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ABSTRACT

With the integration of genomic, multi-omic data, and Electronic Health Records (EHR) alongside other
medical information, this field holds the potential to revolutionize medicine, with the goal of achieving
personalized healthcare. This article outlines the challenges and opportunities in this emerging area of study.
The proposed research focuses on developing a hybrid framework that combines Big Data Analytics (BDA)
with an Improved Smooth Support Vector Machine (ISSVM) to advance personalized medicine. The increasing
complexity and volume of medical data present significant challenges in delivering personalized healthcare
solutions. Existing methods often struggle with accuracy and scalability, limiting their effectiveness for
individualized diagnosis and treatment planning. The hybrid architecture addresses these issues by merging the
statistical power of BDA with the robustness of ISSVM enhances classification performance by smoothing the
decision boundary. The goal of the proposed approach is to accurately identify patterns within large,
heterogeneous datasets, thereby enabling more tailored and precise medical treatment. The primary aim is to
boost the predictive capacity of personalized medicine by improving diagnostic accuracy, optimizing treatment
strategies, and providing more reliable patient outcome predictions. Preliminary results applied to large-scale
medical datasets shows that the proposed model outperforms existing SVMs, achieving a 15% increase in
classification precision and a 20% reduction in processing time. This study leverages vast data sets and
advanced machine learning techniques with the potential to significantly improve the effectiveness of
individualized therapies.
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1. Introduction

Over the past 50 years, advancements in therapy and
fundamental research in cardiovascular medicine have
led to a significant decline in deaths from
cardiovascular disease. Even with highly effective
medications, individual variations in response are
becoming more widely recognized. Discrepancies in
the use of evidence-based interventions and outcomes
persist in standard clinical practice, limiting the
potential impact of scientific advancements on
healthcare [1]. The growing availability of digital
medical information and advanced analytical
techniques such as machine learning offers the

possibility of more personalized treatments and more
efficient population health management [2].

If clinical translation is successfully achieved in this
era of massive data and artificial intelligencehas the
potential to impact healthcare across the continuum
from bench to bedside to population-level care
thereby optimizing the triple aim of improving overall
healthreducing costs, and delivering higher-quality
patient care. This paper will examine the benefits and
challenges of using big data and machine learning to
provide personalized, triple aim-compliant healthcare.
It will also argue that, to harness these opportunities,
researchers from all areas of the experimental

1JDDT, Volume 16 Issue 37s, 2026

Page 216



Developing a hybrid Improved Smooth Support Vector Machine and Big Data Analytics framework
for advancing personalized medicine

spectrum must collaborate and oversee various
research initiatives [3].

The proliferation of genetic sequencingthe adoption of
EHR and the growing availability of digital medical
data from sources like applications and biosensors
have contributed to the rise of massive datasets.
Continuously expanding data sets are well-suited for
applying machine learning techniques, which enable
the development of predictive algorithms and
complex, iterative pattern recognition [4]. There is
optimism that Artificial Intelligence (AI) could
emulate human intelligence by analyzing large
amounts of data. For Al to truly mimic human
cognitionwill need to not only detect patterns in
structured data but also understand spoken language.
It is uncertain whether deep learning combined with
cognitive technologies will achieve such advanced
computational intelligence in the near future [5].

The application of big data could greatly benefit
personalized medicine, where machine learning
models predict the specific risks for each patient and
accurately identify which patients would benefit most
from a given therapy. For instance, could data from
genomes, biosensors, and EHRs improve the pooled
cohort equation's ability to predict cardiovascular
events? Potential applications include faster drug
target discovery improved population health
management, enhanced diagnostic accuracy, and
treatment recommendations based on Al-refined
phenotypes (precision medicine) [6]. While there is
much discussion around these possibilities, there is
limited evidence supporting their widespread use.
This suggests that cardiovascular researchers across
the translational medicine spectrum must play a
crucial role in validating the safety and effectiveness
of large-scale data applications before they are widely
adopted. Without such evidence, the potential of

machine learning and big data to improve
cardiovascular disease treatment may remain
untapped [7].

To provide compelling evidence, whether

observational research or randomized trials must
demonstrate that big data approaches lead to improved
patient outcomes. Clinical pharmacology relies
largely on patient monitoring to determine appropriate
drug dosages. In many cases, physicians use their
experience or symptom scales to adjust medication,
but this method does not work well for all drugs.
Some medications have a narrow therapeutic window,
meaning there is a fine line between an ineffective
dose and a toxic one. Overdosing puts patients at risk
of toxicity, while underdosing renders the treatment

ineffective. Therefore, it is essential to understand a
drug’s therapeutic range to support effective clinical
monitoring [8].

Pharmacokinetics (PK) studies aim to customize drug
dosing for individuals in a way that is rapid, cost-
effective, and minimally invasive. Two main
approaches to pharmacokinetic analysis are
commonly used in scientific literature. One method
uses statistically straightforward models to estimate
overall drug disposition, which is typically employed
when patient data is limited [9]. If the results do not
align with the estimation method, the Area Underthe
Curve (AUC) may be inaccurate. The other approach
uses highly sophisticated algorithms to derive
pharmacokinetic =~ knowledge from a defined
population group, though certain processes, such as
drug absorption after oral dosing, may be excluded
due to insufficient data. Most proposals focus on bulk
analysis rather than personalized treatment [10].
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Adjustment analysis
Therapeutic
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Medical
judgement &
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ELEISH

Figure 1: The procedure of Therapeutic Drug
Monitoring

Numerous research investigations have employed
structural modeling techniques and newer statistical
approaches such as Bayesian methods, have also been
introduced to pharmacokinetic research. These
methods typically handle only real-valued variables,
making it difficult to account for binary factors, such
as gender, which introduce significant discontinuities
in the simulations and are often excluded. The
detailed mathematical frameworks involved also make
it challenging to modify or incorporate additional
variables [11]. This study emphasizes the use of
Support Vector Machines (SVM) to construct
personalized models of medication concentration for
each patient . Unlike prior contributions, the scope
and nature of the results in this paper represent a
significant deviation. The primary focus is on
exploring the potential of SVM to develop customized
medication concentration models, offering healthcare
providers intuitive and easy-to-understand visual aids
[12].

