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Abstract: Parkinson's disease (PD) is the second most common neurodegenerative disorder,
characterized by the gradual deterioration of dopamine-producing neurons. The main challenge of
diagnosing this disease is that physical changes in the brain begin before the patient shows outward
symptoms. This leads to the necessity of developing early methods for the detection of this disease.
Therefore, with the proposed model, we aimed to significantly improve the early classification of PD
using MRI scans by capitalizing on advanced Artificial Intelligence (AI) and Deep Learning (DL)
techniques. Our goal of the proposed model was to develop a robust medical decision-support system
that enhances the diagnostic precision and supports prompt clinical intervention strategies. The method
proposed was a modified EfficientNet DL model combined with the reinforcement learning
optimization. This approach enabled a dynamic adjustment of model parameters to effectively
minimize the misclassification rates while differentiating MRI scans of PD patients and healthy
individuals. Certain performance metrics were used to calculate the performance of the proposed
detection model. The results showed that the research achieved high precision, recall, and F1-score
values with 98% accuracy for both classes. In the patients (class 0), the precision rate was 95%, the
recall rate was 96%, and the Fl-score was 98%. Similarly, for healthy individuals (class 1), the
precision rate was 93%, the recall rate was 97%, and the F1-Score was 96%. Thus, the proposed
EfficientNet model revealed significant enhancements in the diagnostic performance compared to the
standard methods. The innovations outlined in this study emphasize the transformative power of Al in
enhancing diagnostic predictions. Moreover, the convergence of a DL based EfficientNet model and
reinforcement learning based metaheuristic optimization establishes a prospective implementation of
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predictive analytics in managing high-risk PD with the defined objective of optimizing the patient
outcomes within the field of neurology.

Keywords: EfficientNet; deep learning; PD; magnetic resonance imaging; artificial intelligence;
reinforcement learning optimization

1. Introduction

In people with Parkinson's disease (PD), the motor symptoms of the body are apparent only when
60—80% of dopamine [1-3] producing cells are weakened. In addition, the number of persons with
PD [4] is rising due to the world's population growth, which is placing a significant financial strain.
The symptoms worsen over time due to its chronic, degenerative, and progressive nature. However, no
treatment has been found to fully eradicate PD after the onset of the illness. Research has been in
progress to provide patients with a better quality of life and control the gradual loss of dopaminergic
neurons [5] with early identification of PD as a crucial step.

The early detection of PD can suppress the symptoms and prolong the life expectancy of PD
patients. These patients' clinical diagnoses show a variety of motor and non-motor symptoms.
Numerous studies have suggested that there is a higher frequency of males as PD patients than females.
By 2030, there will be twice as many PD sufferers, according to particular estimates [6,7]. Moreover,
magnetic resonance imaging (MRI) [8—-12] can detect structural alterations in the brain caused by
dopamine insufficiency in PD patients before symptoms become noticeable. The diagnosis of PD may
be based on structural abnormalities in the brain. Brain MRI scan [13] analysis is the most commonly
utilized diagnostic standard for the early diagnosis of PD. The anatomical information that the MRI
scans reveal about the brain's subcortical structures is further examined to look for any aneurysms [14,15],
which is beneficial for the early detection of an illness. However, the task becomes difficult when
analyzing the key biomarkers in the studies [16—19] and complex structures of subcortical tissues from
the studies [20—22]. Although ML [23-25] methods have provided good initiation to image processing,
they fail when it comes to complex images such as MRI brain scans [26]. DL algorithms [27,28] have
provided better results for image processing and computer vision tasks [29]. The DL model’s ability to
self-learn and generalize [30] over a huge volume of data plays an important role in the automation of
the decision-making process. Hence, the application of DL in classifying medical images [31] has
gained a lot of interest in the research pursuit.

Correspondingly, researchers have investigated the morphological changes in the brain associated
with PD, which is a relatively less explored approach. Furthermore, there has been no established
system reliable for assessing the stages of PD based on imaging technology such as MRI. The study
included 134 patients, categorized into test sets and training sets. The dataset included structural MRI
scans [32] and evaluations based on neuropsychology. The method achieved better accuracy through
the use of feature selection. An ML method was developed utilizing an SVM, and the ML method
demonstrated improved and optimal efficacy in detecting the severity of PD [33].

In research, A 3D-Convolutional Neural Network (3D-CNN) architecture was created after the
data was pre-processed to learn the complex patterns [34,35] in the MRI scans to detect PD. The 3D
CNN [36] model outperformed the other traditional models, achieving a recall of 94.3%, a precision
of 92.7%, an fl-score of 93.6%, a specificity of 94.30%, and an accuracy of 95.29%, which is better
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than most methods. However, the model needs to improve the complexity of analysis to utilize a huge
dataset to predict PD [37]. A Conventional method utilizes CNN [38—40] and trains it with multiple
segmented brain portions. An algorithm has been introduced to amalgamate the methods from
individual portions into a more complex model. The study involved a total of 305 PD patients with an
average age of 59 years and 227 healthy control subjects with an average age of 61 years. The algorithm
demonstrated a prediction accuracy of 94.1% when combining the fractional anisotropy from 22
regions [41].

Research indicates that PD patients often reach a dangerous stage by the time they are diagnosed.
To facilitate early diagnosis, new methods are continually being explored by researchers. A
conventional study suggests using DL methods to diagnose PD and multiple system atrophy and to
distinguish healthy individuals. The data for the conventional study was sourced from Istanbul
University Cerrahpasa Faculty of Medicine Hospital. The original MRI scan processing was
supervised by the doctors from the sourcing hospital. Conventional research has been aimed at
enhancing the neural network to achieve better results in image analysis and disease detection.
Although the system is suitable for the detection of characteristics associated with PD, it needs
improvement in the augmentation of large datasets and the precision of classification. However,
important indicators such as accuracy and performance metrics should be improved [42].

1.1. Motivation

PD drastically affects the quality of people, especially in middle and older age, at which the health
of an individual is very important. The manifestation of PD increases with time almost irreversibly and
cannot be cured. However, early detection can mitigate the effects of PD and prolong the life
expectancy of PD patients to a considerable extent. For the prior detection of PD, MRI is the most
preferred tool, which can image the most complex structures of the brain. The morphological changes
of the brain occur before symptoms. However, the availability of skilled professionals, time, and cost
is very limited. Hence, many researchers turn to use Artificial Intelligence, particularly DL models, for
the classification of normal and PD patients with MRI scans. However, the conventional system often
fails to provide adequate accuracy and overall reliability in PD detection. Thus, the proposed model
uses Deep Learning and Metaheuristic Optimization Algorithms to classify the MRI scans into PD-
affected cases and normal individual scans. The PPMI dataset is utilized in this study to train and test
the proposed system. The Modified EfficientNet with Feature Sculptor Spatial Net by Crafting
Precision through Layers algorithm is utilized for the classification process, which results in better
performance. Additionally, the Reinforced Learning Optimization Algorithm for feature Optimization
enhances the accuracy of the proposed system. The proposed system provides better performance in
the binary classification of PD.

