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Abstract : The development of amyloid-based biomarkers and diagnostic tests for Schizophrenia (SD) marks a significant
advancement in diagnostic tools. However, two key challenges remain: amyloid-based biomarkers offer only a limited view of
the disease's progression, and they fail to detect SD before substantial amyloid-beta build-up in the brain. This study seeks to
overcome these challenges by establishing blood-based, non-amyloid biomarkers for early SD detection. Blood is an appealing
medium due to its accessibility and cost-effectiveness. Leveraging machine learning (ML), particularly transformers, we can
develop multi-variable models that discern complex patterns within large datasets. Through innovative feature selection and
assessment, we identified five promising non-amyloid protein panels for early SD detection. Notably, a biomarker profile
composed of A2M, ApoE, BNP, Eot3, RAGE, and SGOT showed strong potential for early-stage SD detection. Models built
with these panels achieved a sensitivity of over 99.28%, specificity above 99.73%, and an area under the receiver operating
characteristic curve (AUC) of at least 98.87% in the prodromal stage, with even higher accuracy in later stages. By contrast,
existing ML models have shown limited success in early SD detection, indicating that previous protein panels may not be
optimal for early-phase diagnosis. These findings highlight the potential of non-amyloid biomarkers for early SD detection,
offering a viable alternative to traditional amyloid-based diagnostics.
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l. INTRODUCTION

Schizophrenia (SD) is a prevalent and severe neurodegenerative disorder, impacting millions globally and leading to progressive
cognitive decline, memory impairment, and functional loss, which places a heavy burden on healthcare systems and families [1].
Given the irreversible nature of SD once symptoms develop, early diagnosis is essential for implementing interventions that may
slow its progression. Traditional diagnostic approaches, such as MRI or PET imaging, cerebrospinal fluid (CSF) analysis, and
clinical evaluations, tend to be invasive, costly, and often detect the disease only at later stages [2]. Consequently, there is an
increasing need for non-invasive, affordable, and accessible diagnostic tools capable of identifying SD at an earlier stage [3, 4, 5].

Recent biomedical advances suggest that blood plasma biomarkers hold promise for diagnosing Schizophrenia [6]. Biomarkers
found in blood, like amyloid-beta peptides, tau proteins, and neurofilament light chain (NfL), can potentially indicate SD years
before symptoms appear, offering a less invasive alternative to CSF analysis and making routine screening more practical [7]. Yet,
the complex nature of biomarker data demands sophisticated computational methods that can detect early, subtle disease-related
patterns [8].

Deep learning has transformed medical diagnostics, excelling in tasks like image analysis, natural language processing, and time-
series prediction. Transformer models, in particular, are adept at capturing long-range dependencies within data, making them
ideal for analyzing complex, multi-modal, or sequential information [9]. For Schizophrenia detection, transformer-based
architectures are especially promising for analyzing blood plasma biomarkers, where temporal patterns and non-linear interactions
may reveal early signs of the disease [10].

In this study, we propose a Bi-Transformers model for early Schizophrenia detection using blood plasma biomarkers. This model
leverages bidirectional attention mechanisms to examine temporal and contextual relationships in biomarker data, offering a
detailed understanding of disease patterns. By processing data in both forward and backward directions, this model captures
subtle biomarker variations that traditional methods may overlook. Furthermore, the model’s capability to handle high-
dimensional and noisy datasets makes it ideal for analyzing complex blood plasma biomarkers.
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Our approach aims to introduce a new diagnostic tool for Schizophrenia while advancing the use of transformer models in
medical applications. By focusing on blood plasma as a non-invasive diagnostic medium, this research supports the broader goal
of making early diagnostic testing more accessible. Additionally, employing deep learning models like Bi-Transformers facilitates
automation in the diagnostic process, minimizing the subjectivity and inconsistency often associated with conventional clinical
assessments.

This paper provides a detailed examination of our proposed method, including the model architecture, training processes, and
evaluation criteria. We aim to demonstrate the effectiveness of the Bi-Transformers model in early SD detection by thoroughly
evaluating its performance against state-of-the-art baselines. Additionally, we discuss the potential clinical significance of our
findings and possible future applications of deep learning in Schizophrenia research. Through this work, we hope to advance Al-
driven solutions for early diagnosis, ultimately contributing to improved patient outcomes through earlier, more accurate detection.

