize 
these obsessions with repetitive behaviors or 
mental acts. OCD is one of the most disabling 
psychiatric disorders and typically begins in 
adolescence [4, 5].

Although OCD is usually diagnosed using 
clinical scales, it has been observed that 
the ability of the gold standard Yale-Brown 
Obsessive-Compulsive Scale (YBOCS) to 
distinguish between OCD and non-OCD 
individuals is not very good [6]. In addition, since 
the diagnosis process is based on subjective 
experiences, and this can affect treatment 

choices, it is important to develop a clear 
understanding of the etiology and pathogenesis 
of psychiatric diseases [7]. From this perspective, 
neuroimaging methods can be helpful to work as 
biomarkers [8]. Electroencephalography (EEG), 
one of the most common techniques used in 
such diagnoses, can help develop a reliable 
diagnosis by providing information from the 
patient’s brain activity [9]. EEG can be used 
more easily in clinical applications because 
it is affordable and accessible [10]. However, 
manually analyzing EEG recordings is a time-
consuming process. Artificial intelligence can 
reduce cognitive biases using biometric signals 
and thus provide objective diagnosis and 
prognosis [9].

Previous studies have applied various machine 
learning and neuroimaging approaches 
to distinguish OCD patients from healthy 
controls. Aydın et al. (2015) used support vector 
machines (SVM) with EEG complexity and 
interhemispheric dependency measurements, 
achieving 85% accuracy over the prefrontal 
region. Hu et al. (2016) employed high-
resolution MRI data from 33 OCD patients 
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and 33 healthy controls, analyzing gray and white matter 
volumes with SVM and Gaussian process classifiers, finding 
that white matter-based classification reached 81.82% accuracy. 
Takagi et al. (2017) analyzed 108 participants using functional 
connectivity matrices and two machine learning algorithms 
(SLR and L1-SCCA), obtaining 73% accuracy and 0.81 
AUC. More recently, Zhu et al. (2022) applied connectome-
based predictive modeling to resting-state fMRI and DTI data, 
highlighting the role of functional and structural connections 
in the salience, fronto-parietal, and default mode networks in 
predicting compulsions. In recent years, Farhad et al. (2024) 
developed two hybrid deep-learning models using EEG data, 
achieving 90.88% and 85.91% accuracy with 1DCNN-LSTM 
and 1DCNN-GRU models, respectively.

The literature is still limited in studies on biomarker detection 
using deep learning techniques. This research aims to identify 
distinctive biomarkers for OCD using deep learning algorithms 
and EEG data obtained from individuals diagnosed with OCD 
and healthy individuals. Given the relatively small dataset and 
the absence of cross-validation and explainability analyses, 
the findings should be interpreted with caution regarding their 
generalizability. While acknowledging these limitations, the 
study may nevertheless provide preliminary insights that could 
inform future clinical applications.

Materials and Methods
There is no need for ethics committee approval.

Participants
This study is a retrospective study including 84 healthy 
individuals and 84 individuals diagnosed with OCD. Clinical 
data of the participants were obtained retrospectively from 
the NP Brain Hospital database. The experimental group 
consisted of individuals diagnosed with OCD. The individuals 
in the control group were selected from those who applied for 
neuropsychiatric evaluation, and no severe pathology was found 
due to neuroimaging tests and neuropsychological examinations. 
During the participation in the study, the presence of a history of 
brain damage, the presence of existing neurological disorders, 
and substance use were among the exclusion criteria.

EEG Data Acquisition
EEG data were collected according to a predetermined standard 
protocol. Recordings were made with eyes closed and lasted 
3 minutes. The environment had low light conditions, with 
temperature between 21°C and 26°C and humidity between 30% 
and 60%. Participants were asked to use earplugs to minimize 
the impact of external noises. They sat in a chair inclined at 
approximately 120 degrees, with forearms resting comfortably 
on the armrests. Participants were instructed to reduce blinking 
and remain as still as possible during the recording.

EEG data were recorded using an EEG cap (Wuhan Greentek 
Pty. Ltd, Wuhan, China) equipped with 19-channel active 
electrodes according to the international 10-20 system. 
Electrode impedances were maintained below 5 kΩ. Recording 
was performed with Scan LT software version 1.2, and the 
sampling frequency was set at 125 Hz. The ground electrode 
was placed between the Fpz and Fz electrodes.