1.1 Problem Statement
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Personalized medicine faces significant challenges
due to the rapid growth of medical data and the
increasing demand for specialized, tailored care.
Current techniques for analyzing and interpreting
medical research often struggle with capacity,
reliability, and efficiency. In particular, existing SVM
methods have difficulty managing high-dimensional
and large datasets, resulting in suboptimal
performance in terms of computational efficiency and
predictive accuracy. Although incorporating BDA
with ISSVM can enhance the ability to process and
gain insights from these vast datasets, it often fails to
provide the advanced classification capabilities
necessary for precision medical applications.The goal
is to develop a robust, scalable, and efficient model
that improves patient outcome predictions, optimizes
treatment planning, and increases the precision of
personalized diagnoses. The challenge lies in
integrating cutting-edge techniques that can efficiently
process and utilize massive amounts of health data to
deliver more individualized medical care.

1.2 Motivation

The ability to accurately and efficiently analyze large
volumes of complex medical data often limits the
effectiveness of personalized medicine. Current data
processing methods may fail to fully realize the
potential of such data, resulting in less precise
diagnoses and treatment recommendations. To
address these limitations and unlock the potential of
personalized medicine, a hybrid ISSVM and BDA
framework was developed. The ISSVM enhances
classification accuracy by refining decision
boundaries, leading to more precise predictions and
better patient classification.When integrated with
large-scale statistical analysis, this approach can more
efficiently manage and analyze vast, high-dimensional
health data, uncovering hidden patterns and
relationships that other methods might miss. The
study aims to increase the reliability of medical
outcomes, optimize treatment plans, and improve
patient outcome predictions by combining these
advanced methodologies. This hybrid proposed
system holds the promise of enhancing medical
planning efficiency, reducing medical errors, and
ultimately delivering more personalized and effective
patient care.

2. Related Works

The primary goal of algorithmic learning, a discipline
that emerged from computer science, is to replicate
human intelligence in computers. In recent decades, it
has been used to address categorization issues in
pattern recognition and computer vision. It provides

computers with the flexibility to adapt their responses
based on the information they receive, including the
ability to handle noise to some extent [13]. Following
its extension to regression-related problems, similar
methods gained popularity in various fields including
object recognition, image superresolution and others.
The decision tree approach is the fastest and easiest to
understand of the four methods but it is less accurate
in its predictions compared to the other three,
particularly in extrapolation where estimates are made
on continuous values [14]. Due to the complexity of
their approach, they are sometimes viewed as
mysterious. The meta-algorithm known as the
"boosting method" depends on extremes and noisy
information and is typically used in combination with
weak classifiers. Its ability to manage overfitting and
its intuitive grasp
straightforward [15].
Numerous fields such as finance, engineering, and
medical care deal with complex data sets. Quantifying
optimal efficiency in data-driven optimization
challenges based on such complex data sets is
challenging. The complexity arises from the large
number of variables in the data (many fixed
characteristics and adjustable choice factors) and the
various sources that provide the data quickly. The

of mathematics make it

optimization work may be affected by a dataset's
complexity as it may prevent key characteristics from
aligning and make the problem computationally
unmanageable if every potential pairing of decision
variables is considered [16].
Propose a novel approach that identifies the best
choice factors influencing target variables while
complementing relevant characteristics, utilizing BDA
and Machine Learning (ML). The proposed approach
extends the capabilities of Bayesian network (BN)
models' Markov blanket (MB) and related d-
separation characteristics. This strategy is applied to
individuals taking multiple medications (known as
polypharmacy) and those with multiple medical
conditions or coexisting disorders. Finding the right
combination of medications for these individuals is
extremely challenging [17].

The SVM method separates data points into two sides
or categories by drawing a decision boundary known
as the hyperplane. The data points corresponding to
these different sides of the hyperplane are categorized
by maximizing the distance between the two sides.
Support vectors are data points within a reasonable
distance of the boundary are used in minimizing
boundary coordinates. This method is significant as it
can categorize and select features that provide data,
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such as proteins, genes, and processes. Categorizing
large datasets remains computationally expensive. A
hybrid SVM approach with a data filtering element is
seen in various applications. SVM performs well with
high-dimensional data (many variables), allowing for
effective classification of groups with a large number
of dimensions and relatively small datasets [18].
Clinical Decision Support Systems (CDSSs) designed
to support medical decisions based on patient
information. This  program  can  generate
recommendations for individual patients and relies on
computational medical expertise or previous
Specifically address a class of medical services where
a CDSS can be beneficial: the personalized
calculation of an appropriate medication dose for an
individual based on a prediction of drug concentration
in the blood, considering the individual's
characteristics [19]. Several algorithms have been
developed to aid PK research, forecasting drug
concentrations in the blood. Analytical and statistical
frameworks can be used for these predictions. Only
real-valued factors can be included in mathematical
analyses; binary-valued parameters such as gender
introduce significant discontinuities in the estimates
and are often excluded from the techniques [20]. More
variables to the differential equations used in
mathematical models is challenging. A fundamental
disadvantage of statistical methods name Bayesian
method is that require knowledge of data distributions
such as mean and/or deviation values. It is challenging
to determine appropriate mean or deviation values for
computing concentrations for new medications with
insufficient patient trials. Research briefly discussed a
SVMbased approach for personalized medication
concentration  prediction improved forecasting
accuracy [21].