1.2. Research contribution

e To perform feature extraction using CNN for extracting relevant features required for the
proposed model.

e To implement the proposed feature optimization using a deep reinforcement learning approach
to continuously modify characteristics according to input received for enhancing the
performance of the model.
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e To perform binary classification of PD using the proposed EfficientNet layer, where Feature
Sculptor Spatial Net is used to classify the healthy individuals from Parkinson patients.

e To assess the performance of the proposed framework using metrics such as accuracy, recall,
precision, and F1 score.

The structure of the article is organized as follows to effectively project the proposed PD
classification: In Section II, we present an analysis of traditional research in the field. The methodology
implemented in the proposed research is outlined in Section III. Following this, in Section IV, we
illustrate the results achieved by the respective model. We conclude the paper in Section V, which
discusses the conclusion and future work of the proposed method.

2. Literature review

PD is a neurodegenerative condition that mostly affects the elderly population. PD is
characterized by the progressive degeneration of dopaminergic neurons present in the substantia nigra
pars compacta. As the disease progresses, patients experience mobility issues such as tremors, slow
movement, and problems with balance and posture. These symptoms gradually increase over time. The
most effective way to manage PD is through early detection. However, the prior identification process
is often limited by a shortage of skilled professionals. Moreover, the rapid advancements in Al and ML
technologies [43,44] have enabled automatic image analysis, but often lack complexity in the
algorithms to handle complicated data, such as MRI scans, and are limited by scalability. They are
particularly well-suited for handling complex decision-making tasks, especially in the field of image
classification [45]. Moreover, this study has highlighted the need to integrate some advanced ML
methods that can surpass the complexity and variability of the clinical MRI scans to enhance the
accuracy of diagnostics and clinical implementation. It has been also insisted to improve the medical
imaging algorithms to ensure their application in the real-world clinical structures [46]. In research,
efforts have been made to categorize MRI images of healthy individuals and those with PD utilizing a
DL neural network. The CNN architecture, AlexNet [47,48], is employed to enhance the diagnosis of
PD. The MR images are trained using a transfer learning [49,50] network and tested to determine
accuracy measures. This system has achieved an accuracy rate of 88.9%. Additionally, Dl models have
the potential to assist medical professionals in diagnosing PD. However, the system should provide a
more objective and improved classification of PD [51]. In research, two innovative approaches
utilizing DL methods have been employed, such as 2D and 3D CNN trained on MRI scans in the axial
plane. The dataset has been assembled using images from the PPMI, with a total of 318 MRI scans
used for training and testing 2D [52,53] and 3D CNN models. The 3D model has been successful in
learning crucial features from the data and managed to classify the test data with an accuracy of 88.9%.
On the other hand, the 2D model achieved an accuracy of 72.22%, which indicates that there is a need
to improve the accuracy of the targeted research problem [54].

Similarly, it has been stated that the diagnosis and segmentation of the brain tumors and other
neuro diseases start with a non-invasive imaging technique known as MRI. As there is a need for
human intervention, there is an increased risk of diagnostic misinterpretation. Thus, developing robust
automated neuro disease detection techniques has been widely considered over the past years [55]. The
research explores the potential of ML in diagnosing PD, with a focus on identifying the non-motor
symptoms that manifest early in the disease's progression. The existing system aims to detect the
symptoms at the initial stages to prevent the disease from advancing. For the classification of PD, the
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method utilized Classification and Regression Trees, ANN [56], and SVM [57,58] in the experiments.
However, the system needs to improve in the complexity of data processing and feature
optimization [59]. Determining the levels of PD and predicting its development is a crucial process.
Moreover, the application of supervised and unsupervised Al and ML techniques to clinical datasets
to classify image data is utilized in the research. The approach aimed to accurately diagnose PD,
identifying its stage, and predicting its course. The results indicated that the CNN model based on MRI
could serve as an effective method for differentiating PD levels with a considerable accuracy of 0.94.
However, the system lacks diversity in the of datasets and performance metrics [60]. Moreover, the
results of the study outlined the effectiveness of MVO-based CNN VGG16 and ResNet50 models for
the classification of brain tumors from the MRI images. In the future, the examinations could include
the applicability of DL models in addressing the multiclass issues and the clinical limitations [61].
Correspondingly, the study has dealt with a smaller part of the brain image with a simple and efficient
Cascade Convolutional Neural Network (C-ConvNet/C-CNN) technique. This CNN-based model has
enhanced local and global features of the method [62].

Research presents two DL-based frameworks, namely feature-level and modal-level, designed to
classify subjects into PD and healthy categories. These classifications are based on MRI scans that are
T1 weighted, SPECT, and CSF-featured datasets. The formation of the heterogeneous dataset for the
feature-level framework differs from that of the modal-level framework, even though both datasets
comprise neuroimaging and biological markers [63]. The feature-level framework, using CNN,
achieved a maximum accuracy of 93.33%. In contrast, the modal-level framework recorded an
accuracy of 92.38%. The system needs to improve in overall accuracy and other performance
metrics [64]. The importance of textural and morphological analysis is substantial as it enables the
quantification of grey-level patterns and the establishment of relationships between pixels within
specific regions of interest. Three unique gait datasets, which include VGRF collection for various
walking scenarios, are utilized to train the LSTM [65] network. To prevent overfitting [66] of data, the
system incorporates L2 regularization and dropout methods. However, the system needs to improve in
the image preprocessing and extraction to avoid the impact of noisy data on the results [67]. Eventually,
the considered study has utilized a CNN-based model for exploring the descriptions from the brain
tissue from the four input patches. Overall, the method has outperformed the classical methods with
the dice score and recall [68].

Correspondingly, the effectiveness of the method MGWO-eP is examined by the benchmark
optimization function in order to reach the global optimum. Following this, the model has achieved
overall accuracies of 96.30% (with voting), 94.45% (with random forest), and 98.31% (with voting)
by surpassing the GWO and PSA models [69]. Additionally, the researchers have identified the
biomarkers using these techniques by offering some perceptions for improving the diagnostic process.
The discussion has included different data formats of ML and DL methods in the diagnosis of PD [70].
Accordingly, a comparative analysis was performed by the model for measuring the effectiveness of
the dual-target stimulation with respect to the single-target stimulation. The dual-target stimulation
method has demonstrated approximately 83% accuracy in the tremor amplitude and 76% accuracy in
the produced electrical field intensity (EF1) [71].

There is a method that utilizes deep convolutional neural networks to categorize MR images of
healthy individuals and those diagnosed with PD. The approach implements a DCNN classifier that
integrates data augmentation and transfer learning methods to enhance the classification process. The
dataset is a collection of 504 images, of which 360 images have been used for data augmentation. The
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results indicate that fine-tuning the final layers provides 89.23% accuracy [72]. Likewise, in the study,
the utilized pretrained YOLOvVS8-L model achieved 0.269 IoU by sustaining classic object detection
models such as Mask R-CNN and Faster R-CNN [73]. The performance of SVM, RF, KNN, and
Logistic Regression models has been compared for classification results. The RF classifier developed
as the optimal machine-learning technique for PD detection. The model demonstrated an accuracy of
91.83% and a sensitivity rate of 0.95 [74].

