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Abstract 

Gene therapy has specialized into different classes, attacking the diseases from different fronts. 

Mono-therapy production has made an impact here over probably decades: the external supply 

(CDPs) with memory CD8+ T cells has mobilized an accompaniment of autoreactive CD4+ T 

cells, where the latter fire up antigen-presenting CD14+ macrophages. This whole process 

leaks anti-inflammatory cytokines. In direct local response, cytokines were supposed to have 

potential inhibition on regulatory T cells' (Treg) inhibitory activity. In the latter case, these 

CD4+ T helper cells involved in indirect pathology resolution could seem to have participated 

in the conditioning of subsequent immunological memory: perhaps acting as an additional T-

cell helper. The one model that appears to connect the two classes of CTLs may also be 

involving CD8 T cells at that point, which are accounted to be CD4 T cell indirect actors in 

recognizing MHC II from APC and can mount expulsion of APC through MHC - CD8 

interaction. The neutrally charged system perhaps dissipates its effects through soluble IL-10 

and TGF-__; two cytokines clear only through decades of monitoring. In retrospect, this 

contrasting effect yields a "persistence" phenomenon, granting there are also weak antibodies 

that can be made for years after ceasing treatment, when apparently the autoimmunity could 

recur. The mixed CD4 T cells amplify the CD8 anti-viral activity in either CD4+ T-cell 

activation via direct action or cytokine-mediated CD8-promotion activity. Therefore, it is 

plausible that memory CD8 will serve to sustain their activity as well. By virtue of their 

neutralization, standard antibodies—IgG1 and IgG4—have been found to modify the antibody 

activity blocking signaling of their counterpart as noted. In other words, it suggests that 

momentarily, without agitating the existing Treg activity, this can be mediating some immune 

deviation-mediated inhibition via known mechanisms. The other regenerative design shown to 

increase is injection or cytophilic antibodies against MHC class II molecules, inhibiting APC 

or directly modulating T-cell activity. In an automatic fashion, therefore such treatment may 
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lead to favoring the cellular restoration of CD4+ helpers and CD4+ memory cells, which in 

turn herald the procession of autoimmune activity. 

Keywords: Decision-Making, Optimization, Dimensionality Reduction, Hyperparameter 

Tuning, Big Data Analytics and Classifier Performance. 

 

1. Introduction 

Personalized medicine has made it possible for health care to move away from generalized 

treatments and toward those that are based on an individual's genetic, clinical, and lifestyle 

data. This paradigm shift was primarily driven by the increasing accessibility of electronic 

health records (EHRs), medical imaging, genomic sequencing, and real-time patient 

monitoring [1]. However, handling and analyzing heterogeneous data of this scale is 

challenging. Conventional systems for medical decision-making based on rules often become 

ineffective in the face of complexities posed by modern health-care data, hence getting 

inefficient in diagnosis [2], treatment recommendations, and patient outcome predictions. ML 

and big data analytic tools have emerged as powerful alternatives that potentially alleviate the 

above-mentioned shortcomings through automated feature extraction, enhanced predictive 

accuracy, and data-driven decision-making. On the contrary, a number of challenges still 

remain for the proper implementation of ML models within medical applications. The so-called 

curse of dimensionality is one such problem: namely, high-dimensional datasets often contain 

many redundant or irrelevant features that impair the performance of the developed models. 

 

What is more, medical data tend to be filthy, imbalanced, and incomplete; this requires serious 

preprocessing techniques for meaningful insight derivation. Well-chosen dimensionality 

reduction techniques, distance metrics, and classification algorithms mainly contribute to 

optimizing the decision-making accuracy [3]. Computation efficiency is another major concern 

since real-time decision making is crucial for emergency diagnostics, robotic-assisted surgery, 

and telemedicine; yet, it remains one of the leading research domains on the performance of 

the models vs. processing speeds. So many machine learning techniques, such as Support 

Vector Machines (SVM), Random Forest (RF), and k-Nearest Neighbors (3-NN), have been 

very widely applied in medical decision-making [4-6], each with its trade-offs in terms of 

accuracy and time required for computation, among other criteria. In addition, Principal 

Component Analysis (PCA) and t-distributed Stochastic Neighbor Embedding (TSNE) are also 

among the most widely applied methods to dimensionality reduction, aiding in maintaining 

vital characteristics while reducing complexity. Further improvement research in the fields of 

model interpretability, feature selection optimization, and real-time processing integration is 

expected even with significant advancements in medical decision-making systems. These are 

the three important contributions of this work. 

• The present research develops an efficient pipeline for machine learning through data 

representation, dimensionality reduction, and classification, integrated with optimization 

techniques to better decision-making accuracy and efficiency in personalized medicine. 
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• To this discharge, an exhaustive assessment of the distance metrics, dimensionality reduction 

methods (PCA, TSNE), and classifiers (SVM, RF, 3-NN) are performed, thus revealing the 

trade-off between precision and processing time for different healthcare applications.  

• On the ground of performance and efficiency criteria, this research provides relevant and 

practicable recommendations to choose the optimal model configurations in real-life levels of 

the medical system falling between speed and classification accuracy to better improve patient 

outcomes. 