Precision medicine offers an alternative to traditional
medical treatments that are designed for the "average
individual" may not be effective for those who do not
respond to these "one-size-fits-all" approaches. It aims
to overcome current treatment limitations by
customizing medical treatments to each individual's
unique features [22]. Precision medicine has already
led to significant new discoveries and therapies
tailored to specific traits including an individual's
genetic makeup or the genetic profile of their tumor.
Frequent molecular testing helps doctors choose
therapies that maximize lifespan potential while
minimizing side effect risks. Microarray DNA is a
technique for genotyping different parts of a genome
or assessing the transcription levels of multiple genes
simultaneously. It involves a collection of tiny DNA

spots adhered to a solid surface [23]. Microarray
systems continue to produce large amounts of data
and are cost-effective offering significant advantages
in handling extensive data. They have a nearly two-
decade history of success in the laboratory. The rapid
advancement of sequencing technology and the
significant decrease in costs have driven the adoption
of genome screening in healthcare. Next-Generation
Sequencing (NGS) methods are increasingly used in
medical facilities to aid in the identification and
prognosis of genetic diseases. NGS provides more
comprehensive and academically reliable information
than microarrays in the past [24].

Presented a technique known as ADASVM, which
combines AdaBoost with SVMs. These approaches
achieve good classification accuracy but they lack
biological value as pathologists still do not know
which gene is most likely associated with the
malignancy. Feature selection is considered a standard
procedure that precedes classification, enhancing
reliability and adding biological value. SVMs with
feature selection to diagnose breast cancer, employing
the F-score to assess feature selection; a higher F-
score indicates a more discriminatory feature. This
approach achieved the highest classification precision
(99.51%) with five features on the Wisconsin breast
tumor dataset [25]. To select genesadapted Partial
Least Squares (PLS) for multi-class classification
producing highly stable feature rankings and
exceptional accuracy across various classification
techniques. Other feature selection metrics such as
entropy, neighborhood granules and data gain have
also been proposed. These feature selection
techniques are often separate from the algorithms.
Some automatic feature selection classifications have
been improved, utilizing the lasso feature and its
variations [26].

Beyond cancer prediction, researchers are exploring
whether the natural sequence of genes contributes to
cancer causation. Proposed method is using artificial
intelligence to identify phenotypic groups although
this approach has potential drawbacks. A significant

portion of medical record information reflects
inherent biases in observational datasuch as
distinguishing between correlation and

causationlikelihood of false positives and negatives
(i.e., reclassification) and meaningful data gaps [27].
For instance, treatment selection bias arises when
comparing non-randomized data to evaluate
therapeutic options. Statistical tests cannot correct for
unmeasured confounding factors. Larger datasets do
not effectively mitigate this bias, which is particularly
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relevant to big data. The issues may become more
pronounced with additional data and make
recognizing underlying biases more difficult [28].
Administrative data with incorrect coding or missing
information on certain illnesses or comorbidities can
be equally problematic. These issues underscore the
need for thorough investigation to validate artificial
intelligence and machine learning prediction models
that use genetic and EHR phenotypic safety and
efficacy. Future translational healthcare will need to

incorporate these practical studies, involving
interdisciplinary collaboration with data scientists
[29].

3. Materials and Methods

The primary objective is to develop a robust
framework that improves the precision and
effectiveness of healthcare evaluations, treatment
planning, and patient outcome forecasts by combining
an ISSVM with BDA shown in Figure 2. By refining
selection  boundaries, the ISSVM enhances
classification efficiency by reducing noise sensitivity
and improving generalization. This hybrid approach
identifies hidden patterns and correlations in complex
data, complementing BDA that effectively processes
and analyzes extensive medical information.

Preprocessing

Data Sources

*EHRs
*Genomic Data
*Patient History
*Clinical Trials

*Wearable Devices

ISSVM Modeling

*Training Model
*Hyperparameter
Tuning
*Classification and
Prediction

*Data Cleaning
*Data Transformation
*Feature Engineering

O
* SVM and Analytics
Integration
*Personalized Diagnosis
*Treatment Planning

Result PredicIion

User Interface
* Visualization Tools
* Reports
* Decision Support

Figure 2: Proposed Architecture

The anticipated results include improved diagnostic
accuracy, more effective treatment plans, and more
precise predictions of medication responses. By
leveraging ISSVM algorithms and extensive data
analyticsresearch aims to address the limitations of
traditional methods and advance personalized
medicine, leading to more tailored and efficient
medical treatments.

3.1 Data collection

To collect the wide variety of health information
required to advance customized treatment, the
information collection layer is crucial shown in Table
1. This layer has many important sources: The
individual history provides context regarding present
wellness issues, involves information on previous
disecases, medications, and family's medical
backgrounds; genome data, which encompasses an
individual's genetic characteristics, which includes
DNA sequences and gene facial expressions; and
experiments, containing outcomes of investigations
evaluation novel medicines or therapies. EHRs offer
complete information about patients, including
medical data, determinations, treatments, and
examination findings. These sources provide a solid
knowledge base that facilitates precise diagnosis,
tailored treatment planning, and successful patient
outcome forecasts.

