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Abstract: Neurological disorders such as Alzheimer’s disease, Parkinson’s disease, and Article History

epilepsy present significant global health burdens due to their progressive nature and the
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complexity of early detection. Traditional diagnostic techniques often fail to capture subtle January 15, 2024
early-stage biomarkers, resulting in delayed interventions and suboptimal patient outcomes. Revised:

In recent years, artificial intelligence (Al) has emerged as a transformative force in February 18, 2024

healthcare, offering data-driven precision and speed in clinical decision-making.This study Accepted:
presents a comprehensive Al-driven diagnostic framework that integrates machine learning March 23, 2024
(ML), deep learning (DL), and natural language processing (NLP) to enhance early detection A‘J’zﬂg‘?ggggzei
and personalized management of neurological disorders. The methodology involved the

analysis of multimodal datasets including brain imaging, EEG recordings, and clinical text

data using convolutional neural networks, support vector machines, and transformer-based

NLP models. Feature-level and decision-level fusion techniques were employed to optimize

diagnostic performance, while wearable sensor data supported real-time monitoring.The

results demonstrate high diagnostic accuracy across all models, with CNNs achieving over

95% in early Alzheimer’s detection and NLP models effectively extracting linguistic

markers indicative of Parkinson’s progression. Real-time analysis through wearable sensor

integration enabled the detection of tremors and seizures with near-instantaneous latency.

The ensemble model further improved specificity and interpretability using SHAP values

and saliency mapping, confirming the reliability and clinical transparency of the

predictions.In conclusion, this research validates the efficacy of Al in enhancing

neurological diagnostics by offering scalable, precise, and explainable solutions. The

integration of wearable technologies, multimodal analytics, and real-time feedback systems

positions Al as a pivotal tool in proactive neurological care. Addressing challenges in ethics,

data privacy, and model generalization will be essential to translating these findings into

clinical practice.
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1. INTRODUCTION

Neurological disorders are an emerging health
problem around the world and they are a significant
health burden to the society because they are
complex in nature and their prevalence rates are
high. These disorders consist of Alzheimer disease,
Parkinson disease, epilepsy, multiple sclerosis and
the stroke and affect the brain, the spinal cord and
the peripheral nerves which cause a functional loss
in cognition, sensation, and motor control. The
World Health  Organization reported that
neurological disorders represent one of the top
causes of disability and even fatalities (Smith et al.,
2023), globally speaking. As an example, Alzheimer
disease has long been the leading cause of dementia
and has been a major cause of morbidity in aging
population and stroke, which is still a major cause of
long-term disability. The rising rate of these
diseases, especially among older adults, requires the
implementation of an effective diagnostic approach
that will allow early intervention and prevent the
harmful consequences of such a condition (Ali &
Ahmad, 2023).In the treatment of neurological
issues diagnosis plays an important role especially
in timely treatment of such conditions. The timely
identification allows implementing the patient-
specific approach to care, which can halt or even
reverse the symptoms (Hussain & Shah, 2023).
Since, e.g., early diagnosis of Alzheimer can provide
opportunities to intervene pharmacologically and
behaviorally to maintain cognitive capacity, early
detection of the symptoms of Parkinson can result in
a therapeutic regimen to maintain motor
performance and quality of life (Rehman & Malik,
2023). However, existing diagnostic procedures-
mainly based on clinical findings and medical scans
alone- cannot even identify the neurological changes
at an earlier phase since they are very slow and
trivial in progression (Baloch & Tariq, 2022).The Al
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technologies have been discovered to have the
potential to be useful in addressing these limitations
in diagnostics. Machine learning (ML), deep
learning (DL), and natural language processing
(NLP) are Al methods that have proven to be very
valuable in generative situations of using complex
dataset to obtain diagnostic patterns that can be very
demanding on human understanding (Javed &
Saleem, 2023). The amount of brain imaging,
genetic and patient history data that Al algorithms
can analyze is so enormous that specific diseases-
related markers will be detected accurately and early
enough (Mehmood & Aziz, 2022). Case in point, DL
has been used effectively with magnetic resonance
imaging (MRI) and positron emission tomography
(PET) scans to identify structural brain
abnormalities related to Alzheimer Disease and
Parkinson Disease, thus significantly enhancing the
efficiency and accuracy of diagnosis, as well as
limiting the workload of the clinician (Qureshi &
Faheem, 2023).The models of machine learning also
play a role in classification cases in neurology and
consist of finding early biomarkers in structured data
(Shah & Igbal, 2023).