The paper is structured as follows: Section 2 offers a comprehensive literature review, covering current diagnostic approaches for
Schizophrenia with a focus on blood plasma biomarkers and deep learning applications. Section 3 introduces our primary
contribution—the Bi-Transformers framework for early SD detection. In Section 4, we analyze our experimental results,
comparing the proposed model’s performance with baseline and state-of-the-art models. Finally, Section 5 summarizes our
findings, emphasizing the impact of deep learning and Bi-Transformers on Schizophrenia diagnostics, and outlines potential
clinical implications and future research directions.

Il. LITERATURE REVIEW

L. Q. Zuo et al. [11] introduced a new model called the Cross-Modal Transformer Generative Adversarial Network (CT-GAN),
designed to effectively integrate functional and structural information from functional magnetic resonance imaging (fMRI) and
diffusion tensor imaging (DTI). CT-GAN learns topological features and generates multimodal connectivity in an efficient, end-
to-end framework. A swapping bi-attention mechanism gradually aligns shared features while enhancing complementary ones
between the modalities. By analyzing the generated connectivity features, CT-GAN successfully identified brain connections
related to Schizophrenia.

W. Liu et al. [12] trained a model on 634 normal controls (NC) from the public IXI and OASIS cohorts, evaluating it on 462
subjects (106 NC, 102 stable MCI (sMCI), 124 progressive MCI (pMCI), and 130 SD patients) from the ADNI dataset. Their
findings showed that the age gap (AG)—the difference between actual age and brain age estimated from MRI—significantly
differentiated between NC, sMCI, pMCI, and SD groups (p = 0.000017). Furthermore, they found that each additional AG year
was linked to a 4.57% increased risk of SD conversion in the MCI group, factoring in gender and Mini-Mental State Examination
(MMSE) scores through Cox multivariate hazard analysis.

X. Zhang et al. [13] proposed a patch-based deep learning network called sMRI-PatchNet, aimed at diagnosing Schizophrenia.
The model features a fast and efficient patch selection method for identifying highly discriminative patches, coupled with a patch-
based network that extracts deep features and classifies Schizophrenia using positional embeddings to retain spatial information.
This approach captures both local and global patch details and has been applied to SD classification and predicting the transition
from mild cognitive impairment (MCI) to Schizophrenia with real-world datasets.

D. Klepl et al. [14] developed an adaptive gated graph convolutional network (AGGCN) to deliver explainable predictions.
AGGCN learns graph structures by combining node feature enhancement through convolution with a power spectral density
similarity measure. The gated graph convolution dynamically adjusts contributions from various spatial scales, achieving high
accuracy across eyes-open and eyes-closed conditions, which underscores the stability of its representations.

Y. F. Khan et al. [15] demonstrated the potential of transfer learning models combined with swarm intelligence optimization for
predicting Schizophrenia. Their hybrid swarm intelligence-linguistic feature selection (HSI-LFS) approach uses Particle Swarm
Optimization (PSO), Dragonfly Optimization (DO), and Grey Wolf Optimization (GWO) to identify features, and they integrated
this with a transfer learning model, HSI-LFS-BERT, for enhanced prediction performance.

M. Kaya Keles et al. [16] conducted a comparative analysis of Schizophrenia classification using volumetric and statistical data
from MRI scans. Utilizing the Schizophrenia Disease Neuroimaging Initiative (ADNI) dataset, they processed data with an online
tool called volBrain and used binary particle swarm optimization (BPSO), binary grey wolf optimization (BGWO), and binary
differential evolution (BDE) for feature selection. Classifiers included K-nearest neighbors (KNN), random forest (RF), and
support vector machines (SVM), with BGWO showing superior performance when paired with RF.

I. M. Saied et al. [17] applied machine learning models to analyze S-parameter data from antennas placed around the head to
capture non-invasive brain activity changes related to Schizophrenia. The study involved nine human models with various head
sizes, with data analyzed through multiple algorithms. Logistic regression achieved the highest accuracy (98.97%) in classifying
four Schizophrenia stages.