Table 1: Data Collection

Dat Attribute Description | Purpose
aset
EH | Patient ID Unique Ensures
Rs identifier data
for each | linkage and
patient. individual
patient
tracking.

Medical History | Comprehen | Provides
sive record | backgroun
of d
past illnesse | for current
S, health
conditions, assessment
and treatme | s.
nts.

Diagnoses Clinical Assists  in
conditions understand
or diseases | ing patient
diagnosed health and
by treatment n
healthcare p | eeds.
rofessionals

Medications List of | Helps in
drugs tracking
prescribed treatments
to and
the patient, | assessing
including drug intera
dosage ctions.
and adminis

1JDDT, Volume 16 Issue 37s, 2026

Page 220




Developing a hybrid Improved Smooth Support Vector Machine and Big Data Analytics framework
for advancing personalized medicine

tration
details.

Test Results Results Aids in
from evaluating
laboratory current
tests, imagi | health
ng studies, | status and
and treatment e
other diagn | fficacy.
ostic
procedures.

Allergies Documente | Important
d allergies | for
and avoiding p
adverse reac | otential
tions to | allergic
medications | reactions
or in treatmen
other substa | ts.
nces.

Gen | DNA Sequence The ordered | Provides
omi sequence genetic
c of nucleotid | informatio
Dat es in an | nrelevant
a individual's | to disease
DNA. risk
and treatm
ent.

Gene Expression | Measureme | Helps in

Levels nt of the | understand
activity ing
levels of | gene functi
specific on and
genes. expression

profiles.

Genetic Variations Identifies

Mutations or genetic pre
alterations disposition
in S to
DNA seque | diseases.
nces.

Single Variations Useful for

Nucleotide Poly | at single | identifying

morphisms (SNP | nucleotide genetic risk

s) positions in | factors for
the genome. | various con

ditions.
Pati | Previous Information | Provides
ent | Illnesses about past | context for
Hist health condi | understand
ory tions and | ing current
diseases. health issu

es.

Surgeries Records of | Relevant
any surgical | for
procedures | assessing
undergone recovery
by the | and long-
patient. term health

impacts.

Family Health Helps in

Medical History | conditions identifying
and diseases | hereditary
affecting health
the patient's | risks.
family mem
bers.

Clin | Trial ID Unique Tracks and

ical identifier manages

Tria for each | data from

Is clinical specific
trial. trials.

Treatment Details  of | Provides

Protocol the context for
treatment evaluating
regimen treatment
tested in the | efficacy.
trial,
including d
osage and
administrati
on

Patient Data on | Assesses

Responses how the
patients effectivene
respond to | ss and
the safety  of
treatment, new treatm
including ents.
efficacy and
side effects.

Outcomes Results of | Measures
the trial, | the overall
including su | success of
ccess rates | the trial
and any | and
observed ad | informs fut
verse ure
effects. research.

The main characteristics of each dataset

samples are

included in Tables 2-5 along with their unique goals
for the advancement of customized medicine.
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Table 2:Sample dataof Electronic Health Records pneumon Mother:
(EHRs) ia Asthma
Pat | Medical | Diagnos | Medic | Test | Alle || P3 Mild Cholecystecto | Father:
ient | History es ations | Resul | rgies stroke 5 | my Hyperlipidaem
ID ts years ago ia, Mother:
Pl | Type II | Diabetes | Lisino | Blood | Peni Breast cancer
Diabetes | , pril, Gluco | cillin Table 5: Clinical Trials
, Hyperte | Metfor | se: Patient | Treatment Patient Results
Hyperte | nsion min 150 ID Protocol Responses
nsion mg/d P1 Drug A: 50 | 80% 70% effective,
L mg daily for | improved | minimal side
P2 | Chronic | COPD, | Predni | FEV1 | Non 6 months symptoms | effects
Bronchit | Asthma | sone, 1 66% | e P2 Drug B: 10 | 60% 60% effective,
is, Albute | predic mg  twice | improved | moderate side
Asthma rol ted daily for 3 | respiratory | effects
P3 | Hyperlip | Hyperlip | Atorva | LDL | Sheli months function
idaemia | idaemia | statin | chole | fish P3 Drug C: 20 | 90% 70% effective,
sterol: mg weekly | reduced no major side
120 for 12 weeks | cholesterol | effects
mg/d levels
L
Table 3: Sample dataof Genomic Data These sample data entries illustrate the types of data
Pati | DNA Gene Genetic Single collected in every dataset and how they might be used
ent | Sequenc | Expre | Mutations | Nucleoti | in the context of advancing personalized medicine.
ID e ssion de 3.2 Data Pre-processing
Levels Polymor | 3.2.1 Data cleaning: In the context of developing a
phisms | hybrid ISSVM and BDA framework for advancing
(SNPs) | personalized medicine, mean imputation is a common
P1 ATCGG | BRCA | BRCAl:c.68 | Rs12345 | technique for handling missing values in datasets.
CTA... 1:200 | 69delAG 6: A/G Mean Imputation: It involves replacing missing
(partial units values in a dataset with the mean value of the
sequence observed data for that attribute. This method is
) straightforward and helps maintain the dataset's
P2 GCTAG | CFTR: | CFTR: Rd78910 | overall structure without significantly distorting the
CTA... 300 c.1521 1523 | 1: C/T data distribution.For a given feature I in the dataset,
(partial units delCTT the mean value (I) is calculated as follows:
sequence J= %Z;Vzl L (1)
) where:[ is the mean of the feature I.N is the number
P3 | TTAGC | LDLR | LDLR: Rs11223 - .
GTA. . 250 | ¢.1577C>T 3 G/A of non-missing observations for feature I.I,represents
. . each observed value of the feature /.
(partial units Step 1: Calculate the Mean: Compute the mean value
sequence of the feature where missing values are present. For
) instance, if the feature is blood glucose levels and
Table 4: Sample dataof Patient History .
some values are missing, compute the mean of the
Patie | Previous Surgeries Family _—
. ) non-missing glucose levels.
ntID | illnesses m‘edlcal Step 2: Replace Missing Values: Replace each
history missing value in the feature with the calculated mean
P None Appendectom Fa}ther: value.Assume a dataset has a feature for blood
y Diabetes, glucose levels with the following values: [120, 135,
Mother: ] NaN, 145, 130]. Here, NaN represents the missing
Hypertension value.
P2 Frequent | None Father: COPD,
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Calculate the Mean:] = w =30
132.5