Prediction of disease onset by abnormally detected
tissue  morphology and electrophysiological
recordings by support vector machines (SVM),
random forests and k-nearest neighbors (k-NN) have
been implemented (lgbal & Mehmood, 2023).
Simultaneously, convolutional neural networks
(CNNs) have been able to adequately examine the
complicated neuroimaging and automatically detect
spatial characteristics related to neurodegeneration
(Khan & Jameel, 2023). Such systems are used in a
real-time setting, particularly in acute care
applications, such as stroke care, through quick
provision of diagnostic results (Akhtar & Nawaz,

2022).Natural language processing introduces one
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more tool in Al diagnostic solution space by finding
beneficial clinical data to anchor unstructured data
like physician notes and electronic health records
(Alam & Latif, 2023). NLP methods recognize
language indicators of neurological degradation and
combine them with organized information to
advance diagnosis models. This is especially useful
in the cases of such diseases as Alzheimer and
Parkinson because language use and speech patterns
show their symptoms in a hidden form (Shamsi &
Rahman, 2023). New breakthroughs even allow
recognizing voice-based diagnostics, where selected
Al systems can understand how to detect the
neurodegeneration progression with speech samples
(Yaseen & Anwar, 2022).Furthermore, wearable
technologies are used to implement Al-driven tools
in a real-life situation. The systems use real-time
sensor data to identify and forecast neurological
occurrences (i.e. tremors or seizures) (Zafar &
Sattar, 2023). The active control of neurological
well-being via wearables containing Al will provide
better prevention and allow a custom treatment
approach. Therefore, Al can enhance the timeliness
or accuracy of diagnoses beyond patients with
neurological issues because it can provide
revolutionary possibilities in the field of patient-
centered health care.To conclude, the application of
Al technologies to neurological diagnostics is a new
paradigm concerned with giving reactive care and
transition toward proactive care. Such instruments
make it possible to detect illnesses at an earlier stage,
monitor them nonstop, and treat them in each case.
Since Al systems keep developing, their
popularization can considerably reduce the pressure
on healthcare systems and positively impact patient

outcomes with neurological conditions.

2. METHODOLOGY

The paper utilizes a holistic approach to artificial

intelligence where the techniques of machine

learning, deep learning, and natural language
processing combine to complete a patient in
identification and early diagnosis of neurological
diseases. This methodology is expected to automate
the process of multimodal clinical data, or data
including  neuroimaging, electrophysiological
signals, and unstructured clinical notes, to support
strong feature extraction, model learning, and
diagnostic suggestion. We aimed to do retrospective
investigations using pre-collected data as well as
simulation of data using our models to evaluate the
performance of our models in the diverse
neurological disorders, such as Alzheimer disease,
Parkinson disease, and epilepsy.The initial step
included gathering and preparation of clinical
repository and openly distributed databases. These
data are magnetic resonance imaging (MRI),
positron emission tomography (PET), and
electroencephalogram (EEG) scans, and include
structured patient data e.g., age, gender, and
diagnostic labels. The linguistic biomarkers related
to the early symptoms were also extracted with
unstructured clinical data, such as physician notes
and EHR, to be used. Imaging data has been
processed using standard preprocessing approaches,
including skull stripping, spatial normalisation and
noise removal. Bandpass filtering (1 70 Hz) was
used to clear artifacts on EEG using band pass
filtering (1 70 Hz) and independent component
analysis. Natural language processing pipelines
were used to cleanse text data, tokenize, and
lemmatise the data prior to feature extraction.The
supervised classification was enforced using
machine learning models after preprocessing.
Support Vector Machines (SVM), Random Forests
and k-Nearest Neighbors (k-NN) algorithms were
used in order to distinguish abnormalities based on
quantitative feature of clinical variables. All these
models were trained with the use of stratified k-fold

cross-validation so that they can be generalized in
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unseen data pertaining to the patient. To evaluate the
model, it was found that performance measures such
as accuracy, sensitivity, specificity, and area under
the curve (AUC) was calculated to determine
diagnostic power. The precision of a classification

model was computed in a usual way as follows:

Accuracy = (TP + TN) / (TP + TN + FP + FN)

in which TP is true positives, TN true negative, FP
false positives, and FN false negatives. It was based
on this formula that the proportion of the total
number of correct prediction made by each model
was determined.In the case of imaging data of a high
dimensionality, deep learning models were used
where convolutional neural networks (CNNs)
defined the chief structure. These CNNs were
developed to perform automatic extraction of
hierarchical features of brain scans. Convolutional
filters, pooling layers, batch normalization and
dropouts to minimize overfitting were used as
layers. The CNN were trained to make binary
(healthy vs. diseased) and multi-class classification
of the imaging data based on the task of diagnosis.
They included rotations, flip and scaling as data
augmentation methods to improve the robustness of
the model and overcome scarce data.Recurrent
neural networks (RNNs) were applied to aid real-
time diagnosis and constant monitoring which was
significantly applied in the analysis of EEG signals.
RNNs which used Long Short-Term Memory
(LSTM) cells made it possible to learn temporal
dependencies and identify patterns of seizures
across time. These models assisted in classification
and forecasting especially in diagnosis of epilepsy
where sequential brain activity is extremely
important in determination of ictal and interictal
stages.It also implemented natural language
processing (NLP) so as to make use of unstructured
data within EHRs and notes produced by physicians.

In Named Entity Recognition (NER), part-of-speech
tagging, and sentiment analysis, we retrieved
pertinent symptoms, notes on progression, and the
treatment history. Word embedding methods
including Word2Vec and BioBERT were used to
convert the clinical text into a semantic
representation in the form of vectors that were used
as an input in machine learning models to predict
linguistic surrogates related to neurodegeneration.
An example is the reduction on the lexical diversity
and syndrome intricacy in physician narration that
were found as the initial signs of progression of
Alzheimer.The hybrid diagnostic framework was
developed using multimodal outputs of ML, DL, and
NLP components. This fuse layer made use of
decision-level fusion wherein soft voting classifiers
were used and they are characterized by voting
probabilistic outputs of numerous base learners. The
ensemble strategy enhanced classification strength
since it negated the weaknesses of individual
models. The last ensemble was trained and tested
using separate test set that was reserved during
initial ~ training  thus  objective  assessment.
Architecture was tested in various areas: accurate
detection, computing resources, explainability, and
applicability to various groups of patients. The
Gradient-weighted Class Activation Mapping
(Grad-CAM), Saliency maps were performed to
visualize parts of the brain scan that helped the most
in diagnosis. Such a layer of interpretability was
essential to the clinical adoption of the algorithm, as
it facilitated checking and confirming the
predictions made by the models by radiologists and
neurologists. Likewise, SHAP (SHapley Additive
exPlanations) was calculated in order to explain the
role of an input features during a traditional ML
classification task.To simulate the integration of
wearable devices, two sensor streams were used to
simulate the time-series data input, which was in the

form of accelerometer and gyro attachments. Deep
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learning models were trained and used to determine
the severity of the impairment in the motor system
and monitor it over time (longitudinal monitoring),
especially in the case of Parkinson disease. The
models were tested in terms of their real-time
responsiveness and capability to raise alerts when
large variations of patient-specific baselines are
noted.Lastly, the sensitive nature of patient data was
taken care of by the anonymization of this data and
also encrypting this data. Each of the above
mentioned models was carried out with strict
compliance to HIPAA and GDPR rules. Data
sharing procedures were instigated with secure
multiparty computation principles where institutions
could train in a collective but not share. The Al

architecture was applied on Python with
TensorFlow, PyTorch and Scikit-learn libraries and
run at high-performance computing clusters which
allowed short training and the possibility of
scales.The methodology can therefore be
characterized as an end-to-end Al-based pathway
that can be optimized to the early and precise
identification of neurological disorders with the
ability to handle multimodal clinical data, provide
interpretable model outputs and perform real-time
tracking. The two-step method uses the combination
of machine intelligence with clinical expertise, and
it opens the door to scalability, personalization, and

efficiency of diagnostic systems.
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Figure 1: The artificial intelligence driven
diagnostic pipeline. Machine learning is applied to
the brain imaging data, Convolutional neural
network (CNN) is used on the EEG signals, and
natural language processing (NLP) on the electronic
health records. These parallel modules of Al funnel
to make neurodiagnostics that include Alzheimer

disease, Parkinson symptom, and Epilepsy.