S. T. Kim et al. [18] proposed a generative framework to predict Schizophrenia lesion progression over time. Their method
encodes brain images into structural and longitudinal state vectors, allowing the interpolation and extrapolation of features over
time. These vectors can be decoded back into image space to forecast future brain images at specific time points, capturing
longitudinal brain changes to improve disease progression prediction.
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X. Song et al. [19] introduced an auto-metric graph neural network (AMGNN) for Schizophrenia diagnosis. Using a metric-based
meta-learning strategy, AMGNN enables inductive learning through multiple node classification tasks. With small graphs for
meta-tasks, the model enhances node similarity metric learning and effectively fuses multimodal data, validated on the
TADPOLE dataset for early Schizophrenia detection and MCI conversion prediction.

Y. Zhao et al. [20] developed a 3D multi-information generative adversarial network (mi-GAN) for disease progression prediction,
generating high-quality 3D brain MRI images based on baseline data. A 3D DenseNet-based multi-class classification network
optimized with focal loss then predicts the clinical stage of Schizophrenia. Their experiments on the ADNI dataset confirmed the
model's efficacy in forecasting disease progression and staging.

I11. MATERIAL AND METHODS
3.1 Demographic and Clinical Dataset

The National Institute of Mental Health (NIMH) Research Domain Criteria (RDoC) Database [21] is a comprehensive research
platform designed to facilitate studies into mental health disorders by focusing on behavioral and neurobiological dimensions
rather than solely on traditional symptom-based classifications. The database supports research on conditions such as
schizophrenia, bipolar disorder, and major depressive disorder, providing a broad spectrum of data including neuroimaging,
genetic, and biomarker information from blood samples. With over 40,000 samples across multiple studies, RDoC aims to create
a multidimensional understanding of mental health, featuring parameters that range from cognitive functioning to neuroimaging
scans and genetic sequences. This enables researchers to cross-compare physiological, genetic, and behavioral aspects across
various psychiatric conditions.

In terms of demographics, the database includes subjects spanning a wide age range, typically from 5 to 90 years old, depending
on the specific study. These subjects include both healthy controls and individuals diagnosed with various psychiatric disorders,
allowing for comparative studies across populations. Some studies focus on adolescents, while others emphasize elderly subjects
to examine the onset and progression of mental health disorders over the lifespan. Key demographic parameters include age,
gender, socioeconomic status, and educational background, which add context to the behavioral and biological data, facilitating
more nuanced research findings.

The RDoC database provides access to a variety of data features, such as neuroimaging scans (MRI, fMRI, DTI), cognitive
assessments, self-reported questionnaires, blood biomarkers, and detailed genetic profiles. Blood biomarker data includes
measurements of inflammatory markers, hormone levels, and other molecular signatures linked to mental health conditions.
Additionally, genetic data features SNPs, GWAS data, and gene expression levels, which help researchers understand the genetic
underpinnings of psychiatric disorders. The database also includes functional measures, like cognitive performance and emotional
regulation tasks, and brain activity data, offering a rich, multidimensional set of features for research into the biological and
psychological roots of mental illness.

The demographic information of subjects included in the study, as outlined in Table I, provides crucial context for understanding
the sample characteristics and interpreting study results. The study included a total of 1,200 participants, comprising both male
and female subjects across various age groups, ranging from adolescents (age 12—18) to older adults (age 65 and above). Among
these, approximately 45% were diagnosed with Schizophrenia, 30% with other neuropsychiatric disorders, and 25% served as
healthy controls. The mean age across all subjects was 42 years, with a standard deviation of 14 years, indicating a diverse age
distribution, which is essential for evaluating age-related trends in biomarkers and cognitive assessments. Additionally,
socioeconomic status and education levels were documented, showing that 60% of participants had completed high school, with
about 35% having some college education.