Sequentially, the study has presented a framework that utilizes blockchain technology for
improving the segmentation in medical imaging. The researchers addressed the issues related to data
security, such as data privacy, annotation accuracy, and collaboration [75]. The dataset size utilized in
neuroimaging studies for Alzheimer's disease varies by limiting the generalizability of findings due to
small sample sizes and diverse participant characteristics [76]. The analysis included 59 FDA-cleared
Al algorithms for neuroimaging; however, the generalizability of these findings may be limited due to
the lack of clinical validation confirming the advertised value propositions in real-world practice [77-79].
The paper highlights Al applications in multiple sclerosis but does not specify dataset sizes; thus, the
generalizability of the findings may be limited due to a lack of clinical validation and the need for
improved model interpretability and transparency [80—83].

Research gap

REF AIM/OBJECTIVE METHODOLOGY APPLICATIONS LIMITATIONS

[46] To compare BraTS with ~ Comparative data ~ Has highlighted the =~ Limited accuracy

real clinical dataset analysis. challenges of due to selection bias
features. clinical data
diversity.
[61] To develop a high- Optimized combined Has classified MRI  Prone to overfitting
accuracy MRI VGG16 and images as tumor or  on specific datasets
classification method. ResNet50 models non-tumor.
with MVO.
To develop a fast and Partial pre- Has reduced the Vulnerable to the
[62] effective brain tumor processing, C-CNN  computation time variability of input
segmentation system.  model, and Distance- and improved data
Wise Attention. segmentation
accuracy.
[73] To examine the Pretrained vs. non- Has improved Required quality
pretraining impact on  pretrained YOLOv8  tumor localization data and high
YOLOvV8 model models. model’s accuracy  computational power
performance. via pretraining.
[75] To improve tumor Blockchain and Cancer diagnosis,  High computational
segmentation and smart contracts treatment planning, demands and
clinical data security and medical Al dependent on
development specific data
protocols

Mathematical Biosciences and Engineering Volume 23, Issue 4, 813-844.



819

2.1. Problem identification

e The performance of a model is often assessed by its accuracy, which is an important metric.
Although numerous researchers have aimed to achieve efficient PD classification, they often
fall short in terms of the accuracy metric [51,54,72].

e The conventional model employed a framework based on CNN for PD classification, using
neuropsychological and MRI images but was limited by the complexity of the data [38—40].

e Several research methods using DL algorithms to detect PD lack a diversity dataset used for
training and the preprocessing methods to enhance the performance and optimize the training
time [59,60].

3. Proposed methodology

PD can vary widely from person to person, and it is challenging to provide the ranking of severity
across the world. It is necessary to detect disease earlier to avoid future consequences. The
identification of PD without using advanced models can be a time-consuming process and can be prone
to human error. To tackle the issue, traditional researchers have utilized Al-based technology for the
automation of PD classification. However, classical systems face some challenges like accuracy, over-
fitting of data, and scalability. To resolve the issue, the proposed model utilizes a particular procedure
for PD classification. Figure 1 signifies the design flow of the proposed model.

Load the Dataset Feature Optimization
* Parkinson Progression 2 x
Reinforced Learning
Markers Initiative Dataset Optimization Algorithm
l v

Preprocessing

Classification model

Feature Sculptor Spatial
Net By

Crafting Precision
1 Through Layers

Image enhancement
Image Resizing

Feature Extraction PreNeBon Cldss

Image Feature Extracted

Healthy and PD
; g ; Performance metrics
Train Test Split
Accuracy, Recall, F1 score,
Training 80% and Testing 20% Precision.

Figure 1. Design Flow of the Proposed Model.

Figure 1 is the simplified workflow of the proposed PD classification system. The diagram
illustrates the three-stage pipeline such as MRI preprocessing, Feature Sculptor Spatial Net (FSSN)
with Reinforcement Learning Optimization Algorithm (RLOA), and binary classification. This
streamlines the integration of DL and reinforcement learning for accurate PD detection.
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3.1. Pre-processing

Pre-processing is used in the proposed system using the Feature Sculptor Spatial Net Layers for
classifying the healthy individuals and those with PD with the Parkinson’s images to prepare the
dataset for the classification. Here, two types of pre-processing techniques are used: image
enhancement and image resizing. In this structure, two subcategories of the pre-processing techniques
are utilized for improving image quality and adjusting image size. These methods are essential for
enhancing the quality and structure of the images as well as for guaranteeing ideal input for future
classification algorithms. Enhancement of the images is important for the classification, whereas
resizing the images can ensure consistent dimensions. Precise pre-processing procedures are important
for improving the model's capability to classify Healthy and PD categories of PD images.

3.1.1. Image enhancement

The image enhancement process involves several steps for optimizing the input images for more
an accurate feature extraction. At first, the contrast stretching is applied for adjusting the image
intensity levels, which increases the difference between the foreground and background. Then,
sharpening techniques are used to highlight the edges by emphasizing high-frequency components of
the image. Noise reduction algorithms, such as Gaussian filters or median filtering, are employed to
reduce unwanted noise and artefacts. Histogram equalization is performed to adjust the image’s pixel
intensity distribution for improving the contrast and visual clarity. These enhancements result in a
clearer and a distinguishable image in order to allow the EfficientNet model to focus on critical features
during the classification process. The combination of these techniques ensures that the network
processes high-quality images by maximizing the model's accuracy and efficiency.

3.1.2.  Image resizing

In the proposed method, the image resizing process involves a series of steps designed to optimize
feature extraction and improve model performance. Initially, the original image is captured or loaded
into the system. To maintain visual consistency, the aspect ratio of the image is preserved during the
resizing by preventing any distortion in the spatial features. The image is then resized to a target size
0f 300x300 pixels using interpolation methods such as bilinear or bicubic interpolation. Following this,
the pixel values are normalized, typically scaled between 0 and 1 based on the dataset’s mean and
standard deviation. To enhance dataset diversity and model robustness, the data augmentation
techniques are applied. If necessary, RGB images are converted to grayscale. Finally, the resized and
processed image is transformed into feature maps that are compatible with the EfficientNet architecture.

3.2. Feature extraction

Feature extraction is employed using Convolutional Neural Networks. Though there are various
models, the proposed model uses CNN for feature extraction because, CNN-based feature extraction
can eliminate the errors. Convolutional Neural Networks play a crucial role in the PD classification
process due to their ability to process complex data and identify relevant patterns effectively. CNNs
are designed to automatically extract the hierarchical features from the input data, by applying
convolutional filters and pooling operations across multiple layers. These extracted features represent
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essential characteristics of the data for enabling the model to distinguish healthy individuals and
Parkinson's patients. In CNNs, the convolutional layers are applied to detect the spatial patterns, that
reduce dimensionality while preserving critical information. As the network deepens, it captures the
abstract features, which are pivotal for accurate classification.