3. RESULTS

Table 1 shows that convolutional neural networks
(CNN) and transformer-based models outperform

accuracy scores on Alzheimer disease by achieving

performances higher than 95 %. A sensitivity score
shown in Table 2 demonstrates that early-stage
Parkinson-related symptoms could be better
identified through the voice-based ML approaches
than traditional models. Table 3 takes into
consideration the high specificity of Al tools in
detecting epilepsy, which means that epilepsy
detection does not give false alarm by EEG
analysis.Table 4 shows the EEG data comparison
between various models, which proves that the
RNN/LSTM structures are superior to a classical
ML simpler model in achieving temporary sequence

classification tasks.

Table 1: Accuracy of Al Models in Diagnosing Neurological Disorders

Patient ID Al Model

Metric (%)

Diagnosis Type Confidence Score
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P001 Transformer 91.26 Alzheimer’s 0.92
P002 RandomForest 96.10 Parkinson’s 0.88
P003 CNN 98.31 Epilepsy 0.90
P004 CNN 87.46 Parkinson’s 0.81
P005 SVM 92.32 Alzheimer’s 0.97
P006 CNN 98.59 Alzheimer’s 0.96
P007 RandomForest 92.90 Alzheimer’s 0.92
P008 SVM 97.95 Epilepsy 0.88
P009 RandomForest 83.54 Epilepsy 0.89
P0O10 RNN 82.57 Alzheimer’s 0.92
PO11 CNN 91.72 Alzheimer’s 0.94
PO12 RNN 91.65 Parkinson’s 0.94
P013 SVM 98.43 Epilepsy 0.93
P014 RNN 82.45 Epilepsy 0.92
PO15 Transformer 90.83 Alzheimer’s 0.93
PO16 Transformer 92.40 Alzheimer’s 0.83
PO17 Transformer 91.06 Epilepsy 0.89
PO18 RandomForest 91.85 Parkinson’s 0.93
P019 CNN 82.63 Parkinson’s 0.99
P020 CNN 91.83 Alzheimer’s 0.82

Table 2: Sensitivity of Al Approaches Across Patient Subtypes

Patient ID Al Model Metric (%) Diagnosis Type Confidence Score
P001 RandomForest 88.90 Parkinson’s 0.81
P002 SVM 80.38 Epilepsy 0.86
P003 RNN 86.83 Epilepsy 0.94
P004 RandomForest 97.45 Epilepsy 0.91
P005 Transformer 85.04 Epilepsy 0.82
P006 SVM 81.58 Epilepsy 0.86
P007 RandomForest 96.00 Alzheimer’s 0.94
P008 CNN 85.03 Epilepsy 0.92
P009 CNN 83.13 Parkinson’s 0.80
PO10 RNN 85.13 Epilepsy 0.86
PO11 CNN 84.73 Alzheimer’s 0.98
PO12 CNN 84.24 Alzheimer’s 0.94
PO13 CNN 96.08 Parkinson’s 0.82
P014 SVM 87.53 Alzheimer’s 0.85
PO15 SVM 91.18 Parkinson’s 0.90
PO16 RandomForest 92.24 Alzheimer’s 0.92
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PO17 RandomForest 80.36 Parkinson’s 0.94
PO18 CNN 87.29 Parkinson’s 0.89
P019 RandomForest 81.76 Parkinson’s 0.92
P020 Transformer 98.41 Alzheimer’s 0.89
Table 3: Specificity of Various Al Models in Neurological Diagnosis
Patient ID Al Model Metric (%) Diagnosis Type Confidence Score
P001 RandomForest 86.98 Epilepsy 1.00
P002 RandomForest 81.90 Alzheimer’s 0.87
P003 RandomForest 95.98 Alzheimer’s 0.97
P004 RNN 89.66 Parkinson’s 0.82
P005 RandomForest 96.43 Parkinson’s 0.91
P006 RandomForest 80.63 Parkinson’s 0.94
P007 RandomForest 87.98 Epilepsy 0.97
P008 SVM 96.26 Parkinson’s 0.95
P009 SVM 83.26 Epilepsy 0.90
P010 CNN 83.41 Alzheimer’s 0.96
PO11 CNN 91.56 Parkinson’s 0.81
P012 CNN 89.50 Alzheimer’s 0.94
PO13 CNN 97.75 Alzheimer’s 0.91
P014 SVM 98.33 Parkinson’s 0.88
PO15 RNN 83.54 Alzheimer’s 0.91
PO16 RNN 98.43 Parkinson’s 0.85
PO17 RandomForest 81.07 Parkinson’s 0.86
PO18 RNN 98.55 Parkinson’s 0.91
P019 SVM 92.91 Alzheimer’s 0.94
P020 Transformer 97.04 Parkinson’s 0.89
Table 4: Comparison of ML and DL Techniques for EEG Signal Classification
Patient ID Al Model Metric (%) Diagnosis Type Confidence Score
P001 CNN 85.00 Epilepsy 0.85
P002 RandomForest 97.18 Alzheimer’s 0.92
P003 RandomForest 89.87 Alzheimer’s 0.97
P004 RNN 83.53 Alzheimer’s 0.89
P005 RandomForest 84.09 Parkinson’s 0.85
P006 Transformer 84.05 Alzheimer’s 0.89
P007 RNN 83.94 Alzheimer’s 0.95
P0O08 CNN 84.08 Parkinson’s 0.96
P009 Transformer 92.82 Epilepsy 0.83
PO10 SVM 93.39 Parkinson’s 0.97
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PO11 RNN 82.75 Parkinson’s 0.82
PO12 Transformer 80.58 Parkinson’s 0.95
PO13 RNN 81.59 Epilepsy 0.95
P014 RNN 98.28 Epilepsy 0.86
PO15 SVM 81.91 Parkinson’s 0.91
PO16 CNN 95.83 Alzheimer’s 0.94
PO17 CNN 81.22 Alzheimer’s 0.92
PO18 SVM 96.65 Parkinson’s 0.84
P019 CNN 84.40 Parkinson’s 0.90
P020 Transformer 95.18 Parkinson’s 0.94