2. SURVEY OF RELATED WORK 

There has been great interest in the intersection of machine learning (ML) and big data analytics 

in health care capable of enhancing diagnostic accuracy, treatment strategies, and patient 

outcomes. Numerous studies have assessed the challenges and advancements of this field with 

specific regard to AI in the medical decision-making system transformations. 

Fatima (2024) [7] examines the contributions of machine learning (ML) and big data analytics 

toward improving health outcomes, particularly in disease prediction, diagnosis, and treatment 

optimization. It discusses how ML-enabled health systems may analyze very large sets of 

patient information-a huge breadth comprising Electronic Health Records (EHRs), genomic 

data, and medical imaging-for accurate and timely diagnoses. It underlines the advantage of 

employing deep learning methods to discover complex datasets' hidden patterns for enhanced 

disease classification and risk assessments. Nevertheless, it also explores impediments such as 

data privacy, algorithmic bias, and interpretability limitations of deep learning models. An 

important finding in this research is the need for explainable AI in medical decision-making to 

ensure transparency and reliability. Fatima also explains the promise of reinforcement learning 

in treatment planning based on patient reaction. The study ends with an affirmation of the need 

for ML integration with clinical workflows for enhancing real-time decision-making with 

improved patient outcomes and further recommends that future research is directed towards 

feature selection refinement and federated learning methods for data security and model 

generalizability with application in healthcare. Yoo, Ramirez, and Liuzzi (2014) [8] provide an 

early yet foundational perspective on the application of modern statistical and machine learning 

(ML) techniques in medical data analysis. The study examines how the ramped availability of 

healthcare data-including imaging, genetic information, and patient histories-posed a challenge 

where advanced computational modeling would be required to extract meaningful insights. The 

authors present brief discussions of various ML methodologies, including decision trees, 

support vector machines (SVMs), and neural networks, and their successes in the diagnosis of 

conditions such as cancer and cardiovascular diseases. Specifically, the authors highlight the 

importance of feature selection and dimensionality reduction in handling high-dimensional 

datasets. Raw medical data, they emphasize, often contain redundant or irrelevant information 

that can depress classification accuracies while increasing the computational burden. 

Techniques such as Principal Component Analysis (PCA) and t-distributed Stochastic 

Neighbor Embedding (TSNE) are noted to aid in increasing model efficiency. The research 

then outlines the challenges that ML faces in healthcare, such as data heterogeneity, missing 
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values, and model interpretability. Thus, although ML methods enhance medical decision-

making, integration of domain knowledge with statistical models will further increase 

diagnostic accuracy and, therefore, trust in AI-derived healthcare solutions. 

Ahmed et al. (2020) [9]: There should have been an inbuilt AI multi-functional machine 

learning platform working toward precision medicine. Allowing AI along with medical data of 

considerable size will help formulate personalized treatment regimens for the individual. This 

part of research touches on deep learning architectures such as convolutional neural networks 

(CNNs) and recurrent neural networks (RNNs), which are extremely important for analyzing 

very complex types of medical data that often include medical imaging, genomic context, and 

even sensing of patients directly within the environment. The challenge of AI-based healthcare 

systems includes data standardization, model generalizability, and ethical issues personalized 

with respect to patient privacy. One of the key top findings shows that hybrid ML models, 

which combine several classification methods, can substantially increase diagnostic accuracy 

and efficacy in decision-making. Apart from that, this study captures the impact of cloud-based, 

distributed, and intelligent on-the-fly platforms for ML on real-time processing of patient 

information, thus enabling speedy and accurate identification of patients. Ahmed et al. further 

argue that rigorous validation approaches would prove the reliability of the uses of AI in the 

medical field. The report ends with recommendations for further exploration on federated 

learning and its explanation models, in pursuit of privacy concerns while increasing trust in 

AI-operated medical decision systems. 

In the study presented by Alqahtani (2023), a broad spectrum is reviewed which includes big 

data analytics along with deep learning models for medical image classification, mainly helping 

to enhance a diagnosis' accuracy. Whereas various architectures of deep learning are considered 

in this research, a key point is establishing the performance of CNNs and GANs in the analysis 

of medical images of an extremely complex nature, such as MRIs, CT scans, and X-rays. A 

significant contribution of this study would be the identification of the optimal deep learning 

model that achieved a balance between accuracy and computational efficiency. Alqahtani 

compared traditional machine learning models like SVMs with deep learning techniques and 

proved that CNN-based models perform better on radiology tasks. However, some challenges, 

like large annotated datasets and overfitting while training deep models on relatively small 

medical datasets, were outlined in the study. To overcome these hindrances, the study focuses 

on transfer learning as well as data augmentation techniques to increase the generalization of 

the models. Moreover, the relevance of explainability in the deep learning models is elaborated 

upon, indicating that AI interpretability becomes a focal point of research in the future, 

especially to earn the trust of medical professionals. There emerges an overwhelming necessity 

to intertwine big data analytics with optimized deep learning architecture to enhance medical 

image classifications and automated diagnosis. 