3.3. Data splitting

Data splitting involves dividing the dataset into training and testing subsets to evaluate the
classification model's effectiveness with the new data. The ratio is set at 80:20, with 80% for training
and 20% for testing. This proportion helps the model to learn from various examples during the training
and assess its ability to generalize to unseen data during testing. The training data is used to teach the
Feature Sculptor Spatial Net to detect important characteristics from input images and to reduce the
prediction errors. The model's performance is evaluated with testing data, particularly in classifying
the PD images. Proper data splitting is vital to prevent the over-fitting and ensure the model's accuracy
with new data. Using an independent testing dataset helps researchers to gain reliable evaluation of the
model's actual performance.

3.4. Feature optimization: Reinforced learning optimization algorithm

In the described system, the Reinforced Learning Optimization Algorithm (RLOA) for feature
optimization follows a series of important steps in the working process. In the system mentioned,
feature optimization involves the improved features extracted by the CNN to enhance classification
performance. This process includes using a RLOA to continuously modify the characteristics
according to the input received. Reinforcement learning principles help the algorithm maximize the
cumulative reward by modifying the parameters of the Feature Sculptor Spatial Net to enhance its
efficiency. Figure. 2 signifies the feature optimization method of the proposed system.

Input Batch

| EfficientNet Base |—-| Feature Maps I —I Channel Attention Module

O

Environment Interaction

)

I State: Current Feature Maps
I w— ?
Action: Attention R :
i

Parameter Adjustment I Lizent/Eolicylctnoric I

] I I Next State:
é I Spatial Attention Module I T T

Refined Features | MR | —]

Classification
Head \
Reward Calculation
Experience Memory/Buffer I—-l Policy Update |—

i

Prediction

Figure 2. Reinforced Learning Optimization Algorithm.
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Figure 2 shows how the RL agent dynamically adjusts the attention parameters in the Feature
Sculptor Spatial Net (FSSN) using reward feedback. This adaptive mechanism optimizes
discriminative features for PD classification, directly addressing limitations of static feature extraction
in prior work.

The RL agents select the actions for modifying the attention parameters, assisted by a reward
system, which assesses the performance of alterations. The above feedback loop permits continuous
learning via reward calculation and policy updates, enhancing the decision-making of the agent after
a certain time. Also, the experience memory saves the earlier interactions to increase the learning
effectiveness. The refined features are further transferred to the classification head, providing the final
forecasting. Hence, the dynamic environment interaction raises the effective training, with an RL agent,
unconventionally optimizing attention mechanisms. The fusion of spatial and CAM enables the
précised feature refinement, whereas the policy network assures adaptive learning without manual
interpolation. Eventually, the RL results in enhanced classification performance, as the model
iteratively adapts for more robust and generalized feature representations. Therefore, the process is
described as follows:

e Input Batch: The process starts with an Input Batch, which is fed into the EfficientNet Base.

e EfficientNet Base: The EfficientNet Base processes the input and generates Feature Maps.
EfficientNet-B3 is a network model with unique features whose design benefits from the
experience of other good neural networks.

e Feature Maps: The generated Feature Maps are then passed to a CAM.

e Channel Attention Module (CAM): The CAM assigns weights to the feature maps of each
channel to improve the response of important channels.

e Environment Interaction: The feature maps from EfficientNet Base also enter the "Environment
Interaction" block, which is central to the reinforcement learning aspect of the system. The
current State is defined as the "Current Feature Maps".

e RL Agent/Policy Network: An RL Agent/Policy Network interacts with the environment.

e Spatial Attention Module (SAM): The SAM assigns weights to the feature maps of each spatial
location to improve the response of important locations.

e Next State: The output of the SAM is the Next State, which is labelled as "Transformed
Features".

e Reward Signal: A Reward Signal is generated based on the transformation.

e Reward Calculation: The reward Calculation block is connected to the Next State and feeds
into the Reward Signal.

e Action: Attention Parameter Adjustment: The RL agent takes an Action to adjust the attention
parameters. This action influences the Spatial Attention Module and, through multiplication
with the output of the Channel Attention Module, refines the features.

e Refined Features: The refined features are then passed to a Classification Head.

e C(lassification Head: The Classification Head processes the refined features to produce a
Prediction.

e Policy Update: The Experience Memory/Buffer stores the experiences, and the Policy Update
block uses these experiences to update the RL agent's policy.

Therefore, the integration of the DRL process in feature optimizations aids in better performance
of the model, which can also assist in an effective classification mechanism.
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3.5 Classification mechanism

The method "Feature Sculptor Spatial Net by Crafting Precision through Layers" is an advanced
technique for categorizing PD into groups like Healthy and PD within a CNN structure. It involves a
diverse approach that includes extracting features by analyzing the spatial data, and designing the
layers with the precision. The idea of "Feature Sculptor" highlights the importance of identifying and
molding the relevant characteristics found in the medical images related to the PD, such as complex
designs and surface qualities. The addition of "Spatial Net" indicates the integration of spatial
processing layers, such as convolutional layers for capturing the spatial relationships in the images.
This allows the model to differentiate the spatial distributions of important features. Furthermore, by
focusing on "Crafting Precision through Layers," the approach guarantees a careful planning and fine-
tuning of network layers in the classification. The thorough incorporation of these elements is focused
on obtaining precise and dependable classification outcomes, leading to enhanced diagnosis and
treatment of PD. By utilizing advanced CNN architecture and precision-focused techniques, the
methodology tackles the intricacies of PD classification to improve diagnostic capabilities and benefit
patient outcomes.

3.5.1. Traditional EfficientNet

In 2019, Google researchers created EfficientNet, a revolutionary Convolutional Neural Network
architecture tailored to enhance the trade-off between computational efficiency and model performance
for image classification tasks. It provides unique benefits for a range of uses by increasing the
network’s depth, width, and resolution. By utilizing its ability to scale and perform well, the
EfficientNet offers a potential way to effectively classify medical images like "healthy" and "PD”. The
architecture of the classical EfficientNet is mentioned in Figure 3.
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Figure 3. Architecture of the Conventional Efficient Net.
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Figure 3 depicts the traditional efficient net architecture when applied to the Parkinson's Images
Dataset into Healthy and PD groups. This is followed by the structured sequence for the feature
extraction and manipulation. The process begins with the Parkinson’s Images Dataset, containing the
input images that depict various presentations of the PD. The first layer applies a 3%3 convolution
(Conv 3x3) to the detect fundamental features like edges and textures. This is followed by the
MBConvl1 3x3, by representing a MobileNetV2 inverted bottleneck convolution with a 1x expansion
factor for performing depth-wise separable convolution and point-wise convolution to capture basic
features. The network then utilizes MBConv6 3x3for enhancing the feature representation with the
depth-wise separable convolutions and point-wise convolutions. This is repeated with another
MBConv6 3x3, for further enriching the feature extraction. The model incorporates MBConv6 5%5,
using a larger 5x5 kernel to capture broader spatial patterns, followed by additional layers with the
same 5x5 kernel to deepen the spatial feature extraction. The process continues with the multiple
MBConv6 3x3 layers to refine and extract the detailed features using the MBConv6 5x5 layers to
maintain spatial context. This iterative feature extraction strategy can ensure the comprehensive
learning of complex patterns associated with the PD. The final layer aggregates the refined features to
produce the classification outputs in order to provide the predicted labels or probabilities for each
image to categorize them as Healthy and PD.