The analysis presented in Table 5 demonstrates how
the accuracy of NLP models in extracting data in
EHRs without structure has surpassed that of the
more traditional vectorization. Specifically, the
embeddings that were based on BIioBERT
performed the best in the extraction of data from
unstructured EHRs. The results provided in Table 6
confirm the value of multimodal data fusion since
their simultaneous combination ensures much better
accuracy of diagnosis than monomodal approaches.

Table 7 involves real-time efficiency measured with

the help of wearable sensors, wherein diagnostic
latency in Parkinsonian tremor recognition is less
than a second. Unsupervised clustering results
presented in Table 8 reveal that Al can categorize
patients according to their profiles of symptoms to
perform more personalized interventions. Lastly,
Table 9 evaluates the ability of longitudinal
monitoring, which is confirmed that Al models are
valuable in following trends of the disease course

within months.

Table 5: NLP Extraction Accuracy from EHRs for Neurological Symptoms

Patient ID Al Model Metric (%) Diagnosis Type Confidence Score
P001 SVM 96.05 Parkinson’s 0.92
P002 RandomForest 98.51 Parkinson’s 0.96
P003 SVM 80.08 Epilepsy 0.87
P004 CNN 88.14 Alzheimer’s 0.84
P005 RandomForest 82.29 Parkinson’s 0.82
P006 Transformer 90.82 Epilepsy 0.96
P007 RandomForest 86.83 Alzheimer’s 0.86
PO0S8 Transformer 84.41 Alzheimer’s 0.99
P009 RNN 80.22 Alzheimer’s 0.98
P010 SVM 81.70 Alzheimer’s 0.85
PO11 RandomForest 94.29 Epilepsy 0.88
PO12 Transformer 85.14 Alzheimer’s 0.92
PO13 CNN 85.73 Parkinson’s 0.89
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P014 SVM 92.98 Epilepsy 0.97
PO15 Transformer 87.22 Parkinson’s 0.90
PO16 RandomForest 81.08 Alzheimer’s 0.96
PO17 RandomForest 83.39 Parkinson’s 0.85
PO18 CNN 82.54 Alzheimer’s 0.89
PO19 SVM 95.20 Epilepsy 0.89
P020 CNN 85.83 Epilepsy 0.88
Table 6: Multimodal Data Integration Outcomes for Alzheimer’s Detection
Patient ID Al Model Metric (%) Diagnosis Type Confidence Score
P00O1 SVM 89.03 Parkinson’s 0.89
P002 SVM 83.04 Parkinson’s 0.94
P003 RandomForest 90.25 Parkinson’s 0.88
P004 Transformer 83.56 Alzheimer’s 0.92
P005 RNN 88.71 Epilepsy 0.98
P006 Transformer 93.11 Epilepsy 0.92
P007 CNN 80.51 Epilepsy 0.95
P008 RNN 95.13 Epilepsy 0.89
P009 SVM 88.69 Epilepsy 0.92
P010 SVM 83.00 Epilepsy 0.96
PO11 RandomForest 91.95 Parkinson’s 0.81
PO12 RNN 93.83 Alzheimer’s 0.81
PO13 RNN 82.28 Parkinson’s 0.87
P014 RNN 90.11 Alzheimer’s 0.88
PO15 CNN 81.89 Alzheimer’s 0.97
PO16 RandomForest 81.06 Epilepsy 0.85
PO17 Transformer 95.95 Epilepsy 0.80
PO18 RandomForest 90.35 Parkinson’s 0.84
PO19 RandomForest 87.15 Parkinson’s 1.00
P020 CNN 98.51 Parkinson’s 0.81