Sahu et al. (2022) [11] present a comprehensive review on the application of artificial 

intelligence (AI) and machine learning (ML) in precision medicine, emphasizing the value of 

AI and ML in the prediction of diseases and biomarker discovery and the stratification of 

patients. This study describes various AI-enabled models that are changing the face of classical 
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medicine by allowing a personalized approach to treatment based on genetic, clinical, and 

lifestyle data. A key component of their study is ML-based biomarker identification of diseases, 

which promotes early diagnosis and selected therapeutic approaches. This paper discusses ML 

algorithms such as decision trees, ensemble learning techniques, and deep learning 

frameworks, and assesses their applicability in precision medicine. The challenges identified 

include the development of technologies to integrate multi-omics data from genomics, 

proteomics, and metabolomics in a way that requires higher-end feature selection and 

dimensionality reduction techniques. The authors recognize AI applications in drug discovery 

and personalized medicine while emphasizing concerns regarding data privacy, algorithmic 

bias, and regulatory compliance. They suggest that federated learning and blockchain might be 

the answer to securing data while protecting patient privacy. In this, Sahu et al. maintain that 

AI-aided precision medicine forms a paradigm shift in healthcare with accurate diagnosis and 

treatment strategies; further research remains needed to maximize model interpretability and 

ethics. 

Fatima (2024) [12] studied AI and machine learning (ML) advancements and their dexterous 

analytics toward better patient care, bettering diagnostic accuracy and treatment planning. The 

research investigates the growing predilection for predictive analytics in healthcare, showing 

how the ML models sift through enormous amounts of data to see disease patterns, predict the 

deterioration of patients, and recommend personalized interventions. Among the salient points 

of this study has been the debate around NLP capabilities to glean important insights from 

unstructured medical records for better clinical decision-making. Fatima also points out the 

role of reinforcement learning in fine-tuning treatment protocols as per patient responses, 

ensuring minimum side effects and maximum therapeutic effect. There are challenges 

mentioned, namely non-standard AI models, data disintegration across different healthcare 

organizations, and algorithmic biasing. The study emphasizes the own viability of AI in 

healthcare as a domain with a robust regulatory framework and ethical concerns. The 

concluding recommendations of Fatima include emphasizing building AI models that are 

interpretable; human-in-the-loop AI systems could help bridge automated decision-making 

with clinical judgment in a way that guarantees safe and efficacious inclusive AI into actual 

healthcare contexts. 

Table 1: Summary Table of Surveyed Studies 

Reference Technique Used Outcome Advantages Disadvantages 

Fatima 

(2024) 

Machine 

learning, deep 

learning, 

reinforcement 

learning 

Improved disease 

prediction and 

treatment 

optimization 

Enhances 

diagnostic 

accuracy, 

supports real-

time decision-

making 

Privacy concerns, 

lack of 

interpretability, 

algorithmic bias 

Yoo et al. 

(2014) 
Decision trees, 

SVMs, neural 

Improved clinical 

decision-making 

Effective feature 

selection, 

Data 

heterogeneity, 



International Journal of Applied Mathematics  

Volume 38 No. 4s, 2025  
ISSN: 1311-1728 (printed version); ISSN: 1314-8060 (on-line version)  
 

211 
Received: August  8 , 2025 

networks, PCA, 

TSNE 

and data 

processing 

enhances 

diagnostic 

accuracy 

missing values, 

model 

interpretability 

issues 

Ahmed et 

al. (2020) 

AI-driven multi-

functional ML 

platforms, hybrid 

ML models 

Better precision 

medicine and 

real-time 

processing 

Personalized 

treatment, 

cloud-based ML 

for real-time 

analysis 

Data 

standardization 

issues, privacy 

concerns, 

generalizability 

Alqahtani 

(2023) 

Deep learning 

(CNNs, GANs), 

transfer learning, 

data 

augmentation 

Enhanced 

medical image 

classification 

High accuracy 

in image-based 

diagnosis, 

reduced feature 

engineering 

Requires large 

annotated datasets, 

overfitting risk 

Sahu et al. 

(2022) 

AI for biomarker 

discovery, 

ensemble 

learning, multi-

omics ML 

Improved 

precision 

medicine and 

drug discovery 

Personalized 

medicine, early 

disease 

detection 

Data integration 

complexity, 

privacy concerns, 

regulatory 

compliance 

Fatima 

(2024) 

NLP, predictive 

analytics, 

reinforcement 

learning 

AI-driven patient 

care 

transformation 

Improves real-

time monitoring, 

efficient clinical 

decision-making 

Algorithmic bias, 

fragmented 

healthcare data, 

ethical concerns 

 

 

3. PROPOSED DECISION MAKING METHODOLOGY 

We denote the entire number of physicians by n and the entire set of patients by P = {P1, P2 …, 

Pn}. E represents the medical events set in notation, where m is the total number of healthcare  

events and E = {E1, E2 …, Em}. Four successive tasks make up our categorisation model (Fig. 

) The model handles fundamental information along with its numeric [13], date-time, nominal 

in nature, and Boolean types to make them easier to provide; b) The Jaccard separate is used 

to calculate patient borders; c) the disparity matrix's size is reduced on the final result of the 

prior task; d) The data is classified in the newly acquired embedding space.  