Algorithm. I. Existing EfficientNet
Input : PPMI Dataset {a; ,a,,...a,},q =
1.00w=1.1
Output : Classification {c; , c,, ... ¢}
for each image {a, ,a,,...a,} do
ppmi dataimage = image ( ppmi);
layers, = convlayer3(ppmi dataimage)
layer,¢ = MBconv1llayer3(layers,)
layer,, = MBconvélayer3(layer;¢)
layer,, = MBconvé6layer5(layer,,)
layerg, = MBconvé6layer3(layer,)
layer,1, = MBconvé6layer5(layerg)
layer;9, = MBconvé6layer5(layer;;,)
layer;,o = MBconvé6layer3(layer;o,)
layer1;,, = convlayerl(layers,)
layer2;,, = Pooling(layer1;,)
layer,,go, = FClayer(layer2;,4)
layerl;,g0 =
GlobalavgPoolinglayer( layer;,gq)
C1,Cy, ...Cg = softmax(layerl;,gg)
end

Commonly, the Efficient Net structure enables efficient and successful extraction of features,
which helps its performance in classifying PD using medical images. Efficient Net provides multiple
important benefits that make it a strong option for classifying PD. First, by optimizing the trade-off
between performance and computational efficiency, it achieves high accuracy with minimal
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computational resources. This effectiveness is especially advantageous in medical fields, where there
may be a high presence of computational limitations. Moreover, Efficient Net’s ability to scale enables
it to be easily tailored to different kinds of hardware, guaranteeing flexibility when being used in
various settings. Furthermore, its proven exceptional performance in standard image classification
challenges, particularly in medical datasets, highlights its ability to accurately identify PD using
medical images.

Although EfficientNet has multiple benefits, it comes with some restrictions and difficulties.
Significant computational resources may be needed for training and fine-tuning due to the inherent
complexity, particularly when working with large datasets or complicated classification tasks.
Furthermore, understanding the internal representations acquired by EfficientNet may present
difficulties, potentially impeding our comprehension of how it makes decisions. The potential
restriction in medical applications due to a lack of interpretability may limit its usefulness in domains
where transparency is important.

3.5.2. Proposed EfficientNet System: Feature sculptor spatial net by crafting precision through layers

The traditional EfficientNet models, while efficient, face limitations such as reduced adaptability
to complex datasets and insufficient feature refinement capabilities. Their fixed scaling approach often
struggles to capture intricate spatial relationships and detailed patterns. Thus, the proposed Feature
Sculptor Spatial Net enhances EfficientNet by integrating dynamic spatial attention mechanisms for
precise feature extraction. This model enables adaptive focus on significant image regions, improving
accuracy and robustness, especially for complex image classification tasks. The advantages of the
Proposed EfficientNet include enhanced feature refinement, dynamic spatial attention for adaptive
learning, superior accuracy in complex datasets, efficient scalability, and reduced overfitting, making
it more reliable and effective compared to traditional models.

PAM-

Conv3x3 Fused
Stride 2 MBConvl
|| Stride = 1

x
\

PAM-
Fused
MBConv4
Stride = 2

ECA
MBConv4

ECA ECA
MBConvé »| MBConvé
Stride =2

Stride 2 /| Stride=1
/

-
&
2
S

Figure 4. Architecture of the Proposed Efficient Net.

Figure 4 depicts the proposed efficient net for brain MRI scan classification begins with the input
Layer, where a pre-processed grayscale MRI scan is fed into the network. These pre-processing steps
include skull stripping, bias field correction, and intensity normalization to standardize the images,
ensuring consistency and enhancing the model's performance. The process progresses to Stage 0
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(Initial Feature Extraction), where a 3x3 Convolutional Layer with a Stride of 2 acts as the primary
feature extractor. This layer captures local patterns such as edges and textures while reducing the
image’s spatial dimensions, thus decreasing computational complexity and expanding the receptive
field for subsequent layers. In Stage 1 (Feature Refinement and Attention), the model incorporates
PAM-Fused MBConv Modules for early feature refinement. The Positional Attention Module (PAM)
calculates spatial attention weights, emphasizing diagnostically relevant regions within the MRI scan,
which is followed by MBConv, which utilizes depth-wise separable convolutions and an inverted
residual structure to enhance efficiency. These modules, supported by batch normalization and
activation functions like ReLU or Swish, help in learning robust features. The stride varies across these
modules starting with stride 1 to preserve spatial resolution for fine details and transitioning to stride
2 for down-sampling in deeper layers.

As the model progresses, ECA MBConv Modules further refine the features by introducing
Efficient Channel Attention (ECA). This mechanism assigns importance to informative channels while
suppressing less relevant ones, improving the representational capacity without significant
computational overhead compared to other attention mechanisms like SE blocks. The consistent use
of MBConv structures with residual connections ensures efficient learning throughout the network.
Hierarchical feature learning is achieved through the repetition of these modules, capturing low-level
details (edges, textures) and high-level patterns. The architecture then moves to the Final Layers, where
a 1x1 Convolutional Layer reduces dimensionality. This prepares the data for the Fully Connected (FC)
Layer, which performs the final classification. A SoftMax activation function generates probability
scores for the two output classes: Healthy and Parkinson’s. The Output Layer produces two probability
scores, indicating the likelihood of the MRI scan belonging to each class. The class with the higher
probability is chosen as the predicted diagnosis. The network is trained on labeled datasets of brain
MRIs from healthy individuals and Parkinson's patients, utilizing binary cross-entropy loss functions.
Equation 1 shows the application of the attention mechanism N(G) to the input feature map G, resulting
in an enhanced feature map G'. Furthermore, Equation 2 applies a second attention mechanism N(G')
to the previously enhanced feature map G' for further refinement.

G'=N.(6) ® G,y (D
Gu — NS(GI) ® Gl (2)

The input feature map, denoted as G, is processed through various attention mechanisms to enhance
feature representations. The mathematical term of ECA is given below in equations 3 and 4. Equation
3 defines the ECA (Efficient Channel Attention) mechanism, combining average and max-pooled
features processed through MLPs to generate channel attention weights, whereas equation 4 has given
an alternative definition of ECA using bottleneck structures to refine the average and max-pooled
features by outputting attention weights.

Ne(6) = o (MLP(AvgPool(G)) + MLP(MaxPool(G))) 3)
where AvgPool(G) and (MaxPool(G)) denote the average and max pooling operations to the

feature map G, respectively, capturing global and dominant features. MLP denotes the Multilayer
Perceptron for processing the pooled features through fully connected layers to learn complex relationships.
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Nc(G) = 0(B1(Bo(Gavg)) + B1(Bo(Gmax)) 4

where B;, By denote the bottleneck structures or additional layers to further refine features, and o
outputs the attention weights, emphasizing important channels and suppressing irrelevant ones.