EEG Preprocessing and Analysis
The data were first filtered at frequencies between 0.1 and 
50 Hz. Using Brain Vision Analyzer Software (version 2.2), 
independent component analysis (ICA) was performed, and 
artifacts originating from blinks and eye movements in the 
EEG segments were removed. After the ICA process, the data 
were visually checked, and the remaining faulty sections were 
removed. Finally, the data were saved in .edf format and made 
ready for processing.

Deep Learning Architectures
Convolutional Neural Network (CNN) extracts basic features 
(edge, corner) in the first layers, combines this information 
in the subsequent layers to recognize complex structures, and 
finally performs object prediction [13]. CNNs have four layers: 
convolution, pooling, activation, and fully connected [14, 15, 8]. 
The convolution layer detects local combinations of features 
from the previous layer, while the pooling layer combines 
semantically similar features [16]. Fully connected layers focus 
on obtaining class scores (probability) from activation functions 
for classification [14]. The activation function provides non-
linear responses to the neural network, enabling it to learn more 
complex relationships [8].

Recurrent neural networks (RNN) build a memory by holding 
previous information through internal feedback loops and 
predict sequential relationships over time [13]. Since RNN uses 
knowledge of previous steps, the output of RNN depends on the 
previous elements in the sequence. This is like “keeping” the 
information processed in memory [17, 18]. RNNs were explicitly 
developed for applications with sequential data structures, such 
as time series, event sequences, and natural language processing 
[13]. Gated Recurrent Unit (GRU) is an RNN architecture 
that combines the input and forget gates into a single update 
gate. The GRU unit consists of three main components: the 
update gate, the reset gate, and the current memory content. 
This structure allows it to capture long-term dependencies in 
sequences [19]. GRU preserves prior knowledge by adaptively 
capturing dependencies in long datasets, is computationally 
faster, and performs better on smaller and sparse datasets [17].

Transformer Encoder (TE) is a model that uses self-attention and 
does not rely on sequential processing such as RNN or CNN [20]. 
Unlike RNN, instead of processing the input sequence word by 
word, it processes the entire sequence. It consists of an encoder, 
a multi-head self-attention layer, and a feedforward layer [21]. 
Multi-head self-attention enables the model to simultaneously 
process information from different subdomains [20]. The model 
can learn different features or aspects from each topic, thereby 
enabling more comprehensive and robust inferences. Multi-
headed attention allows for richer and more accurate analyses of 
brain activities at different times and frequencies.

Hybrid Architecture
Hybrid deep learning architectures combine different neural 
network structures and aim to take advantage of each’s 
strengths, thus allowing for higher accuracy and classification in 
predictions on multidimensional and complex data.
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TensorFlow Keras library was used to create and edit the model. 
The network was configured to process EEG data consisting of 
125 time steps and 19 channels. ReLU activation functions and 
one-dimensional convolutional (1D CNN) layers with a certain 
number of filters were used to extract meaningful patterns in the 
time series. The main reason for choosing 1D-CNN is its ability 
to extract meaningful features from 1-dimensional EEG signals 
automatically.

In this study, two different hybrid deep learning architectures, 
1-Dimensional Convolutional Neural Network-Gated Recurrent 
Unit (1DCNN-GRU) and 1-Dimensional Convolutional Neural 
Network-Transformer Encoder (1DCNN-TE), were developed 
on EEG data. A maximum pooling layer was used in the model 
to reduce the size of the data and preserve important information. 
The 1DCNN-GRU model includes two GRU layers to capture 
temporal relationships in EEG data. While the first layer 
produces output for each time step, the second layer summarizes 
this information to increase classification success. The 1DCNN-
TE model aims to learn long-term relationships over time more 
effectively and evaluate the entire time series thanks to the self-
attention mechanism. In addition, a drop-out layer was added to 

reduce overfitting and ensure generalizability. In the final stage 
of the model, fully connected layers were used to perform the 
classification process. The outputs obtained from specific model 
layers were arranged with the batch normalization technique to 
stabilize the learning process and normalize the data. During 
the model training process, the ‘Adam’ algorithm was used for 
optimization, binary cross-entropy was used as the loss function, 
and the model checkpoint function was used for performance 
monitoring. The hyperparameter values of the model (e.g., 
learning rate, batch size, number of epochs) were selected based 
on widely accepted values reported in similar studies in the 
literature. This approach was adopted to ensure comparability 
across different architectures and to guarantee stability during 
the training process.