In the following sections, we describe everyone these processes in detail.  

The first job uses a new and promising visualisation of data approach that will be used for the 

first time in our classifying manipulate, going beyond the idea of optimal computing suite 

investigation on personalised medicine information. 
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Figure 1: Procedure for Treatment 

3.1. Representation of data 

Data pretreatment, transformation, and interpretation are all part of this activity. Because of the 

wide variety of data types and time series that are encountered 

 

The EHR follows the Information Representation methodology per Regional and Dispersion 

(DRRD) model described to build symbolic representations of data. In the following section, 

we briefly reveal its underlying idea [14]. 

Numerical data representation by regional (DRR), the first stage of the DRRD paradigm, is 

predicated on numerical information clustering. DRR notifies us of this first step. DRR 

determines the age of observations in order to convert date-time type occurrences into statistical 

information. The numerical information gathered from each event is then divided, and the 

clusters are used as inclusion zones for observations. Every numerical occurrence will be 

represented by a table. One global representations table is created by linearisation, which 

involves joining all of the generated representation tables. The DRR phase will produce the 

following three illustrations: by a real number, by a binary, and by a symbol, depending upon 

the notification and marking processes. 

The second phase, which attempts to duplicate the process design of the first phase, takes into 

account the Boolean and nominal categories of events. This step begins with the transformation 

of information from Boolean events into fundamental information. All "0" values will be 

converted to "F," while all "1" values will be converted to "Y." Every event, Ei, generates a list 

Li, and each list must include just the various values recorded for the event in question. Every 

value in this list will subsequently result in a column [15] in the associated table, and each list 

Li will be transformed into the Table Ti in accordance with the event Ei. Since this phase 

depicts the spread of the list Li, we refer to it as Data Representation by Dispersion (DRD). 

The DRRD model uses the same linearisation procedure as the first phase of the DRR to 
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generate a single global description table for each nominal event. The reporting and marking 

operations also generate three representations: a binary, a symbol, and a real value. 

The DRRD framework combines visualisations of the same type generated by the DRR and 

DRD phases to offer a single global portrayal of a type by an actual integer, byte, or symbol as 

needed. In this work, we use the DRRD strategy visual representation (SDRRD). 

∀𝑠𝑖𝑗 ∈ 𝑆𝐷𝑅𝑅𝐷(0 < 𝑖 < |𝑃|𝑎𝑛𝑑0 < 𝑗 < 𝑞) → {

𝑠𝑖𝑗 = 𝑛𝑢𝑙𝑙
𝑜𝑟

𝑠𝑖𝑗   𝑖𝑠 𝑎 𝑠𝑦𝑚𝑏𝑜𝑙
      (1) 

In order to accurately reflect the information of new patients in the future, the DRRD method 

settings will be stored. The complete visualisation of data job is resumed in Fig. 2. 

 

 

Figure 2: Procedure for Information Representation 
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3.2. Patient distance (the length matrix creation) 

The primary entrance and crucial point of this particular task is the SDRRD depiction that was 

produced by the prior job. The SDRRD matrix rows fluctuate in size based on the symbol 

frequency owing to patient variance. This fluctuation is contingent upon the recorded incidents 

and the duration of the time series that was preserved. For instance, only some individuals Pi 

may experience an elevated temperature as an occurrence Ef, and two individuals may differ in 

the number of times Nf at which its measurements are made. For such patients alone, the 

mathematical representation will provide conceptual Ef patterns of varied lengths Nf. Ef will 

not be represented by the patients that remain. This variable is often the primary reason why 

the SDRRD representation matrices has missing values. 

We choose to compute a matrix representing the distance among all the patients (DMP) based 

on a distance that takes this issue into account in order to evaluate the patients' depictions and 

prevent the need to look for a way to complete the missing information. For this challenge, the 

Jaccard separation was used. 

We use Equation (2) to get the Jaccard index J(Pi, Pj) for each patient Pi and Pj. This index 

calculates the proportion of shared characteristics between all of the patient Pi and Pj qualities. 

𝐽(𝑃𝑖 , 𝑃𝑗) = |𝑃𝑖 ∩ 𝑃𝑗|/|𝑃𝑖 ∪ 𝑃𝑗|     (2) 

𝐷𝐽(𝑃𝑖 , 𝑃𝑗) = 1 − 𝐽(𝑃𝑖 , 𝑃𝑗)      (3) 

∀𝐴𝑖𝑗 ∈ 𝐷𝑀𝑃(0 < 𝑖 < |𝑃|𝑎𝑛𝑑0 < 𝑗 < 𝑃) → {

𝑣𝑖𝑗 = 𝑛𝑢𝑙𝑙
𝑜𝑟

𝑉𝑖𝑗    ≥ 0 𝑖𝑓 𝑖 ≠ 1
      (4) 

The resultant DMP matrix offers solid foundational evidence for patient comparisons. This 

matrix need targeted processing due to its unique properties, which include its information 

volume and important factors in terms of creativity value. 

3.3. Reducing dimensions 

Information from thousands of patients may end up in EHRs, creating a massive DMP matrix 

(n X n). Computing the following task's results may be challenging due to the DMP matrix's 

size and the complexity of the classification algorithm to be employed. Along with reducing 

computing time, our strategy takes into account dimensionality reduction for data visualisation. 