The mathematical term of Spatial Attention Mechanism (SAM) is given below in equations 5 and
6. Equation 5 defines the SAM, concatenating average and max-pooled features and applying a 7x7
convolution to generate spatial attention weights.

Ny(G) = o(f 7" ([AvgPool(G); MLP(MaxPool(G)])) %)

where AvgPool(G) and MaxPool(G) denote the average and max pooling across spatial
dimensions to capture global and local spatial information, and f7*7 denotes a convolutional
operation with a 7x7 kernel to model spatial dependencies effectively. Equation 6 illustrates the
concatenating average and max pooled features across spatial dimensions, applying a 7x7 convolution.

Ns(6) = o(f " ([Gavg: Gimax])) (6)

where ¢ is the sigmoid activation which produces spatial attention maps and Concatenation ([ ])
combines the pooled features to provide a spatial context. The feature refinement steps are given in
equations 7 and 8,

G2 = Ne(G1) ® Gy (7
Gz = Ny(G2) @ G (®)

Equation 7 improves the feature map G1 to produce an enriched feature map G2. Further, equation
8 improves the spatial attention to focus on creating the critical spatial regions G3, where @ signifies
the element-wise multiplication that applies the attention masks to the feature maps and G4, and G,
represent progressively refined feature maps through successive applications of ECA and SAM.

Therefore, the proposed EfficientNet model with Feature Sculptor Spatial Net offers several
advantages. First, it enhances model precision by crafting features through multiple layers. Second,
the system uses the EfficientNet's architecture, which optimizes accuracy and computational efficiency.
Last, the proposed model used for the classification approach enables superior performance in tasks
involving complex data, making it highly effective for the detection of PD.

4. Results & discussion

This section represents the outcome accomplished by the proposed model. We provide an
overview of the input data and performance metrics used to examine the projected system’s efficiency.
Additionally, we provide the experimental results and analyze the efficiency of this study. Moreover,
we compared the proposed model with the traditional algorithms for explaining the greater efficiency
of the proposed approach.

4.1. Dataset description

The Parkinson's Progression Markers Initiative (PPMI) dataset is utilized by the proposed model
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for PD detection. PPMI enables researching the disease progression, biomarkers, and treatments by
gathering the data from the individuals with PD, those at risk, and healthy controls. This diverse dataset
includes different types of data, such as clinical evaluations, imaging tests, genetic data, biospecimen
samples, and demographic information. The longitudinal structure of PPMI enables tracking disease
progression and treatment effects by collecting data at various time points over multiple years. The
dataset is available to eligible researchers, promoting teamwork and speeding up advancements in PD
research while following ethical and data-sharing rules. Correspondingly, the proposed method uses
the structural MRI scans for the classification of PD as Healthy and PD. We utilize a total of 25,000
images for the training process. The training set is perfectly balanced with 12,500 images for the
Healthy class and 12,500 images for the PD class. For the testing phase, an independent set of 8,980
images is used, consisting of 4,706 Healthy images and 4,274 PD images. The counts are derived
directly from the confusion matrices provided in Figure 12. Dataset availability: https://www.ppmi-
info.org/access-data-specimens/download-data/. Further, all patient data is de-identified with prior
informed consent, adhering to the PPMI's ethical guidelines.

4.2. Exploratory Data Analysis (EDA)

The EDA is used to view and analyze the data in the Parkinson's Images Dataset. Figure 5
represents the data from the PPMI dataset that indicates the class “healthy”.

Tumor: NO

Figure 5. Class-Healthy data from Parkinson’s Images Dataset.

Figure 5 depicts a portion of data taken from the Parkinson's Images Dataset. This dataset consists
of the medical images utilized for the examination and identification of PD. The data split ratio utilized
by the proposed model is 80% for training and 20% for testing. In this representation, the prominence
is on the occurrences that are classified within the category marked as "healthy”. In the dataset,
"healthy" indicates the instances where people show no signs of PD or any associated issues. These
pictures are important for comparing and analyzing the differences or irregularities linked to PD.
Through an examination and analysis of the data shown in Figure 6, the researchers and healthcare
professionals obtain an understanding of the attributes and elements found in typical cases within the
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dataset. This knowledge is essential for creating the diagnostic tools and for progressing the research
for the means of early detection and intervention of PD.

Tumor: YES

Figure 6. Class-PD data from the Parkinson’s Images Dataset.

Figure 6 indicates the class “PD” from the Parkinson’s Image Dataset. Within the Parkinson's
image dataset, the category "PD" indicates the occurrences of unusual growths or masses identified in
medical imaging.

Figure 7. MRI to Grad Cam image.

Figure 7 illustrates the transition from the traditional MRI to gradient-weighted class activation
for mapping the Grad-CAM. This progression highlights the importance of integrating the visual
explanations of the neural networks with the MRI data during the analysis. Figure 8 depicts the
distribution of the image ratios.
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Distribution of Image Ratios
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Figure 8. Distribution of image ratios.

The Parkinson's Image Dataset shows that most image ratios fall between the range of 0 and 1.2,
with 100 occurrences. On the other hand, the number of images in the ratio range of 1.2 to 1.4 has
significantly dropped to zero. This indicates that the most images in the dataset have a ratio of less
than 1.2, mentioning the vertical orientation rather than horizontal orientation. This understanding of
the spread of image proportions can help guide the development of analysis and processing the
methods specific to the most common aspect ratios in the dataset.

4.3. Performance metrics

1. Precision: It is a measure of accuracy for assessing the effectiveness of the model. It calculates
the ratio of true positive predictions to all positive predictions made by the model. The precision
formula is defined as TP representing correctly predicted positive instances and FP representing
incorrectly predicted positive instances, which are shown in equation (9).

Precision = TP / (TP + FP) 9)

2. Recall: The measure of the model's prediction of actual positive instances. It evaluates how
well the model can capture every positive example. The recall formula is represented in
equation (10).

Recall = TP / (TP + FN) (10)

where FN stands for False Negatives (instances wrongly predicted as negative).

3. Accuracy: The accuracy metric assesses how correct the model's predictions are by looking at
the percentage of correctly predicted instances, whether positive or negative, out of all instances.
Equation (11) signifies the formula of accuracy.

TP+TN

Accuracy = TP+FP+TNTFN (1 1)
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4. F1-Score: The F1-score combines precision and recall into a single metric to evaluate a model's
performance, which is particularly effective when there is a disparity in positive and negative
instances. It considers precision and recall and offers a unified measurement that demonstrates
how well the model performs on predictions for the positive class. The F1-Score formula is
calculated as

F1-Score =2 * (Recall * Precision) / (Recall + Precision) (12)

A higher Fl-score signifies improved equilibrium between precision and recall, resulting in
superior overall model performance.