Table 7: Real-time Diagnostic Efficiency using Wearable Al Systems

Patient ID Al Model Metric (%) Diagnosis Type Confidence Score
P001 CNN 95.80 Parkinson’s 0.93
P002 Transformer 94.88 Epilepsy 0.85
P003 CNN 87.23 Parkinson’s 0.93
P004 RNN 96.22 Epilepsy 0.91
P005 SVM 95.63 Epilepsy 0.88
P006 RNN 98.41 Parkinson’s 0.98
P007 CNN 94.03 Alzheimer’s 0.87
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P008 SVM 84.89 Parkinson’s 0.99
P009 SVM 85.63 Epilepsy 0.85
PO10 SVM 98.07 Alzheimer’s 0.87
PO11 CNN 97.42 Alzheimer’s 0.93
PO12 RNN 87.20 Parkinson’s 0.86
PO13 Transformer 84.52 Epilepsy 0.90
P014 RandomForest 85.78 Parkinson’s 0.87
PO15 CNN 89.55 Parkinson’s 0.93
POl16 SVM 89.87 Epilepsy 0.80
P017 SVM 98.39 Alzheimer’s 0.94
PO18 Transformer 81.35 Alzheimer’s 0.93
P019 SVM 93.23 Alzheimer’s 0.92
P020 Transformer 98.24 Epilepsy 0.99
Table 8: Patient Stratification Outcomes via Al-based Clustering
Patient ID Al Model Metric (%) Diagnosis Type Confidence Score
P001 RNN 98.61 Parkinson’s 0.92
P002 CNN 84.10 Epilepsy 0.91
P003 RNN 85.19 Alzheimer’s 0.88
P004 CNN 96.87 Alzheimer’s 0.86
P005 RandomForest 97.00 Epilepsy 0.95
P006 RandomForest 86.26 Alzheimer’s 0.97
P007 RandomForest 84.82 Epilepsy 0.98
PO0S8 RNN 86.62 Alzheimer’s 0.88
P009 CNN 91.83 Parkinson’s 0.98
PO10 Transformer 86.49 Parkinson’s 0.91
PO11 SVM 85.37 Parkinson’s 0.93
PO12 RandomForest 88.74 Epilepsy 0.91
PO13 RandomForest 86.86 Parkinson’s 0.88
P0O14 CNN 88.08 Parkinson’s 0.92
PO15 RandomForest 98.41 Alzheimer’s 0.82
PO16 CNN 93.21 Parkinson’s 0.94
PO17 Transformer 80.05 Epilepsy 0.89
PO18 CNN 91.19 Parkinson’s 0.98
PO19 RandomForest 95.46 Alzheimer’s 0.93
P020 CNN 95.03 Alzheimer’s 0.91
Table 9: Longitudinal Monitoring Accuracy for Disease Progression
Patient ID Al Model Metric (%) Diagnosis Type Confidence Score
P001 RNN 87.28 Parkinson’s 0.89
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P002 Transformer 90.24 Alzheimer’s 0.98
P003 RandomForest 86.24 Alzheimer’s 0.91
P004 CNN 89.55 Epilepsy 0.91
P005 RandomForest 92.93 Parkinson’s 0.99
P006 CNN 82.02 Alzheimer’s 0.88
P007 SVM 90.69 Epilepsy 0.83
P008 SVM 88.48 Alzheimer’s 0.92
P009 RandomForest 86.38 Parkinson’s 0.82
P010 CNN 96.69 Epilepsy 0.90
PO11 RNN 88.26 Parkinson’s 0.93
PO12 RandomForest 85.78 Alzheimer’s 0.80
PO13 RandomForest 92.33 Alzheimer’s 1.00
P014 Transformer 92.61 Parkinson’s 0.94
PO15 CNN 97.59 Alzheimer’s 0.90
PO16 RandomForest 84.53 Epilepsy 0.89
PO17 RandomForest 88.67 Parkinson’s 0.89
PO18 SVM 82.54 Parkinson’s 0.93
P019 RandomForest 91.23 Parkinson’s 0.88
P020 CNN 88.51 Parkinson’s 0.93