Impute the Missing Value: Replace NaN with 132.5
in the dataset.

Updated dataset: [120, 135, 132.5, 145, 130]

Impact on Analysis: Mean imputation can help in
maintaining the dataset's usability by filling in
missing values, but it may not always capture the
underlying data distribution or variability. For
complex datasets in personalized medicine more
sophisticated imputation methods might be considered
to better handle missing data and preserve the
integrity of the analysis.

In the context of the hybrid framework, handling
missing values appropriately ensures that the data
used for training the ISSVM and BDA models is
complete and representative crucial for developing
accurate and reliable models in
personalized medicine.

3.2.2 Data Transformation

Min-Max Normalization is a data transformation
technique used to scale features to a specified range,
typically [0, 1]. This is particularly useful in machine
learning, including when developing a hybrid ISSVM
and BDA framework for advancing personalized
medicine. Normalization helps ensure that features

contribute equally to the model especially when

predictive

features have different units or ranges.
Min-Max Normalization
For a given feature I, the normalized value I,,,,,, is

calculated as follows:
Tnorm = T2~ (2

where:I- original value of the feature.l,,;,-minimum
value of the feature I in the dataset.l,, ,-maximum
value of the feature I in the dataset.l,,,,,,-normalized
value.

Steps for Min-Max Normalization:

Step 1: Determine the Minimum and Maximum
Values: Compute the minimum (/,,;,,) and maximum
(Imax) values of the feature.

Step 2: Apply the Normalization Formula: Use the
above equation to transform each value of the feature
to the [0, 1] range.

Assume a feature in the dataset for blood pressure has
the following values: [110, 120, 140, 150, 130]. We
want to normalize these values using Min-Max
Normalization.

Calculate Minimum and Maximum Values:[,,;,, =

110 and Iy, = 150

Normalize Each Value:l,, -, = 10

150-110

For example, to normalize the value 120:1,,,,, =

120-110 _ 10 _ 4o
150-110 40
Similarly:For 140: L,y = % = % =0.75

150-110 40
For 150: I = =—=1
norm - 150-110 40

Normalized Values:120 — 0.25, 140 — 0.75, 150 —
1,110 -0

Impact on Analysis:In the context of personalized
medicine, this normalization process helps in handling
features that might otherwise have different ranges,
ensuring a fair contribution from each feature to the
model's predictions.

3.3 Big Data Analytics

Several large amounts of information analytics
elements are essential in the context of creating a
hybrid ISSVM and BDA structure for promoting
personalized healthcare. These consist of recognizing
patterns, information mining, combining information,
and storage. Every element is essential to the
management and extraction of insightful information
from massive databases shown in Figure 3.

In the context of developing a hybrid ISSVM and
BDA framework for advancing personalized
medicine, various components of big data analytics
are crucial. These include data storage, data
integration, data mining, and pattern recognition. Each

component plays a key role in managing and
extracting valuable insights from large datasets.

3.3.1 Data Storage

Data storage involves managing and organizing large
volumes of data efficiently. In the context of
personalized medicine, this includes storing EHRs,
genomic data, patient history, and clinical trial results.
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Figure 3: Big data Analytics Workflow
Database Systems: Utilize distributed databases and
data warehouses to handle the large-scale storage of
data.

Equation for Data Storage Efficiency: The efficiency
of data storage can be assessed using
ratios:Compression Ratio =

Size of Compressed Data (3)
3.3.2 Data Integration: For personalized medicine,
this means integrating diverse datasets such as EHRs,
genomic sequences, and clinical trials.

compression
Size of Uncompressed Data

e Schema Integration: Aligning schemas from
different sources to create a coherent data
model.

e Entity Resolution: Identifying and merging
records that refer to the same entity across
different datasets.

Data Integration Quality: To assess the quality of data
integration, measures such as the accuracy of entity
resolution can be used:

Precision = — 4)
TP+FP
Recall = —= (5)
TP+FN

3.3.3 Data Mining: In personalized medicine, this
can include identifying correlations between genetic
markers and diseases or discovering trends in patient
outcomes.Clustering is grouping similar data points
together.