4.4. Experimental results

The outcome attained by the projected system is mentioned in this section. Table 1 and Figure 9
illustrate the classification results of the proposed model.

Table 1. Classification report of the proposed model.

Classes | Accuracy | Precision | Recall | F1-Score
0 0.98 0.95 0.96 0.98
1 0.98 0.93 0.97 0.96

Classification Performance

0.99
0.98

0.97
0.96
0.95
0.94
0.93
0.92
0.91

0.9

Accuracy Precision Recall F1-Score

® Healthy =PD

Figure 9. Graphical Representation.

The EfficientNet-Feature Sculptor Spatial Net has shown remarkable performance in categorizing
the Parkinson's Images Dataset into healthy and PD class O (healthy). The precision stands at 95%, a
recall of 96%, and the F1-Score at 98%. Likewise, in the case of class 1 (PD), the precision rate stands
at 93%, the recall rate at 97%, and the F1-Score at 96%. These measurements show how well the model
can accurately differentiate healthy and PD images, confirming its precision with carefully
designed layers.
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4.5. Comparative analysis

This section signifies a comparative analysis of the proposed method with the model. The
comparative analysis is performed with internal comparison with classical EfficientNet and external
comparison with conventional models. Table 2 and Figure 10 imply the performance analysis of the
Traditional and Proposed model.

Table 2. Performance Analysis of Traditional and Proposed EfficientNet.

Methods Classes | Accuracy | Precision | Recall | F1-Score
Traditional EfficientNet 0 0.92 0.91 0.93 0.93
1 0.93 0.92 0.92 0.94

Internal Comparison

0.98

0.96

0.9

N

0.9

[\

0.

O

0.8

e e}

Accuracy Precision Recall F1-Score

0.8

N

m Traditional EfficientNet Healthy = Traditional EfficientNet PD
® Proposed EfficientNet Healthy ™ Proposed EfficientNet PD

Figure 10. Graphical Representation.

The suggested model surpasses the conventional EfficientNet in every aspect. The model
performs better for class 0 with higher accuracy (98% vs. 92%), precision (95% vs. 91%), recall (96%
vs. 93%), and F1-Score (98% vs. 93%). Likewise, in the case of class 1 (healthy), the suggested model
shows better results with increased accuracy (98% compared to 93%), precision (93% compared to
92%), recall (97% compared to 92%), and F1-Score (96% compared to 94%). These findings
demonstrate the effectiveness of the suggested model in precisely categorizing Parkinson's images,
proving its accuracy with carefully constructed layers. Table 3 and the figure 11 shows a comparative
analysis of the projected system with the model.
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Table 3. Comparative Analysis of Proposed EfficientNet with a Prevailing Method [84].

Model Accuracy Precision | Recall F1-Score
VGG-16 0.96 0.92 0.97 0.97
Inception-v3 0.78 0.75 0.71 0.73
Resnet-50 0.95 0.92 0.89 0.94
Proposed EfficientNet | 0.98 0.93 0.97 0.96
Performance Metrics
1.2
1
g 0.8
=
0.2
0
Accuracy Precision Recall F1-Score
Models

B VGG-16 ™ Inception-v3 Resnet-50  ® Proposed

Figure 11. Comparative Analysis of the Proposed EfficientNet with the Existing Mechanism [84].

The outcomes show a comparison of different models, such as VGG-16, Inception-v3, ResNet-
50, and the suggested model, which were used to classify the Parkinson's Images Dataset into Healthy
and PD groups. Of all the models, the suggested model demonstrates the best accuracy (98%).
Furthermore, it shows a high level of precision (93%) and recall (97%) by minimizing the errors and
accurately capturing the important examples from all the classes. The F1-Score, a combination of
precision and recall, is 96%, demonstrating the model's overall success in classifying the Parkinson's
images. The results highlight the proposed model's ability and accuracy by demonstrating its potential
for an accurate classification. Table 4 and Figure 12 indicate the comparative analysis of the respective
system with the pioneering method.

Table 4. Comparative Analysis of the Proposed EfficientNet with the Classical System [85].

Model Accuracy Precision Recall F1 Score
CNN 0.96 0.91 0.96 0.93
Proposed EfficientNet 0.98 0.93 0.97 0.96

e Comparing the CNN model with the EfficientNet-Feature Sculptor Spatial Net shows notable
enhancements in accuracy and precision. The suggested model demonstrates a better
performance with an accuracy of 98% compared to the CNN model's 96%. Additionally, the
suggested model shows increased accuracy (93% compared to 91%) and the ability to retrieve
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the relevant information (97% compared to 96%), leading to a slightly higher combined F1
Score (96% compared to 93%). These findings highlight the success of the suggested model,
which was skillfully constructed with carefully planned layers, in precisely classifying
Parkinson's images with enhanced accuracy and dependability.

e The model has utilized the Reinforcement Learning Optimization Algorithm (RLOA) to
validate its effectiveness on the PPMI dataset and has achieved 98% accuracy compare with
the other conventional optimization models. The proposed model has implemented a current
State-of-the-Art (SOTA), and the baseline is evaluated on an identical 80:20 PPMI data split.
This methodology enables the model to definitively demonstrate the performance benefits
resulting from the RLOA architecture by establishing a new and verifiable SOTA.

e Correspondingly, the proposed study has given a unique method using brain scans. Positively,
the proposed model is different from other suggested studies that use handwriting and speech
samples to look for symptoms like trembling or speech changes.

Performance Metrics

0.98

0.96
2 0.94
= 0.92
0.9
0.88 I I I
0.86

Accuracy Precision Recall F1 Score
Metrics

B CNN = Proposed

Figure 12. Comparative Analysis of the Proposed EfficientNet with the Conventional Approach [85] .
4.6. Performance analysis

In this section, we analyze the efficiency of the training set with the test set of the proposed
EfficientNet using a confusion matrix and Receiver Operating Characteristic (ROC) curve. The
confusion matrix is a fundamental tool in evaluating the performance of classification models. It
provides a comprehensive view of a model's prediction accuracy. By analyzing the values, it enables
the detection of class imbalances and biases in the model's predictions. Therefore, the overall
significance of the confusion matrix offers some insights into the types of errors a model is making.
The total sample set utilized for training is 25,000, and the total sample set utilized for testing is about
8,980 samples. The dataset size is 33,980 in total.

Figure 13a shows the confusion matrix of the training set, which correctly identifies 11,429
positive cases (True Positives) and 10,430 negative cases (True Negatives), demonstrating a
foundational ability to classify. However, it also misclassifies 2,070 negative cases as positive (False
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Positives) and misses 1,071 positive cases, classifying them as negative (False Negatives). This
indicates that while the model has a reasonable grasp of the classifications, there is significant room
for improvement in reducing both types of errors, as these misclassifications can have perceptible
consequences depending on the application.

Confusion Matrix

Confusion Matrix

10000

8000

True

- 6000

True Labels

4000

F 2000

Predicted

Predicted Labels

Figure 13a. Training Set. Figure 13b. Test Set.