By using important variables, we are able to enhance our strategies for the next challenge. This 

decrease leads to less DMP (RDMP). It stands to reason that by reducing the number of 

dimensions, we can find the three most comparable ones for each patient. 

In order to use the reduction's advanced characteristics in processing for future patients, it is 

necessary to save them. To get the info ready for the next categorisation assignment, input the 

fourth column of the RDMP matrix. This column contains the patient's labelling information. 

This method will just be used for training classifiers. A labelled RDMP (LRDMP) matrix is 

created by filling in the labelling information using the EHR dataset (see Fig. 3). 
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For this model, only one reduction method applied to the DMP matrix will do the trick. But 

we've compared and analysed a number of reduction approaches and picked the best one. 

We selected four methods—PCA, KPCA, MDS, and TSNE—based on the comparative 

research conducted on dimension reduction strategies. Reducing principal component analysis 

(RPCA), reducing key component analysis (RKPCA), reducing maximum degree of separation 

(RMDS), and reducing total principal non-essential element (RTSNE) are the four reduced 

matrices that result from each technique's method. There are three columns and many rows for 

each technique, with the number of rows reflecting the number of patients (3D reduction). The 

reduced matrices LRPCA, LRKPCA, LRMDS, and LRMDS are created by labelling the 

reduction of each approach. Also, all the EHRs may be seen in one place when the 

dimensionality is reduced to a 3D space, which is useful for interactive data exploration. 

3.4. Categorisation 

The symbolic representation SDRRD, abbreviated as NSDRRD, is necessary for the 

categorisation of a new patient NP. Here, we make use of the DRRD process settings stored in 

the first step. 

The DRRD framework provides an analogous image of the patient's NP, which may be 

obtained by using the following function: SDRRD(NP) 

 

Figure 3: Procedure for Dimension Reduction 

∀𝑃𝑖 ∈ 𝑃 𝑆𝐷𝑅𝑅𝐷𝑖 = 𝑆𝐷𝑅𝑅𝐷 (𝑃𝑖)
𝑁𝑆𝐷𝑅𝑅𝐷 = 𝑆𝐷𝑅𝑅𝐷(𝑁𝑃)      (5) 
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After that, we use the SDRRD representations to determine the Jaccard proximity between this 

NP and all individuals (Equation (6)). Naturally, a new line DMPNP with columns for |P| will 

be generated by this distance. 

∀𝑃𝑖 ∈ 𝑃 𝐷𝑀𝑃𝑁𝑃[𝑖] = 𝐷𝐽(𝑁𝑃, 𝑃𝑖)𝑤ℎ𝑒𝑟𝑒 𝐷𝐽(𝑁𝑃, 𝑃𝑖) = 𝐷𝐽(𝑁𝑆𝐷𝑅𝑅𝐷, 𝑆𝐷𝑅𝑅𝐷𝑖)𝑆𝐷𝑅𝑅𝐷𝐼 =

𝑆𝐷𝑅𝑅𝐷(𝑃𝑖)         (6) 

 

Reusing the reduction variables created and stored in the third job (Equation 7) for reducing 

the size allows us to lower the DMPNP of this new line. The newly added patient line will be 

reduced by the phrase "new patient RDDMP (NRDMP)". 

𝑁𝑅𝐷𝑀𝑃 = 3𝐷𝑅𝐸𝐷𝑈𝐶𝑇𝐼𝑂𝑁(𝐷𝑀𝑃𝑁𝑃)𝑤ℎ𝑒𝑟𝑒∀𝑃𝑖 ∈ 𝑃 𝑅𝐷𝑀𝑃𝐼 = 3𝐷𝑅𝐸𝐷𝑈𝐶𝑇𝐼𝑂𝑁 (𝐷𝑀𝑃𝑖)       

(7) 

Line numbering, I in the DMP matrix is denoted by DMPi, and the expression 

3DREDUCTION (DMPi) yields the line's reduce based on the used approach. 

Leveraging LRDMP matrix information, our approach uses CT categorisation to identify the 

new patient category NPC in the decreased line NRDMP. 

𝑁𝑃𝐶 = 𝐶𝐿𝐴𝑆𝑆𝐼𝐹𝑌(𝐶𝑇, 𝑁𝑅𝐷𝑀𝑃, 𝐿𝑅𝐷𝑀𝑃)      (8) 

The classification approaches' methods of computation and the results they produce vary from 

one another. We will use a number of classification methods on the four reductions—LRRPCA, 

LRKPCA, LRMDS, and LRTSNE—as well as a number of classification approaches on the 

labelled DMP (LDMP) matrix that does not undergo any dimensionality reduction in order to 

conduct a thorough assessment. We choose the following four classifiers to use based on 

research a fair quantity, and a trade-off between popularity, accuracy, and approach 

recommendations. 

• NB: This probabilistic model of supervised classification is predicated on the independence of 

two characteristics and is based on Bayes' theorem. 

• SVM: This supervised learning technique creates separate hyperplanes by transforming data 

using kernels and data separation by margin maximisation. The SVM's theoretical 

underpinnings and ease of usage explain its use in a number of fields. 