Y =30 Yiecli — el (6)

whereY is the objective function, C, is the set of
points in cluster X, pu, is the centroid of cluster x, and

|i — u,|? is the squared distance between a point and
the cluster centroid.
Association Rule Learning finding relationships

between variables. Example: Apriori Algorithm.
Support(A - B) = Count(AUB) @)

Total Count

where Support measures how frequently the
itemsetA U B appears in the dataset.

3.3.4 Pattern Recognition: It involves identifying
patterns or regularities in data. In the context of
personalized medicinemight involve recognizing
patterns in patient symptoms or genomic data that
correlate with specific diseases.Assigning data points
to predefined categories.

f@) = sign(wTi+b) (8)

where w is the weight vector, i is the feature vector, b
is the bias, and sign determines the class label.

Feature Selection: Identifying the most relevant
features for the model.

Feature Score = Model Performance Metric —
Performance Metric after Feature Removal (9)
Each step is crucial for developing a robust
framework that leverages big data to enhance
personalized medicine through precise diagnosis,
treatment planning, and patient outcome prediction.
3.4 Improved Smooth Support Vector Machine for
improve Pharmacokinetic Model

Integrating an ISSVM with a Pharmacokinetic model
involves combining advanced machine learning
techniques with pharmacokinetic principles to
enhance drug modeling and prediction. 3.4.1General
Pharmacokinetic Model

Pharmacokinetic models describe how a drug is
absorbed, distributed, metabolized, and excreted in the
body. The general pharmacokinetic models include

one-compartment, two- compartment, and multi-
compartment models.
One-Compartment  Model (after IV bolus

dose):C(t) — Cy.e7*t (10)
where:C(t) = Drug concentration at time t; Co= Initial
concentration; k = Elimination rate constant; t = Time

—kiotyp o—ka1t
Two-Compartment ~ Model:C(t) = de 0 the 1

(11)

where:k, = Elimination rate constant from the central

Ve

compartment; k,,= Rate constant for the transfer from
the central to the peripheral compartment; V,
Volume of the central compartment; A and B are
constants derived from the initial conditions.

3.4.2 Improved Smooth Support Vector Machine
(SVM)

ISSVM aims to enhance existing SVMs by
incorporating smoothing techniques to handle noisy or
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imprecise data more effectively. It often involves
modifications to the loss function and regularization
parameters.

Objective Function:min G w2 +CcYN_, fx) (12)
Weight vector; C =

parameter; &, = Slack variables for handling
misclassifications; N = Number of data points

where:w = Regularization

) 1/ &\?
Smooth Loss Function: L(§) = 5 (:f) (13)

3.5 Integration of ISSVM with Pharmacokinetic
Models

The goal is to use the ISSVM is to predict
pharmacokinetic parameters, drug concentrations, or
treatment outcomes by learning from historical data
and improving predictions.

Step 1: Data Preparation

Feature Extraction: Extract relevant pharmacokinetic
parameters (e.g., k, V., etc.) and patient data features
(e.g., demographics, genetics) as input features.

Label Data: Define the target variable to predict, such
as drug concentration at a future time point or
treatment response.

Step 2: Model Training

Define the Objective Function: Adapt the SVM
objective function to include pharmacokinetic
parameters and ensure smooth loss handling.

Train the Model: Use historical data to train the
Improved Smooth SVM. This involves optimizing the
parameters to fit the pharmacokinetic data.

Step 3: Model Application

Prediction: Use the trained SVM to predict
pharmacokinetic parameters or drug concentrations
for new patient data.

Validation: Validate predictions with actual data to
ensure accuracy and reliability.

Step 4: Analysis and Optimization

Analyze Results: Evaluate the performance of the
SVM in predicting pharmacokinetic parameters and
compare with traditional models.

Optimize Dosing Regimens: Utilize the SVM
predictions to optimize dosing regimens and improve
treatment outcomes.

By integrating the ISSVM with pharmacokinetic
modeling, the framework can leverage advanced
machine learning techniques to enhance drug
modeling and personalization in medicine.
Algorithm: ISSVM with BDA

Step 1: Data Collection: Gather extensive datasets
from various sources such as EHRs, genomic data,
drug administration records, and patient outcomes.
Data Sources: EHRS: Patient demographics, clinical
history; Genomic Data: DNA sequences, genetic

markers; Drug Data: Dosage, administration routes;

Outcomes Data: Treatment responses, side effects

Step 2: Data Preprocessing: Prepare the collected

data for analysis by addressing missing values,

normalization, and transformation.

Handling Missing Values

Mean Imputation:i,, = %Zg‘,’zl iy (14)

wherel, is the imputed value for missing data, and iy,

are the observed values for feature y in x-th sample.
L=lmin

Min-Max Normalization:i’ = —2— (15)

imax—imin

Wherei' is the normalized value, iis the original value,
imax and i, are the minimum and maximum values
in the feature set.

Step 3: Feature Extraction: Extract and select
relevant features from the preprocessed data to
enhance model performance.

Principal Component Analysis (PCA):I' = IW (16)
wherel' is the matrix of principal components, I is the
original data matrix, and W is the matrix of
eigenvectors.

Feature Scaling:ig.qieq = % a7n

whereis 4.4 15 the scaled feature, i is the original
feature value,u is the mean, and o is the standard
deviation.

Step 4: Integration with Big Data Analytics: Utilize
big data tools for handling large datasets, integrating
diverse data sources, and performing analytics.

Data Storage:Distributed Databases: Hadoop HDFS,
Apache Cassandra

Data Integration:ETL Processes: Extract, Transform,
Load procedures

Data Mining and Pattern Recognition:Association

Rules:
|ANB|

] (18)

where A and B are itemsets, and D is the dataset.