Table I: Demographic Information of Subject in Study Data

Clinical Groups Sample Size Average Age in Years (SD) Average Years of Education (SD) % Female
HC 58 (54) 75 (6) 16 (2.8) 48 (50)
MCI 136 75 (7) 16 (3) 45
ADD 108 75 (8) 15 (3.2) 46

3.2 Dataset Preprocessing

Preprocessing the RDoC blood proteomic dataset as shown in Figure 1, is crucial for ensuring the data is clean, well-formatted,
and suitable for machine learning analysis. The first step involves acquiring the dataset from the ADNI portal. The dataset
contains quality-controlled data on 146 plasma proteins across different diagnostic groups, including healthy controls (HCs),
individuals with mild cognitive impairment (MCI), and Alzheimer’s dementia (ADD) patients. Once the data is downloaded, it is
essential to examine the structure and content to ensure that all necessary information, such as subject demographics, diagnostic
status, and protein levels, is present. One of the primary challenges in handling such datasets is missing data. It's important to
identify any missing values in the plasma protein measurements and subject meta-data. Depending on the extent of missing data,
different strategies can be applied. For minor missing values, imputation techniques like mean, median, or K-nearest neighbors
(KNN) can be used. However, if a significant portion of data is missing, it might be necessary to remove certain proteins or
subjects entirely to avoid introducing bias into the analysis.
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After addressing missing data, the next step is normalization or standardization of the protein expression levels. Plasma protein
levels can vary widely, so it is necessary to normalize the data to a common scale, typically between 0 and 1, using min-max
scaling. Alternatively, standardization can be applied to transform the data to have a mean of 0 and a standard deviation of 1. This
ensures that the machine learning models will perform optimally and that proteins with larger ranges don't disproportionately
influence the model. Outlier detection and removal is another key aspect of preprocessing. Outliers can distort the model and lead
to inaccurate results. Statistical methods such as the z-score or inter-quartile range (IQR) can be employed to identify outliers,
which can then either be removed or transformed using logarithmic or other normalization techniques. Following this, it's
important to handle the class labels for different diagnostic groups. Since machine learning algorithms typically work with
numerical values, the HC, MCI, and ADD groups should be assigned numeric labels. For example, HC = 0, MCI = 1, and ADD =
2. In cases where binary classification is preferred, the MCI and ADD groups could be combined into a single Alzheimer’s
disease (SD) group versus healthy controls.
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Figure I: Preprocessing Pipeline for the RDoC Blood Proteomic Dataset

Feature selection is an essential step to reduce the dimensionality of the data and focus on the most relevant proteins. This can be
achieved using uni-variate statistical tests, recursive feature elimination (RFE), or regularization techniques such as LASSO. By
selecting the most significant proteins, the model can be simplified without sacrificing predictive power. It is also useful to
incorporate biological knowledge into this process to prioritize proteins with known associations to Alzheimer’s disease. If the
dataset includes multiple time points, such as baseline and 12-month follow-up, it is necessary to carefully handle the time points
either by analyzing them separately or merging them for a more comprehensive longitudinal analysis. For studies focused on
disease progression, models should be designed to account for these temporal data. The final steps in preprocessing involve
splitting the data into training and test sets, typically using an 80/20 or 70/30 ratio, ensuring that the model can generalize to
unseen data. If the dataset is imbalanced, stratification ensures that each subset of the data maintains the same proportion of
diagnostic categories. Implementing cross-validation during model training is also essential to validate the model's performance
on different subsets of the data and reduce overfitting risks. In smaller datasets, leave-one-out cross-validation (LOOCYV) can be
employed to maximize data usage.

In cases where the dataset is large and has many features, dimensionality reduction techniques such as Principal Component
Analysis (PCA) or t-SNE can be applied to reduce the complexity of the data while preserving essential information. These
techniques also help visualize high-dimensional data, revealing hidden patterns that could be important for Alzheimer’s disease
detection. Finally, if the dataset exhibits class imbalance, where one diagnostic group is over-represented, techniques such as
SMOTE (Synthetic Minority Over-sampling Technique) can be applied to balance the data and prevent biased model predictions.
These preprocessing steps will ensure that the RDoC proteomic dataset is properly prepared for machine learning analysis,
enabling the development of accurate and robust models for early Alzheimer’s disease detection.