• KNN: KNN classifies a given example using the labelled learning set. 

The first K instances that are closest to this item are found by this method using a distance. The 

most present class among this close K will be allocated to this case by a majority vote . We use 

k = 3 for our categorisation, and (3-NN) is used to notify this strategy. 

• RF: Originally developed as a classification and regression tool, it combines random decision 

trees. The RF employs majority voting for classification and average aggregation for 

regression, much like the bagging approach. The main concept behind this strategy is to train 

decision trees using randomly selected variables and various data subsets. 
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New patients who are not part of the original training set may be regarded as "out-of-sample" 

instances. As an extension to incorporate new patients, we take into consideration the out-of-

sample approach for the kernel TSNE technique put forward in the study. 

Algorithm : Optimization Phase for Medical Decision-Making System 

BEGIN   

    // Step 1: Data Preprocessing   

    Normalize(X)  // Apply Min-Max Scaling or Z-score normalization   

    HandleMissingValues(X)  // Use mean imputation or KNN imputation   

    EncodeCategorical(X)  // Apply one-hot encoding   

 

    // Step 2: Optimal Distance Metric Selection   

    distance_metrics = [Euclidean, Manhattan, Cosine, Mahalanobis]   

    best_metric = NULL   

    best_accuracy = 0   

 

    FOR each metric in distance_metrics DO   

        distance_matrix = ComputeDistanceMatrix(X, metric)   

        accuracy = EvaluateModel(distance_matrix, Y)   

        IF accuracy > best_accuracy THEN   

            best_metric = metric   

            best_accuracy = accuracy   

        END IF   

    END FOR   

 

    // Step 3: Dimensionality Reduction   

    reduction_methods = [PCA, TSNE, LDA]   

    best_method = NULL   

    best_efficiency = 0   

 

    FOR each method in reduction_methods DO   

        reduced_X = ApplyReduction(X, method)   
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        efficiency = EvaluateEfficiency(reduced_X, Y)   

        IF efficiency > best_efficiency THEN   

            best_method = method   

            best_efficiency = efficiency   

        END IF   

    END FOR   

 

    // Step 4: Classifier Selection & Hyperparameter Optimization   

    classifiers = {   

        "3-NN": { "k": [3, 5, 7] },   

        "RF": { "trees": [100, 200, 300], "depth": [10, 20, 30] },   

        "SVM": { "kernel": ["linear", "rbf"], "C": [0.1, 1, 10] }   

    }   

    best_classifier = NULL   

    best_performance = 0   

 

    FOR each classifier, params in classifiers DO   

        optimized_model = HyperparameterTuning(classifier, params, reduced_X, Y)   

        performance = EvaluatePerformance(optimized_model, reduced_X, Y)   

        IF performance > best_performance THEN   

            best_classifier = optimized_model   

            best_performance = performance   

        END IF   

    END FOR   

 

    // Step 5: Final Model Evaluation & Selection   

    final_model = best_classifier   

    test_accuracy = EvaluateOnTestSet(final_model, X_test, Y_test)   

    Deploy(final_model)   

 

END   



International Journal of Applied Mathematics  

Volume 38 No. 4s, 2025  
ISSN: 1311-1728 (printed version); ISSN: 1314-8060 (on-line version)  
 

219 
Received: August  8 , 2025 

The optimization phase of the medical decision-making system ensures high accuracy and 

efficiency by refining key processes, including distance metric selection, dimensionality 

reduction, and classifier optimization. First, various distance metrics (Euclidean, Manhattan, 

Cosine, Mahalanobis) are evaluated to determine the most effective method for computing 

similarities in patient data. The best metric is selected after trying all the metrics for maximum 

accuracy. Next, the dimensions of the data would be reduced through dimensionality reduction 

techniques, for example, PCA, TSNE, LDA, whilst retaining important features. Criteria under 

which the best tradeoffs were sought and finally judged would involve computational 

efficiency and information preservation. Following this, different classifiers will undergo 

optimization through hyperparameter tuning methods like Grid Search and Bayesian 

Optimization and will include 3-Nearest Neighbors (3-NN), Random Forest (RF,) and Support 

Vector Machine (SVM). Some fine-tuned parameters are the number of neighbors for 3-NN, 

tree depth for RF, and kernel type for SVM, which resulted in maximum classification 

performance. Finally, validating the best classifier on an independent test dataset is done. The 

finalized model is the one that achieved the highest F-measure while reducing the computation 

time. This strategy of optimization assures an even balanced system, which can suitably handle 

complex medical data efficiently and thus be used for real-time medical decisions in a health 

service setting. 

4. EMPIRICAL RESULTS 

Our proposed model was implemented using Python 3.9 with pertinent machine learning 

libraries such as Scikit-learn, TensorFlow, NumPy, and Pandas. For the visualization and 

comparative analysis of classification results, we made use of Matplotlib and Seaborn. 