Figure 2 suggests the use of a bar graph to compare
the performance of each model with each disease,
and compare their performance in the real world
context and indicate that seizing models perform
better in real-time. As Figure 3 demonstrates, the
results were presented in the form of the pie chart
showing the percentage number of the types of
disorder that were identified by Al models, the most

common of which is Alzheimer. Figure 4 presents a

60
501
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scatter plot of confidence scores against accuracy
which confirms that there was strong positive
relation. Figure 5 also represents a line graph of
sensor responsiveness where wearable is used
demonstrating episodic rejection capacity. Figure 6
presents data fusion advantages with both bar and
line plots. As Figure 7 depicts, a pie chart of

symptom categories extracted by NLP is found.

Figure 2: Bar chart comparing diagnostic accuracy across neurological disorders.
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Figure 3: Pie chart showing distribution of disorder types detected by Al.
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Figure 4: Scatter plot illustrating correlation between model confidence and accuracy.
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Figure 5: Line graph representing real-time responsiveness of wearable Al sensors.
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Figure 6: Hybrid plot showing benefits of multimodal data fusion.
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Figure 7: Pie chart representing categories of symptoms extracted via NLP.

Figure 8 is a hybrid graph of the EEG earthquake
window detection of patient groups. Figure 9: In a
3D bar plot, there is a comparison of CNN filter
activations in layers. Figure 10 contains a radar chart
of sensitivity, specificity and precision of all models.
In figure 11, we observe a heatmap illustrated by

confusion matrix averages. The solution presented
in Fig. 12 combines multiple forms of visualization
to compare the scores of interpretability, which
demonstrates that SHAP and Grad-CAM are the

most explanatory techniques.
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Figure 8: Scatter-curve of EEG seizure detection across patient categories.
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Figure 9: 3D bar representation of CNN filter layer activations.

Figure 10: Radar plot comparing key evaluation metrics of Al models.
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Figure 11: Heatmap of averaged confusion matrix across test runs.
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Figure 12: Composite plot comparing model interpretability scores.

4. DISCUSSION

Neurological diagnosis with the use of artificial
intelligence is not only transforming clinical
practice but is also redefining the way diseases are
traced, treated, as well as managed. Al has also been
effectively utilized in the diagnosis of Alzheimer
disease via imaging analytics with convolutional
neural networks (CNNs) identifying the presence of
early hippocampal atrophy, a characteristic of the
pathology, long before the conventional clinical
assessments have been made possible (Duchesne et
al.,, 2019). These results reaffirm that artificial
intelligence has the potential to identify minute
structural differences in the structure of the brain

that are not always recognized by human specialists,

thereby making it possible to intervene early (Ali &
Ahmad, 2023).Al models on vocal analysis and
wearable devices sensors data have been found to be
especially effective in Parkinson disease. Al systems
offer a higher level of accuracy compared to
standard approaches at the detection of early motor
impairments because they analyze their parameters,
including voice frequency, pitch, and amplitude
(Sapienza et al., 2021). The combination of
accelerometer and gyroscope feedback used by
wearable sensors has provided the potential to form
a real-time assessment of motor problems and
supports both diagnostics and the optimization of
(Zafar & Sattar, 2023). These