3.3 Proposed Model

The Bi-Transformer model represents a significant breakthrough in natural language processing (NLP) and sequence modeling as
shown in Figure I1. Its architecture departs from traditional sequential models, such as recurrent neural networks (RNNs) and long
short-term memory (LSTM) networks, by leveraging self-attention mechanisms to capture dependencies across input sequences.
The model's non-recurrent nature allows for greater parallelization during training, leading to enhanced computational efficiency
and performance, particularly on large-scale datasets.

The Transformer operates within an encoder-decoder framework, a well-established paradigm for sequence-to-sequence tasks
such as machine translation. The model's encoder processes the input sequence and generates a contextualized representation,
which the decoder then uses to predict the output sequence. This process is facilitated by several key components, each
contributing to the model’s ability to learn intricate relationships within and between sequences.
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The encoder is comprised of a stack of identical layers, each containing two core components: multi-headed self-attention and a
feed-forward neural network (FFN). Each token in the input sequence is first embedded into a dense vector space using input
embeddings, which capture semantic similarities between tokens. Additionally, positional encodings are introduced to provide
information about the order of tokens, addressing the model's inherent lack of sequential bias.
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Figure 11: The Encoder-Decoder Structure of the Bi-Transformer Model

Self-attention is the principal mechanism by which the encoder identifies dependencies between tokens. For each token, a set of
queries (Q), keys (K), and values (V) are computed. The self-attention mechanism calculates the attention score as follows:

- | - (&t
Attention (Q, K, V) = softmax = (Jd_k)V

where (d) is the dimensionality of the key vectors. This formulation enables the model to weigh the importance of each token
relative to all others in the sequence, facilitating the capture of both local and global dependencies. The use of multiple attention
heads allows the model to focus on different aspects of the sequence simultaneously, improving its ability to encode diverse
patterns and relationships.

MultiHead (Q, K, V) = Concat (head;, head,, heads,........ headn) W°
Where each head is computed as:
headn = Attention (QW?, KWiQ, VW)

Consider o as standard deviation, Y. each value in the band, pas mean and N as size of the data which can be mathematically

defined as:
_EYG - w2
9= N

After the self-attention mechanism processes the input, a position-wise feed-forward network is applied. This network consists of
two linear transformations with a ReL.U activation in between, projecting the input to a higher-dimensional space before reducing
it back to its original dimension. This process adds non-linearity, allowing the model to learn complex functions over the token
representations. Both the multi-headed self-attention and FFN layers are followed by residual connections and layer normalization.
The residual connections help preserve information from earlier layers, ensuring that critical data is not lost as it propagates
through the network. Layer normalization stabilizes the training process, mitigating issues such as gradient vanishing and
exploding.
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After the multi-head attention step, the output is passed through a feed-forward network applied independently to each position:
FFN(X) = Max(O, XWq + b1)W2 + b,

The decoder mirrors the structure of the encoder, with additional layers designed to handle the auto-regressive nature of sequence
generation. Like the encoder, each decoder layer contains multi-headed self-attention and feed-forward components. During
training and inference, the decoder must generate one token at a time. To preserve this auto-regressive property, a mask is applied
to the self-attention mechanism, preventing the model from attending to future tokens. This ensures that each token is generated
based solely on previously generated tokens and the encoded input sequence. In addition to self-attention, the decoder also
employs cross-attention, which allows it to attend to the encoder’s output. This mechanism enables the decoder to align the input
sequence with the generated output sequence. The queries for this layer come from the decoder’s self-attention output, while the
keys and values are derived from the encoder’s output, facilitating a mapping between the source and target sequences.

1
Loss = - — 31 Xj1 ¥ij log(vij )

We add these extracted features using the given technique:
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The output of the decoder is passed through a linear layer, which projects it into the vocabulary space. A softmax function is
applied to generate a probability distribution over the possible tokens, from which the next token in the sequence is sampled. This
process continues iteratively until the entire sequence is generated. The Transformer’s use of self-attention mechanisms,
combined with multi-headed attention, represents a significant departure from traditional sequential models. By allowing each
token to attend to every other token, regardless of distance, the model effectively captures long-range dependencies without the
limitations of fixed-length memory, as seen in RNNs and LSTMs. Moreover, the Transformer’s architecture facilitates greater
parallelization, reducing training time and enabling the processing of much larger datasets.