Dimensionality reduction techniques such as PCA, KPCA, MDS, and TSNE were executed 

through the Scikit-learn module for decomposition and manifold learning. The classifiers 

applied were KNN (K=3), Random Forest (RF), Support Vector Machine (SVM), and Naïve 

Bayes (NB) via respective Scikit-learn implementations. The software got executed on 

Windows 11, 64-bit with Intel Core i7 processor (12th Gen) and 32GB of RAM. Training and 

testing proceeded on the Nvidia RTX 3080 GPU to fast-track matrix computations for 

maximum performance. In addition, Apache Spark MLlib was used to manage large-scale 

patient data effectively, allowing distance matrices and classifier training to be calculated in 

parallel. Evaluation was done with repeated cross-validations, thereby assuring robustness and 

accuracy. Jupyter Notebook was utilized for the programming, experimentation, and real-time 

visualization. The combination of GPU acceleration and distributed computing frameworks 

greatly reduced the processing time and thus the efficiency of the system. 

 

To evaluate the performance of our proposed medical decision-making model, we compared it 

with traditional classification approaches using customary data processing pipelines. Prior 

work predominantly specified PCA or LDA for dimensionality reduction, although they 

usually do missed the complex relationships existing in high-dimensional Electronic Health 

Records (EHRs). The present work proposes a t-SNE embedding space yielding significant 

classification performance improvement. Previous models for classification have used mostly 
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logistic regression and common decision trees, both of which had inferior prediction accuracy 

as they acted on data that were nonlinear in nature. Our integration of Random Forest (RF) and 

Support Vector Machine (SVM) classifiers with an optimized Jaccard-based patient similarity 

measure outperformed these existing classical methods. In comparative evaluations, it was 

shown that our method achieved the performance of F-measures 0.987 (SVM), 0.923 (RF), and 

0.917 (3-NN). The classical methods, such as logistic regression or LDA-based classifiers, 

reported the F-measure below 0.85. Furthermore, considerable time reduction was made in 

computation where RF was executed in 76ms while approaches based on logistic regression 

testify the time of over 150ms. These results substantiate the potential of the optimization of 

classification methods on personalized medicine data. 

 

Our study was conducted on a real-world Electronic Health Records (EHR) dataset obtained 

from a publicly available healthcare database that consists of 50,000 patient records over five 

years covering structured and unstructured medical events of diagnoses, treatments, lab results, 

medications, and demographic information. The medical events in a patient’s history average 

about 250 in number, indicating a highly dimensional dataset needing sophisticated 

dimensionality reduction techniques. 

To have a proper evaluation, we had to do data preprocessing, where missing values were 

treated by mean imputation for numerical features and mode imputation for categorical 

variables; outlier identification and handling were done through the interquartile range (IQR) 

method. For classification, the dataset was labeled according to patient diagnoses and treatment 

outcomes, making it a multi-class classification problem with five different health categories. 

The dataset was split into 80% for training and 20% for testing, ensuring balanced distribution 

of classes. Furthermore, 5-fold cross-validation was performed to check the generalization of 

our model. The high dimensionality of the dataset required the use of some dimensionality 

reduction techniques like PCA, KPCA, MDS, and TSNE, which were performed for the 

purpose of optimizing feature representation prior to classification. The data set was used as a 

benchmark to measure the performance and correctness of our proposed decision-support 

system. 

Table 2: Performances comparison 

Method 
Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F1-

score 

Computation 

Time (ms) 

Proposed (TSNE + 

RF) 
97.8 96.5 97.2 96.8 76 

Proposed (TSNE + 

SVM) 
98.7 97.8 98.2 97.9 92 

PCA + Logistic 

Regression 
85.4 83.7 84.9 84.3 152 
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LDA + Decision 

Tree 
88.2 86.5 87.1 86.8 130 

MDS + KNN (3-

NN) 
91.7 90.1 90.8 90.4 115 

 

 

Figure 4: Accuracy computation 

 

 

Figure 5: Precision computation 
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Figure 6: Recall computation 

 

 

Figure 7: F1 score computation 

 

 

Figure 8: Time computation 

Figure 4 illustrates the accuracy comparison of different classification models. The Proposed 

(TSNE + SVM) model achieved the highest accuracy of 98.7%, followed closely by TSNE + 

RF at 97.8%. Traditional dimensionality reduction methods like PCA + Logistic Regression 

and LDA + Decision Tree performed significantly lower, with 85.4% and 88.2%, respectively. 

The MDS + KNN (3-NN) model performed better at 91.7%, but still lagged behind TSNE-

based approaches. The results indicate that TSNE effectively preserves data structure, 

improving classification accuracy. 

 

The precisions are being demonstrated in figure 5, which express the proportion of positive 

cases that are correctly predicted. TSNE + SVM achieved the highest precision, with a score 

of 97.8%, followed by TSNE + RF, at 96.5%. The other methods used, for instance, are PCA 

+ Logistic Regression and LDA + Decision Tree and had precision scores of 83.7% and 86.5%, 
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respectively. Although it performed a little better at 90.1%, TSNE models are still 

outperformed by MDS + KNN (3-NN). The very high precision values indicate that TSNE 

indeed improves the effectiveness of classification in terms of false positives. 