Step 5: Improved Smooth SVM Training: Train the
Improved Smooth SVM to model and predict drug
responses and patient outcomes.

Objective Function:min G w2 +CcYN_, fx) (19)
where w is the weight vector, C is the regularization

parameter, and §, are slack variables.
Smooth Loss Function:

. 17 &\?
Smooth Hinge Loss:L(§) = > (—) (20)

1+&

Support(A - B) =

where€ is the slack variable.

Decision Function:f (i) = sign(wTi + b) (21)
Wherei is the feature vector, w is the weight vector,
and b is the bias term.
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Step 6: Prediction and Validation: Use the trained
model to make predictions and validate its
performance.

Prediction:j = f(i) (22)

Wherej is the predicted class label.

Validation Metrics
Number of Correct Predictions

Accuracy = (23)

Total Number of Predictions

TP (24)

TP+FP
TP

TP+FN (25)

where TP True Positives, FP = False Positives, FN =

False Negatives.

Step 7: Optimization and Analysis: Optimize the

model and analyze results for better performance and

practical application.

Hyperparameter Tuning:Use techniques like Grid

Search or Random Search to find optimal C and

kernel parameters.

Cross-Validation:CV = %Zl;ﬂ Error, (26)

whereError,is the error rate for the x-th fold.

Model Improvement:Analyze feature importance,
refine data preprocessing, and iteratively improve the
SVM model.

By following this algorithm, you can effectively
leverage an ISSVM combined with BDA to advance
personalized medicine through enhanced prediction,
analysis, and decision-making capabilities.

4. Results and Discussions

Analysis of proposed methods using a set of
information about the anticancer medication was
created to treat gastrointestinal stromal tumors and
chronic myeloid leukemia. 54 participants and 252
samplesobtained during a prior clinical trialmake up
the initial data collection. The examination patient
information is randomly chosen from the examination

Precision =

Recall =

sets and produced with computations.

Drug Concentration

Figure 4: 3D analysis of drug concentration, Time
and Dosage amount

n
=3
=3
<

Drug Concentration

Figure 5:3D analysis of drug concentration, Time
and Gender

Predicted drug concentration values are always
plotted on the z-axis in Figures 4-7. For a single
patient, Figure 4 depicts the anticipated medication
concentrations over various time intervals and doses.
Based on this data, observe that the higher the dosage
of the medicine, the more quickly the concentration
peaks and the slower the concentration declines. After
a particular dosage, in this case 600 mg, the peak level
of concentration will approach the worldwide
maximum level but the arrival time of the
measurement to reach their highest will not change
much. The goal of this illustration is to handle a single
oral dose scenario. Observe that part of the curve
along the time axis contains many extreme values,
which is due to the training information's short delay
between two oral administrations. Figure 5 illustrates
how the gender data affects the medication
concentration. The 'Gender' axis shows that there are
0 female patients and 1 male participant; all other
factors remain the same. A female patient may receive
a greater medication concentration quantity at the
same dosing immediately than the male patient, but
the value also decreases more quickly in the female
patient's case. Figure 6 shows how an individual's age
affects their medication concentrations following a
600 mg dose. Even though the median age ranges
from 0 to 100, there is no information set in the set
being trained that is older than 20 or older than 80
years.Two most elevated levels, one around 65 and
the other around 30, with people ranging in age from
20 to 80. The association between the medication
concentration and the body weight information in a
single individual is shown in Figure 7. At roughly 70
kg, the patient reaches the highest concentration
value. Fifteen hours after the single the amount to be
taken at a body measurement of approximately fifty
kilograms, a double peak is seen.
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Drug Concentration

Figure 7: 3D analysis of drug concentration, Time
and Body Weight

An investigation of the impact of various thresholds

on the ISSVM-BDAMAD and threshold of

predictions for the simulated information across dose

groups is presented in Figure 8. ISSVM model is

constructed using BDA to choose inliers from every

Coefficient Size

Coefficient Index

Coefficient Size

Coefficient Index

Coefficient Size

mmmmmmm

Coefficient Index

Coefficient Size

Coefficient Index

Figure 9: Coefficient of (a) ISSVM-BDA (b) fused
SVM (c) EN-SVM. (d) OFFSVM
Demonstrates that the ISSVM-BDA may produce
stable features as seen by the fact that when more
characteristics are introduced to the model, its
classification accuracy typically remains steady.
Figure 9 illustrates, EN-SVM, OFFSVM and fused
SVM are more readily twisted in such a situation, and
as additional characteristics are supplied, the precision
decreases from 97.06% to 94.12%. This is the reason
for the coefficient vector's smoothness as shown in

single dose grouping. The constructed model is then ~ Figure 9.
evaluated using the entire dose group's learning Table 6: Comparison of performance measures
information. The range of thresholds is 10 to 5,000, | System | Accura | Precisi | Reca | FI- | AU
with a 10-ug/L increment. ¢y on 1l Scor | C
e
_ ISSVM- | 97.6 96.0 959 1958 | 0.98
P TN BDA
$3m0 \K_/\ weew | Traditio | 913 [ 90.0 | 89.8 |89.8 | 0.90
£ o — = | nal SVM
= S Dasam Random | 93.4 92.6 91.3 | 91.7 | 0.92
C T R Forest
Figure 8: Mean Absolute Difference Vs threshold k- 89.8 88.3 87.6 | 87.9 | 0.88
of various doses Nearest
Neighbo
rs (k-
NN)
Deep 95.0 93.7 93.0 934 | 094
1JDDT, Volume 16 Issue 37s, 2026 Page 227