Results
Table 1 compares each model’s classification performance. It 
includes basic evaluation criteria such as precision, sensitivity, 
specificity, F1 score, and test accuracy. In addition, the table 
provides information about the performance tracking of the 
models’ training process, optimization algorithm, loss function, 
epoch number, and batch size.

Table 1: Classification report

Precision Sensitivity Specificity F1 Score Test accuracy

1DCNN-GRU 0.9364 0.9790 0.9364 0.9575 0.9573

1DCNN-TE 0.9993 0.9922 0.9993 0.9954 0.9957

Performance  
monitoring Optimizer Loss function Number of epoch Batch 

size

1DCNN-GRU Model checkpoint Adam Binary cross-entropy 200 128

1DCNN- TE Model checkpoint Adam Binary cross-entropy 110 128

Note. 1DCNN= one-dimensional convolutional neural network; GRU, gradient recurrent units; TE, transformer encoder.

According to Table 1 Classification Report, the 1DCNN-TE 
model is higher in precision (0.9993), sensitivity (0.9922), 
selectivity (0.9993), F1 Score (0.9954), and test accuracy 

(0.9957) than the 1DCNN-GRU model (precision = 0.9364; 
sensitivity = 0.9790; selectivity = 0.9364; F1 score = 0.9575; 
test accuracy = 0.9573).
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In the 1DCNN-GRU Model, the number of individuals with 
OCD incorrectly predicted as controls (False Negative) is 30, 
and the number of individuals in the control group incorrectly 
predicted as OCD (False Positive) is 95. In the 1DCNN-
TE Model, the number of individuals with OCD incorrectly 
predicted as controls (False Negative) is 11, and the number of 
individuals in the control group incorrectly predicted as OCD 

(False Positive) is 1.

The 1DCNN-TE Model demonstrates a stronger classification 
capacity by performing higher (False Negative = 11, False 
Positive = 1) than the 1DCNN-GRU model (False Negative = 
30, False Positive = 95).

Figure 2 shows the evolution of the Accuracy and Loss 
Functions of the models.

Note. 1DCNN= one-dimensional convolutional neural network; GRU, gradient recurrent units; TE, transformer encoder.

A) B)

Confusion Matrix of both models are compared in Figure 1.

Figure 1. a) Confusion matrix of 1DCNN-GRU; b) Confusion matrix of 1DCNN-TE.

Note. 1DCNN= one-dimensional convolutional neural network; GRU, gradient recurrent units; TE, transformer encoder.
Figure 2. a) accuracy and b) loss function of 1DCNN-GRU model and c) accuracy d) loss function of 1DCNN-TE

a) CNN1D+GRU Model Accuracy

b) CNN1D+GRU Model Loss

c) CNN1D+TE Model Accuracy

d) CNN1D+TE Model Loss
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In the 1DCNN-GRU model, training and test accuracy increased 
over time and reached over 90%. There is a slight fluctuation 
around epoch 75, but the training accuracy generally increases 
slightly. In the training and test loss function, the losses 
decrease sharply within the first 25 epochs. After epoch 25, the 
rate of decrease slows down, but the decreasing trend continues. 
Inevitable fluctuations are observed in the test loss.

In the 1DCNN-TE model, the training and test accuracy is 
above 95%. A sudden decrease in test accuracy is observed 
around the 200th epoch. In the training and test loss function, 
the losses decrease sharply for the first 25 epochs. After the 
50th epoch, the training loss is more stable, while the test 
loss fluctuates significantly. A sudden increase in the test loss 
becomes apparent around the 200th epoch.

Discussion
The main objective of this study is to identify OCD-specific 
distinctive biomarkers using deep learning-based methods, 
using EEG data collected from individuals diagnosed with OCD 
and healthy individuals.

Convolutional Neural Networks (CNN) are deep learning 
models that process inputs, especially images and temporal data. 
CNN effectively recognizes patterns by capturing local features 
in the input and is used to extract spatial features between 
signals from EEG. GRU is a type of RNN that is especially 
successful in time series data with its capacity to learn long-
term dependencies. It is used to track changes in EEG data over 
time. The TE model is an architecture based on the attention 
mechanism and processes the input in parallel.