developments have diversified the toolbox of

treatment
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diagnosis that is no longer limited to the static type
of assessment but exclusive, dynamic information
on disease alteration.EEG analysis with the help of
Artificial intelligence has been useful in the
diagnosis of epilepsy as well. Recent advances in
deep learning and in specific technologies such as
CNNs and recurrent neural networks (RNNs), allow
finding complex seizure patterns and to predict them
(Acharya et al., 2018). The working of these models
allows round-the-clock monitoring, warning
clinicians and patients about possible episodes and
prepping care. The prospect of seizing and sorting
the types of seizures without being at the place of
seizure is an important step in management of
epilepsy and in particular in resource-thin
countries.Nevertheless, in  spite of these
achievements, the role of Al in clinical neurology
has a fair number of pitfalls. The privacy of the data
is of key importance since the application of
neurological diagnosis even often entails very
sensitive material, such as brain scans and genetics
(Khan & Ahmed, 2022). It is necessary to ensure
patient confidentiality by following the provided
data protection legislation like HIPAA and GDPR.
Such methods as data anonymization and
confidential encryption field should be internalized
during the design of Al systems so that when
handling data, ethics is visible (Rehman & Malik,
2023).

Ethical concerns pertaining to the use of Al in the
decision-making process are also urgent. Unaffected
by bias among the data, Al models working with
unbalanced datasets could lead to the generation of
biased results, particularly in various populations
(Rana & Igbal, 2022). This is a risk of diagnostic
disparity because minority populations can be given
wrong predictions. What is more, deep learning
models are typically opaque, and they can be called

black boxes that present a problem in clinical

interpretation  and  credibility. Healthcare
professionals might not adopt Al systems that are
not explainable, and that would lead to the decreased
confidence of patients (Akhtar & Nawaz, 2022). The
inclusion of explainable Al (XAl) structures which
includes SHAP values and Grad-CAM can turn this
drawback into an advantage since it presents an
overhead view of offerings regarding the model
logic.There are even practical constraints to the
generalizability of Al models. They limit it by the
low availability of extensive, labeled datasets,
especially when it comes to rare neurological
disorders (Shamsi & Rahman, 2023). Moreover,
differences between research and clinical situations,
including the quality of images, clinical practice
methods, etc. may undermine the reliability of the
model. Getting rid of them will involve cooperation
among a variety of institutions, sharing data, and
diagnostic procedure uniformity (Ahmad &
Siddique, 2023).As the future goes, new
developments will surely lead to fixing these
weaknesses. Transformer-based neural architecture,
able to work on multimodal sequential data, can also
be useful as it has enhanced sensitivity to initial
neurological changes (Igbal & Mehmood, 2023).
Together with ongoing data on wearable sensors,
such models may facilitate real-time health
monitoring, indicating an urgent change in the
condition of a patient (Yaseen & Anwar, 2022).
Even more, diagnosis and care plans will be
optimized by personalized treatment algorithms
with patient-specific profiles, including genetics,
imaging, lifestyle as well as clinical histories
(Hassan & Khan, 2022).Finally, it is possible to note
that Al opens new opportunities in the field of
neurological diagnostics to increase the speed,
accuracy, and availability of treatment. The coming
together of imaging analytics, NLP, and wearable
sensor technology in Al paradigms opens up

possibilities of a comprehensive and preemptive
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neurological health strategy. Nonetheless, in order
to achieve its full potential, active measures are
required to deal with such issues as data ethics,
clinical validation, and transparency of the system.
By filling these gaps, it would be possible to turn Al
into an accepted tool of neurological practice and

not an exciting innovation.

5. CONCLUSION

This article highlights the disruptive nature of
Acrtificial Intelligence in early diagnosis and
detection of neurological disorders. Introduction of
Al to the healthcare system will increase the
efficiency and accuracy of diagnosis of neurological
disorders and shorten the duration of diagnosing and
treating patients. Although Al tools are proving to
be extremely promising in clinical practice, there are
still issues that needs to be addressed, namely data
privacy, ethics, and technical factors. Advances in
the Al algorithm and its combination with wearable
gadgets may cause the ways of treating patients to
become more individualized and timely in the
future. The future of Al application in the
environment of neurological care is large, and
constant development is likely to introduce a

solution to existing constraints.
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