Developing a hybrid Improved Smooth Support Vector Machine and Big Data Analytics framework
for advancing personalized medicine

Neural recove recovery | sing
Network ry ) guaran
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Table 6 reflects how the proposed Hybrid ISSVM | Quali | Very | Medi | High | Medium | High
with BDA outperforms traditional machine learning | ty of | High | um (fast (good (real-
models in various key performance metrics, | Resul | (perso | (batc | iterati | for real- | time
demonstrating its  effectiveness in advancing | ts nalize | h- ons time accura
personalized medicine. d orient | impro | decision | cy.
Table 7: Performance metrics medic | ed ve s, but | adapti
Metr | Propo | Tradi | Rand k-NN DNN al insigh | model | less ve
ic sed | tional | om insight | ts) accur | depth) algorit
ISSV | SVM | Fores S, acy) hms)
M- t accura
BDA te
Laten | Low High | Medi | Low Flink results
cy (millis | (seco | um (sub- Low )
econds | nds to | (hund | second, | (sub- Reso | Optim | Low | Medi | Medium | High
for minut | reds real- secon urce | ized (heav | um (requires | (effici
real- es for | of time) d, Utiliz | (dyna |y on | (in- significa | ent
time batch | millis optimi || ation | mic disk, | memo | nt CPU | stream
analys | jobs) | econd zed allocat | highe | ry, for low- | proces
is s for ion, r but latency | sing
real- efficie | CPU | still streams) | with
time) nt usage | CPU lower
Thro | High | Medi | High | Medium | High CPU/ |) intens resour
ughp | (~100 | um (~500 | (~10 (~500 memo ive) ce
ut MB/s | (~10 | MB/s | MB/s - | MB/s ry consu
- 1| MB/s |- 2| 500 - 15 usage) mptio
GB/s | - 100 | GB/s) | MB/s) GB/s) n)
depen | MB/s
ding ) Proposed Hybrid ISSVM-BDA optimized for low-
on latency, high-throughput, and scalability, making it
hardw suitable for real-time and large-scale personalized
are medicine applications. It also balances resource
Scala | High | High | High | Medium | High utilization effectively by dynamically allocating
bility | (scales (can (scalable | (scales | resources based on workload shown in Table 7.
to scale |, but | efficie Table 8: Performance measures (MAE, MSE and
petaby to stream ntly RMSE)
te- petab | processi | with Metr | Propos | Traditio | Rando | k- | DN
level ytes ng may | stream ic ed nal SVM m NN | N
data with introduc | s and ISSVM Forest
across in- e distrib -BDA
distrib memo | bottlene | uted MAE | 0.02- 0.3-0.5 0.1-0.2 | 0.1 | 0.05
uted ry cks) resour 0.05 5- -
cluster proce ces) 0.2 | 0.15
s ssing) 5
Fault | High | High | High | High High MSE | 0.001- | 0.1-0.2 0.05- 0.0 |0.02
Toler | (distri (acknow | (exactl 0.01 0.1 8- -
ance | buted ledgmen | y- 0.1 | 0.08
system t system | once 5
with for fault | proces || RMS | 0.04-0.1 | 0.3-0.5 0.2-03 (02 |0.14
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Table 8 illustrates the

requiring precise predictions

medicine.

Proposed ISSVM-BDA
superiority in accuracy, particularly for applications
personalized

like

Table 9: Training and Validation accuracy

comparison
System Training Validation
Accuracy Accuracy

ISSVM-BDA 98 95
Traditional SVM 81 76
Random Forest 91 86
k-Nearest Neighbors (k- | 86 &3
NN)
Deep Neural Network 94 90
(DNN)

Proposed Hybrid ISSVM-BDA achieves the highest
accuracy due to its advanced machine learning
algorithms, specifically tuned for complex, large-scale

datasets shown in Table 9.

Table 10: Training and Validation loss comparison

System Training Validation
Loss Loss

ISSVM-BDA 0.04 0.06
Traditional SVM 0.26 0.31
Random Forest 0.16 0.21
k-Nearest Neighbors (k- | 0.21 0.23

NN)

Deep Neural Network 0.11 0.13

(DNN)

Proposed Hybrid ISSVM-BDA achieves the lowest
training loss (0.03) and validation loss (0.05) due to
its optimized machine learning algorithms and ability
to handle complex, large-scale datasets efficiently.
Table 10 indicates excellent generalization and
performance on both training and validation datasets.

5. Conclusions

The development of a hybrid proposed ISSVM-BDA
framework for advancing personalized medicine
yields results that highlight its potential impact on

healthcare. The framework demonstrates exceptional
performance with a high training accuracy of 98% and
a low training loss of 0.04, reflecting its strong
capability to learn and model complex medical data
effectively. In validation, the framework achieves a
validation accuracy of 95% and a validation loss of
0.06, indicating robust generalization and accuracy in
predicting patient-specific outcomes. These results
underscore the framework's ability to provide precise,

personalized  treatment

recommendations

by

efficiently handling and analyzing large-scale, diverse
healthcare datasets. The integration of proposed
Hybrid ISSVM-BDA not only enhances the accuracy
and relevance of predictions but also supports real-
time, data-driven decision-making. This innovative
approach addresses key challenges in personalized

medicine, such as managing vast amounts of data and
delivering timely, individualized insights, ultimately
paving the way for more effective and tailored
healthcare solutions.
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