Although both models show high discrimination accuracy, the 
1DCNN-TE model has higher classification accuracy than the 
1DCNN-GRU model. This may be due to the TE model’s ability 
to better model long-term dependencies by using a self-attention 
mechanism and processing the whole sequence as a whole. This 
may enable it to achieve higher discrimination accuracy in time 
series data such as EEG.

In addition, the 1DCNN-TE model shows significant superiority 
over the GRU model in various metrics such as precision, 
sensitivity, selectivity, F1 Score, and test accuracy. It may 
improve the classification performance by learning a different 
feature or aspect in each title with the multi-head self-attention 
mechanism.

The training accuracy and test accuracy of the models are high. 
However, although the high accuracy of the TE model provides 
an excellent advantage for biomarker detection, fluctuations 
in the loss function question the model’s generalization ability 
and raise the possibility of overfitting. The GRU-based model 
has yielded successful results with high accuracy in classifying 
OCD biomarkers. The fact that the training and test accuracies 
of the model are close to each other shows that the risk of 
overfitting is low, and the generalizability of the model is high. 
In addition, the fact that both the training and test loss values ​​
are low and stable reveals that the model exhibits a stable 
performance during the learning process. When the Confusion 
Matrix findings are examined, it is seen that the GRU model 
is particularly effective in correctly recognizing the OCD 
group but makes slightly more errors in the control group. This 
indicates that the model is sensitive in distinguishing neural 
patterns specific to OCD but can confuse some control samples 

with OCD. While false positive classifications may lead to 
unnecessary concern or inappropriate guidance, false negatives 
could result in missed cases. Therefore, in clinical applications, 
it is essential to consider not only overall accuracy but also the 
potential implications of different error types.

Additional imaging modalities, such as DTI or MRI, were 
not included as they fall outside the scope of this study, and 
comparisons were made with the only previously published 
EEG study using deep learning in OCD. In their study using 
EEG data, Farhad et al. (2024) created two different deep 
learning models by combining 1D-CNN with GRU and 
Long Short-Term Memory (LSTM) layers, respectively, and 
evaluated these models comparatively. Their findings revealed 
that the LSTM-based model provided higher accuracy in the 
classification of EEG signals and could be more effective 
in distinguishing neuropsychiatric disorders such as OCD. 
Similarly, in this study, the TE-based model provided higher 
classification accuracy than the GRU model. Both studies 
show that the GRU architecture provides a more stable learning 
process, especially since its generalization ability is higher than 
the other model. When these findings are evaluated together, 
it is seen that different deep learning architectures have high 
discriminatory power in the classification of OCD, and the 
findings are consistent.

In this study, a hybrid deep learning approach specifically 
designed for the classification of obsessive-compulsive 
disorder via EEG data is presented. The method used aims not 
only at classification but also at identifying disorder-specific 
biomarkers. The findings show that deep learning techniques 
can reveal distinctive EEG patterns specific to OCD. Although 
this is promising, fluctuations observed in the test data or 
failures to identify a control group raise questions about how 
reliable the models are on new data. The results obtained in 
this study are an important step, but they show that we are 
facing a process that requires careful model optimization. The 
development goes beyond clinical observations and paves the 
way for objective and data-driven evaluations. In future studies, 
saliency map and visualization techniques, not applied here due 
to their requirement for advanced technical expertise, could 
be integrated to enhance clinical interpretability, together with 
k-fold cross-validation and data augmentation approaches to 
reduce overfitting and improve model robustness, while testing 
and comparing models on larger datasets is recommended to 
increase generalizability.

Conclusion
Although there are many causal explanations for OCD at the 
genetic, neuroanatomical, and psychological levels, the findings 
obtained in this study show that neurophysiological biomarkers 
observed through EEG data can be an important resource that 
can be used in the diagnosis and classification of OCD with 
deep learning algorithms.
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This study has several methodological limitations. The models 
were trained and tested using a single data split without k-fold 
cross-validation, and no data augmentation was applied due 
to the limited EEG dataset. Hyperparameters were selected 
empirically, and explainability methods and external validation 
were not included. These factors may limit the robustness and 
generalizability of the findings.
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