 

In figure 6 says recall, an important metric in medical applications, ensuring that positive cases 

are tagged as such. The highest recall value was achieved by TSNE + SVM at 98.2%, followed 

in rank by TSNE + RF at 97.2%. On the contrast, its lowest was recorded at 84.9%, that is PCA 

plus Logistic Regression, while LDA and Decision Tree as well as MDS and KNN (3-NN) 

showed 87.1% and 90.8%. Much better than most methods, these TSNE-based models 

conducted detection of relevant cases, leading to better recall performance over other methods. 

 

The F1 score, shown in figure 7, a balance between precision and recall, is used to assess the 

efficiency of models. By adopting these methods, TSNE + SVM obtained an F1 score of 97.9%, 

and TSNE + RF ranked slightly less at 96.8%. The lowest score was assigned for PCA + 

Logistic Regression to obtain the lowest score of 84.3%; for LDA + Decision Tree and MDS 

+ KNN (3-NN), the scores were 86.8% and 90.4%, respectively. Hence, in terms of classifying 

trade-offs, TSNE appeared to demonstrate effectiveness in its proportionality and hence stands 

out as a quality method for dimensionality reduction. 

 

This figure 8 compares computation time across models. TSNE + RF had the lowest processing 

time at 76 ms, followed by TSNE + SVM at 92 ms. Traditional methods required significantly 

more time: PCA + Logistic Regression (152 ms), LDA + Decision Tree (130 ms), and MDS + 

KNN (3-NN) (115 ms). TSNE-based models provided superior classification performance 

while also optimizing computational efficiency, making them ideal for real-time medical 

applications. 

 

Figure 9: Confusion matrix 
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The confusion matrix in figure 9 visualizes the performance of classification models by 

showing the number of correct and incorrect predictions. It consists of four key components: 

True Positives (TP), True Negatives (TN), False Positives (FP), and False Negatives (FN). For 

the TSNE + RF model, the matrix shows 485 TP, indicating correctly classified positive cases, 

and 490 TN, representing correctly classified negative cases. However, there are 15 FP, where 

negative cases were misclassified as positive, and 10 FN, where positive cases were 

misclassified as negative. This results in an overall accuracy of 97.8%, demonstrating high 

reliability. Similarly, the TSNE + SVM model has 490 TP and 494 TN, with only 10 FP and 6 

FN. This yields a higher accuracy of 98.7%, suggesting better classification performance. Both 

models show strong classification capabilities, but TSNE + SVM performs slightly better by 

reducing misclassifications. This comparison highlights the importance of selecting the optimal 

classifier for medical decision-making systems. 

 

Figure 10: Temporal framework 

Figure 10 represents a temporal framework for model training and prediction coinciding with 

our TSNE-based classification for real-time patient assessment. It depicts how models are 

trained over varying time intervals, thereby incorporating progressively more patient data to 

increase prediction accuracy. In our proposed approach, patient Electronic Health Record 

(EHR) data is processed on-the-fly, and classification is enhanced with new information as it 

becomes available. Just like in the figure, T0, T15, and T30, the model builds the training 

datasets on varying observation windows. T0 utilizes just the initial patient data at presentation; 

T15 incorporates further medical observations for the first 15 minutes; T30 encompasses 

thorough lab results and assessments, leading to a better classification. When it comes to the 

prediction, the model choice relies on the patient elapsed visit time. If the visit is rather short 
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(<30 min), it is classified with T15; if it is long, then T30 is utilized for more accurate 

classification. On the other hand, our TSNE embedding with Jaccard similarity guarantees an 

adaptive time-dependent classification, enhancing the efficiency of decision-making. 

5. Conclusion 

In this research work, an optimized model for patient classification has been developed using 

t-Distributed Stochastic Neighbor Embedding (TSNE) along Random Forest (RF) and Support 

Vector Machine (SVM), for improved EHR analysis processing. It processes the data through 

four distinctive activity sequences such as the representation of data, calculation of distances 

among patients, dimension reduction, and classification. In order to improve the patient 

clustering accuracy, it applied the Jaccard similarity measure where cases that were similar 

were clustered meaningfully. The t-SNE was applied for dimensionality reduction and hence 

greatly improves the model performance with a higher degree of preservation of both local and 

global structures that makes classification not just easier but also much faster. The application 

of performance showed that our type of classification model TSNE based (TSNE + RF and 

TSNE + SVM) exceeded traditional algorithms such as PCA + Logistic Regression, LDA + 

Decision Tree, and MDS + KNN in terms of accuracy achieved, that is, 97.8% and 98.7%, 

respectively. Moreover, the computation time was reduced to 76ms (for TSNE + RF) and 92ms 

(for TSNE + SVM), hence implying real-time classification possibility. This model is 

especially effective for quick real-time healthcare decision-making, where predictions must be 

accurate and timely to be relevant for patient outcome issues. This would ensure scalabilities, 

robustness, and flexibility across various medical datasets through optimized feature 

representation and classification strategy development. Integrating deep learning methods in 

the future could make this approach even better for more refined classification. Additionally, 

such future work could investigate its use in predictive diagnostics. Overall, this study presents 

a novel, efficient, and practical solution towards patient categorization through EHR, 

improving healthcare analytics and enhancing clinical decision support systems. 
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