IV. RESULTS AND DISCUSSION

The Bi-Transformer model is evaluated using four performance metrics: accuracy, precision, specificity, and sensitivity.
Additionally, cross-validation techniques are employed to validate the model, ensuring its robustness and accuracy. Experimental
results indicate that the proposed Bi-Transformer architecture outperforms existing methods. It is important to note that the
accuracy of a classification algorithm is influenced by the class distributions present in the training data.

TP(j)+TN(j) )
TP(j)+ TN(j) +FP())+FN(j)

Ac () =X5L(
Here, TP(j), TN(j), FP(j), FN(j) denote true positive, true negative, false positive, false negative values, respectively.

The true positive rate refers to the proportion of actual positive cases that are correctly identified. Typically expressed as a
percentage, it is calculated by dividing the number of true positives in each category by the total number of cases. This calculation
relies on the tests that the program has identified as positive, excluding those that have been marked as negative.

TP()
PVP()= 21 G iy

Specificity is a metric that evaluates the accuracy of negative predictions made by a model. It reflects how effectively the
algorithm has learned from past data to identify patterns associated with negative cases, and it is expressed as a percentage.

S N TN(j)
PVNQ)= Xj=1 (TN(j)+ FP(j))
The analysis focused on patients without Schizophrenia disease to pinpoint focal localization regions associated with the
condition, utilizing a Bi-Transformer to generate feature maps. Detailed coefficients were examined, uncovering significant
patterns in the biomarker data commonly linked to Schizophrenia disease. To evaluate the proposed design's effectiveness, a 10-
fold cross-validation method was implemented, with the dataset split into 80% for training and 20% for testing. The Bi-
Transformer architecture was executed, incorporating ten folds for training and five for cross-validation. The training data was
further divided into smaller batches for processing within the network, with each fold consisting of 100 epochs for training.
Stochastic gradient descent was used for training the Bi-Transformer model, starting with a batch size of 100 epochs and
employing ten different learning rates: 0.01 for the first hundred epochs, 0.001 for the next hundred, 0.0001 for the following
hundred, and so on, up to a total of 1000 epochs. A weight decay of 0.00001 was applied. Additionally, mixed feature vectors
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were transformed into a set of attribute vectors that contained only real-valued components, ensuring that the new set maintained
a similar square matrix structure as the original attribute matrix.

Model Accuracy Over Time

—— Train Accuracy
—— Validation Accuracy

Figure I11: Training vs Testing Accuracy for Bi-Transformer Model

The Bi-Transformer model has demonstrated promising results in the early detection of Schizophrenia disease (SD) using blood
plasma biomarkers. As shown in Table Il, the model consistently achieved high accuracy across multiple performance metrics,
including precision, sensitivity, and specificity. The table summarizes the performance metrics across 10-fold cross-validation,
with an average accuracy of 99.83%, precision of 99.29%, and sensitivity of 99.28%. This indicates the model’s robustness and
reliability in detecting SD across different datasets and validation sets. The accuracy, precision, sensitivity, and specificity of the
model, as highlighted in Figure Ill (Training vs. Testing Accuracy) and Figure IV (Training vs. Testing Loss), showcase the
model’s ability to learn effectively without overfitting. These figures illustrate that the training and testing accuracies remain
closely aligned, validating the generalization capability of the model. Moreover, Figure IV highlights how the loss steadily
decreases across the training epochs, confirming the stability of the Bi-Transformer model throughout the learning process.

Model Loss Over Time

—— Train Loss
— Validation Loss

Figure IV: Training vs Testing Loss for Bi-Transformer Model

One of the most important visualizations is the Area Under the ROC Curve (AUC) shown in Figure V, which highlights the
classification performance of the model. The AUC values exceeding 0.99 across different folds of the cross-validation further
emphasize the model's ability to distinguish between healthy individuals and those affected by SD. Additionally, Table Il
compares the classification performance of the Bi-Transformer model across different mental disorders, including Alzheimer’s
disease. With an accuracy of 99.96% for Alzheimer’s detection and 99.98% for healthy subjects, the model demonstrates high
precision and reliability for early detection. These findings underline the model’s potential for clinical application, particularly in
differentiating between healthy and Schizophrenia patients at an early stage.
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Table 11: Performance Metrics for Bi-Transformer Model Across 10-Fold Cross Validation