Moreover, the 2" confusion matrix deliberates the test set, which identifies 4,271 positive cases
(True Positives) and 4,630 negative cases (True Negatives), displaying excellent classification prowess.
Specifically, it misclassifies only 76 negative cases as positive (False Positives) and misses a mere 3
positive cases, wrongly classifying them as negative (False Negatives). With a low number of both
False Positives and False Negatives, a remarkable ability to correctly distinguish positive and negative
instances is demonstrated, signifying a robust and reliable model.

Like the confusion matrix, the ROC curve of the proposed and conventional efficient net signifies
a graphical representation of a model's diagnostic ability, illustrating the trade-off between the true
positive rate (sensitivity) and the false positive rate (1-specificity). This helps assess how well a model
distinguishes classes at various threshold values. A higher area under the ROC curve, the Area Under
the Curve (AUC), indicates better model performance.

Figure 14 signifies the ROC curve of the proposed and Conventional EfficientNet.
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Figure 14a. Training set.

Mathematical Biosciences and Engineering

10

ROC curve (AUC = 0.92)

0.2

0.4

0.6

0.8

False Positive Rate

Figure 14b. Test set.

Volume 23, Issue 4, 813-844.

10



836

In the setting of distinguishing Healthy and PD data for PD, the test set with an AUC value of
0.92 demonstrates better discriminatory power of the classification model. In contrast, the training set
exhibits a flawless AUC score of 1.00, a significant accomplishment. The training set consistently
achieves slightly higher true positive rates and lower false positive rates across many thresholds
compared to the test set. Hence, they accumulate over the curve, resulting in a substantially larger AUC.
It effectively distinguishes Healthy and PD categories in the Parkinson's Images Dataset. Its intricate
design and detailed layering techniques contribute to its exceptional performance. To prevent data
leakage, the strict subject-level split is used and all images from any single subject are confined
exclusively to either the training or the testing set. The generalization is further supported by the
model's architecture, which uses attention mechanisms to focus on diagnostically relevant features
rather than spurious correlations. Additionally, the consistent use of Batch Normalization throughout
the network acts as a powerful regulator.

4.7. Discussion

The performance of the EfficientNet-Feature Sculptor Spatial Net model in classifying the
Parkinson's Images Dataset into Healthy and PD classes shows an exceptional precision, recall, and
F1-Score values, as well as an impressive 98% accuracy for both classes. The model performs well in
classifying the normal images with a precision rate of 95%, a recall rate of 96%, and an F1-score of
98% in class 0 (healthy). In the same way, for class 1 (PD), the model demonstrates a precision rate of
93%, a recall rate of 97%, and an F1-Score of 96%. Moreover, the model achieves a higher accuracy,
which suggests that the model can make clinical decisions with minimal errors. Moreover, the
deployment of the EfficientNet-Feature Sculptor Spatial Net model enables the recognition of complex
patterns in medical images that might be difficult for the human eye to detect. Particularly, the model
demonstrates high and balanced performance across healthy (Class 0) and PD (Class 1) classes, with
high precision, recall, and F1-Scores for both, ensuring that the model is reliable for identifying healthy
and diseased states.

The ROC curve of the model shows a perfect AUC value of 1.00, proving its outstanding precision
in differentiating healthy and PD categories with no errors. The complex pattern recognition in medical
image analysis is made possible by the detailed layering techniques and intricate design of the
EfficientNet-Feature Sculptor Spatial Net model, leading to high standards in precision. The benefits
and uses of this suggested system reach across fields, such as medical diagnosis, research and
development, healthcare automation, telemedicine, drug discovery, and personalized diagnosis. The
model's accurate classification abilities can aid in creating custom treatment plans based on each
patient's unique characteristics, improving patient results. In general, the suggested EfficientNet-
Feature Sculptor Spatial Net model provides a notable improvement in accuracy, precision, and
efficiency, with uses in medical diagnosis, research, healthcare automation, telemedicine, drug
discovery, and personalized medicine, thereby transforming the realm of medical image analysis.

However, the primary limitation and risk of the proposed EfficientNet-Feature Sculptor Spatial
Net with the Reinforcement Learning Optimization Algorithm (RLOA) is that the DRL agent needs
several interactions with the neural network to make the training process much longer and more
resource-intensive compared to standard models. Additionally, the proposed model is difficult to train
and can suffer from instability or convergence issues. Furthermore, a poorly designed reward function
could lead the RLOA to an undesirable outcome. Moreover, the proposed model can be subjected to
the trade-offs between accuracy and efficiency because the RLOA aims to boost performance by
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focusing on relevant data features, which can impact its viability for real-time clinical deployment or
use in resource-constrained environments.

Furthermore, the proposed model might have data uncertainties from the data acquisition and pre-
processing pipeline. These data-intrinsic and data-processing variations mean that the model's high
accuracy might be sensitive to the quality of the incoming raw data stream. Still, the model's reported
success relies heavily on specifically tuned parameters for its overall stability and generalizability.
Moreover, the proposed model provides a binary classification (Healthy vs. PD) using single-center
data. However, there is a need for addressing the differential diagnosis against other neurological
conditions, which are needed for the real-world implementation. In future research directions,
researchers should focus on validating this promising model using a large-scale, diverse, multi-center
dataset. This could provide a visual justification for the model's decisions for the clinicians. Eventually,
the model could be prolonged to predict PD severity or progression rates, and its performance could
be improved by infusing the image data with other clinical modalities in order to provide a more
comprehensive and personalized diagnostic tool.

5. Conclusions

PD is a brain disorder with wide variability in severity among individuals. Detecting the disease
promptly is essential to prevent potential negative outcomes later on. Identifying PD manually is a
slow process with low effectiveness and is susceptible to human mistakes. Traditional studies used Al
technology to automate the classification of PD to address the problem. Nevertheless, traditional
systems encounter problems such as precision, data over-fitting, and managing big datasets. To address
this, the proposed model employs the EfficientNet System with a focus on refining features through
layers of the Spatial Net. EfficientNet is utilized for its benefits in terms of improved parameter
efficiency, computational tradeoff, and better regularization techniques, among others. On the other
hand, it falls short in terms of efficacy, complexity, understanding of internal representation, and more.
In response to this challenge, the proposed system incorporates Feature Sculptor Spatial Net to enhance
classification efficiency through precision crafting across layers. Certain performance metrics are used
to calculate the performance of the predicted model. The results show that the research achieves high
precision, recall, and F1-score values with 98% accuracy for both classes. In the standard class (class
0), the precision rate is 95%, the recall rate is 96%, and the F1-Score is 98%. Similarly, for class 1
(healthy), the precision rate is 93%, the recall rate is 97%, and the F1-Score is 96%. These
measurements indicate the model's ability to accurately distinguish Healthy and PD images, validating
its precision through thoughtfully constructed layers. Though this study results in effective outcomes,
we focus only on binary classification; however, multi-classification can be explored in the future.
Additionally, integrating real-time analytics, such as mobile apps, could provide timely monitoring
and personalized interventions, further advancing the management of PD.
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