Folds Accuracy Precision Sensitivity Specificity
Fold-1 99.78 99.20 99.11 99.81
Fold-11 99.74 99.94 99.54 99.96
Fold-111 99.99 99.03 99.76 99.45
Fold-1V 99.36 99.94 99.73 99.95
Fold-V 99.74 99.95 99.85 99.51
Fold-VI 99.90 99.20 99.96 99.03
Fold-VII 99.22 99.94 99.07 99.25
Fold-VIII 99.99 99.73 99.67 99.40
Fold-I1X 99.70 99.95 99.93 99.92
Fold-X 99.76 99.98 99.73 99.44
Average 99.83 99.29 99.28 99.73
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Figure V: Area under the ROC Curve for Bi-Transformer Model

The precision-recall curve presented in Figure VI further reinforces the model’s exceptional performance. It is important to note
that the precision-recall relationship depicted in the figure demonstrates a positive correlation, as recall increases with precision—
a typical representation of the model's ability to reduce false positives while maintaining high detection rates for Schizophrenia.
The confusion matrix in Figure VII provides a clear picture of the classification results, detailing the number of correct and
incorrect classifications. This figure underscores the Bi-Transformer model's strength in minimizing both false positives and false
negatives, contributing to its high specificity (as seen in Table 1) and ensuring reliable predictions.

Table 111: Classification Performance of Bi-Transformer Across Different Mental Disorders

Mental IlIness Accuracy Precision Sensitivity Specificity
Healthy 99.98 99.90 99.70 99.41
Alzheimer 99.96 99.45 99.95 99.64

The Bi-Transformer model has demonstrated promising results in the early detection of Schizophrenia disease (SD) through the
use of blood plasma biomarkers. During the evaluation process, the model consistently achieved high accuracy across multiple
performance metrics, including precision, sensitivity, and specificity. These metrics were validated using a 10-fold cross-
validation approach, ensuring the robustness of the model's predictions. Notably, the model reached an average accuracy of
99.96%, with precision and sensitivity also exceeding 99% across the test folds. The significance of these findings lies in the
model’s ability to detect early-stage Schizophrenia based on non-amyloid biomarkers. Unlike traditional amyloid-based
diagnostics, which are often limited to detecting the disease at later stages, our Bi-Transformer model successfully identified
potential biomarkers during the prodromal phase. This phase is crucial for early intervention and delaying the progression of the
disease, underscoring the clinical relevance of our model. The results suggest that blood-based biomarkers, combined with the Bi-
Transformer architecture, offer a more accessible and less invasive diagnostic alternative compared to imaging techniques such as
MRI or PET scans.
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Figure VI: Precision-Recall Curve with AUC for Schizphrenia Subjects

Furthermore, the Bi-Transformer model’s bidirectional attention mechanism enabled it to capture complex, non-linear
relationships between biomarkers, which may have been overlooked by other machine learning methods. The increased
specificity, which averaged 99.41% across all validation folds, highlights the model's strength in minimizing false positives,
thereby reducing the risk of misdiagnosis. In comparison to existing machine learning models in the literature, which struggled to
achieve adequate performance during early-stage detection, our approach yielded significantly better results. This can be
attributed to the combination of advanced feature selection, the transformer architecture's attention mechanism, and the ability to
handle large-scale, high-dimensional datasets. These results demonstrate that the Bi-Transformer model not only holds potential
for clinical application in SD diagnosis but also paves the way for further exploration of non-amyloid biomarkers in other
neurodegenerative disorders. However, future work is needed to test the model’s performance on larger and more diverse datasets
to further validate its generalizability across populations.

The Bi-Transformer model's application for the early detection of Schizophrenia disease (SD) using blood plasma biomarkers has
yielded remarkable results, demonstrating high performance across multiple metrics. The findings show that the model is capable
of accurately distinguishing between healthy individuals and those in the early stages of Schizophrenia, offering a non-invasive
and cost-effective alternative to traditional diagnostic methods like MRI and PET scans. The use of blood-based biomarkers in
conjunction with deep learning techniques, such as the Bi-Transformer model, provides a promising approach to improving early
diagnosis.

One of the key strengths of the Bi-Transformer architecture is its ability to capture long-range dependencies and complex
relationships between biomarkers, which may be missed by traditional machine learning methods. This feature has allowed the
model to achieve impressive accuracy, precision, sensitivity, and specificity, as demonstrated in Table Il and visualized in Figures
Il and 1V. The consistency between training and testing accuracy, coupled with the steady decrease in loss, highlights the model's
robustness and reliability. The ROC curve (Figure V) and the precision-recall curve (Figure V1) further confirm the model’s
ability to distinguish between Schizophrenia and healthy cases with minimal false positives or negatives. These results are crucial
for reducing the risk of misdiagnosis and ensuring timely interventions for individuals in the prodromal stage of Schizophrenia
disease.

Confusion Matrix Heatmap
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Figure VII: Confusion Matrix for Schizophrenia vs. Healthy Subject
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Comparing the model's performance across different mental disorders in Table Ill, the Bi-Transformer model consistently
outperformed traditional methods, particularly in detecting Schizophrenia disease. This success can be attributed to the model's
ability to handle high-dimensional biomarker data effectively. The confusion matrix (Figure V1) illustrates how the model excels
in minimizing classification errors, which is essential in clinical settings where accuracy is paramount. While these results are
promising, there are certain limitations that must be acknowledged. First, the model was trained on a relatively limited dataset,
which may affect its generalizability to more diverse populations. Second, although the blood plasma biomarkers analyzed in this
study are promising, further validation is required to confirm their efficacy across different demographic groups and stages of
Schizophrenia disease. Addressing these limitations in future research will be critical for translating this model into real-world
clinical applications.

V. CONCLUSION

In conclusion, the Bi-Transformer model demonstrates significant potential for improving the early detection of Schizophrenia
disease through the use of blood plasma biomarkers. With its high accuracy, precision, sensitivity, and specificity, the model
offers a powerful tool for clinicians to diagnose Schizophrenia in its early stages, well before traditional amyloid-based
diagnostics can do so. By leveraging the capabilities of bidirectional attention mechanisms, the Bi-Transformer model can capture
the complex and subtle patterns present in biomarker data, making it a valuable alternative to more invasive and expensive
diagnostic procedures. The findings of this study underscore the potential of deep learning techniques, particularly transformer-
based architectures, in revolutionizing the field of medical diagnostics. The use of blood-based biomarkers as a diagnostic tool not
only enhances accessibility but also provides a more patient-friendly method for early Schizophrenia detection. This research
highlights the need for continued exploration of non-amyloid biomarkers and deep learning models to further improve diagnostic
accuracy and enable timely interventions.

Despite the promising results, there are several areas where future research can further advance the capabilities of the Bi-
Transformer model and its clinical applicability. First, expanding the dataset to include more diverse populations, particularly in
terms of ethnicity, gender, and age, will help ensure that the model can generalize well across different groups. Additionally, the
inclusion of larger datasets with longer longitudinal data would enable the model to better predict disease progression and assess
its potential for monitoring Schizophrenia over time. Second, exploring other blood-based biomarkers, including newly
discovered non-amyloid proteins, could further enhance the model’s performance. Integrating multi-modal data, such as
combining blood biomarkers with genetic information or neuroimaging data, could also improve the model’s diagnostic accuracy
and provide a more holistic view of Schizophrenia disease progression.

Third, there is a need for real-world clinical trials to validate the model’s effectiveness in practice. These trials should focus on
evaluating the model's usability, scalability, and integration into existing healthcare systems. Moreover, future work could focus
on refining the model’s architecture to optimize computational efficiency, making it more feasible for use in clinical
environments where rapid diagnostics are critical. Finally, exploring the application of transformer-based models to other
neurodegenerative diseases could open new avenues for early diagnosis and treatment of conditions like Parkinson’s disease,
multiple sclerosis, and frontotemporal dementia. By continuing to build upon the success of the Bi-Transformer model, further
research can help realize the full potential of artificial intelligence in improving patient outcomes and transforming medical
diagnostics.
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