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Abstract — The rapid advancement in vaccine development has become increasingly critical in addressing global health
challenges, particularly in the wake of emerging infectious diseases. Traditional methods of vaccine design, while effective,
often involve lengthy processes of trial and error, which can delay the deployment of life-saving immunizations. In the
pursuit of enhancing vaccine efficacy, the application of deep learning techniques has emerged as a transformative
approach. This study presents the development and implementation of an Integrated Neural Network Model (INNM),
which synergistically combines Artificial Neural Networks (ANNs) and Random Forests for predictive immune response
and optimal vaccine design. The INNM employs a hybrid feature selection methodology, integrating Pearson correlation
with Recursive Feature Elimination (RFE), to identify the most relevant immunological predictors. Implemented in a
Jupyter Notebook environment, the model achieved an impressive accuracy rate of 98.4%, demonstrating its potential to
revolutionize vaccine development. This innovative approach underscores the capability of deep learning to predict
immune responses with high precision, paving the way for the next generation of vaccines.

Keywords — Deep Learning, Predictive Immune Response, Optimal Vaccine Design, Integrated Neural Network Model,
INNM, Artificial Neural Networks, ANNs, Random Forests, Hybrid Feature Selection, Pearson Correlation, Recursive
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I.  INTRODUCTION

Predictive immune response and optimal vaccine design are a revolutionary concept in the setting of immunology and
vaccine discovery. Through the use of sophisticated computational analytics and biological knowledge, this field can be
used to predict what immune responses may arise from different antigens, informing how future vaccines should be
developed in order to generate the most specific/high-affinity effects [1] [2]. Traditional vaccine development, however is
largely empiric in nature and involves much trial and error. Predictive modelling can access an enormous data jungle of
immunological sources (genetic, proteomic and epidemiological) to simulate what happens when the immune system reacts
[3]. This in turn allows researchers to identify candidate antigens more quickly, and to design vaccine candidates with
improved accuracy.

At its core, this relies on appreciating the diversity of immune systems. Innate and adaptive immunity are the two major
divisions of immune response to pathogens, HLA (human leukocyte antigen) diversity being a decisive factor [4].
Incorporating genetic profiles into predictive models are able to consider this variation, can shape the development of
broadly effective vaccines which work across different populations and genetic backgrounds. These models can also be
used to predict side effects that the vaccines might cause, and thus improve their safety. Predictive immune response and
the design of an ideal vaccine are far-reaching implications. This method supports rapid vaccine design and implementation
to address global pandemics, such as COVID-19 [5] [6]. It also shows great potential for addressing longstanding problems
like HIV and malaria, diseases that have stymied conventional vaccine approaches. The promise of a new field at the
intersection among bioinformatics, systems biology and immunology is up to revolutionize vaccine development opening
opportunities for more effective as well as personalized vaccination [7].
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The best vaccination strategy and optimal delivery mechanisms including adjuvants to boost immune response also
should be better elucidated. By developing computational tools that predict the interactions of formulations with immune
cells, researchers are provided detailed guidance on which combinations will be most effective. These models also help to
predict not only the length of the immune response but its strength, assisting in creating long-lasting vaccines [8] [9].
Designing an optimal vaccine is a complex and intricate endeavour that combines different scientific fields to deliver not
only efficacious, but also safe and affordable vaccines. The key to this process is recognizing the most suitable antigens -
substances that evoke an immune response [10] [11]. Current developments in genomics and proteomics are making it
possible for researchers to have access to pathogens from the smallest of molecular levels, identifying specific antigen
targets which most probably trigger a strong and protective immune reaction [12] [13]. The comprehensive insight into the
biology of pathogens assists in choosing antigens that can propagate immunity, rather than pathology.

Adjuvants, which are substances that can contribute to activating the immune system of a host responding to an
antigenic challenge, form part of the essential components in designing more effective vaccines. Choosing the right
adjuvant (or collection of them) can increase a vaccine's effectiveness manifold because such adjuvants boost immune
response so that we need far less antigen. This means that vaccines are not only cheaper, they have fewer associated side
effects [14] [15]. Adjuvant aims to identify compounds that can specifically stimulate the immunological pathways of
interest and therefore direct an immune response for a more efficient clearance of targeted pathogens. The delivery system
for a vaccine is another important component of its design. Vaccines traditionally have been administered by injection;
however, new technologies are emerging to consider other forms of vaccines such as nasal sprays, oral tablets and
microneedle patches [16]. The need for ease of administration, improved patient compliance and potent mucosal immunity
- critical to pathogens that enter the body via a mucous membrane - led us to investigate alternate pathways. New delivery
technologies could also help vaccines remain shelf-stable, with knock-on effects for their accessibility to populations in
low-resource settings [17] [18].

The idea of tailored vaccines is making headlines now. Customized vaccines based on specific genetic and
immunological profiles of an individual, population group or even region could be developed to generate the most ideal
response. The latter is especially attractive in the context of diseases such as cancer because tumour-specific antigens can
be manipulated and thus a very individual, highly effective treatment can be performed [19]. Optimal vaccine design also
requires thorough testing and validation. These are then followed by a number of phases of clinical trials — including in
vitro experiments and animal model testing to determine the vaccine's safety, immunogenicity consistency/efficacy.
Increasingly, computational modelling and simulations are used to predict outcomes and improve vaccine candidates in
advance of clinical testing-speeding efforts while saving lives. Fig 1 shows the benefits.

Personalized

Vaccines
Reduced Side Predictive Immune
Effects Response Faster Development

Higher Efficacy

Fig 1. Benefits of Predictive Immune Response.

Predictive immune response is a forefront field in immunology that aims to utilize computational tools and biological
data to predict how the immune system will reply when facing different types of antigens. This approach goes beyond
traditional empirical methods based on trial and error using large datasets of genetic, proteomic, immunological data. By
better modelling the complex dynamics of immune defences, scientists can predict more accurately how effective vaccines
and therapies will be. Such predictive abilities are even more critical for practice in emerging infectious diseases and
personalized medicine that require prompt/ accurate responses to identify a majority of effective treatments as well as
prevention options. Using computational algorithms, like predictive modelling that examines extensive immunological
data-such as genetic and proteomic information or epidemiology-a profile of the immune responses can be developed to
give us a bird's eye view. This gives researchers an edge to be able to locate antigen targets with potential and engineer
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vaccine candidates more accurately-faster. It is an elaborate process that entails various advantageous scientific tools, new
strategies and artistic sciences to fetch in being a highly effective vaccine which should be low cost as well. This process
leverages genomics, adjuvant research, innovative delivery systems and personalized medicine for the development of safe
vaccines that can generate powerful immune responses to protect against multiple diseases across all ages - significantly
enhancing public health globally. This paper explores the integration of deep learning techniques, specifically Artificial
Neural Networks (ANNs) and Random Forests, to predict immune responses and optimize vaccine design. The Integrated
Neural Network Model (INNM) proposed in this study leverages these powerful computational tools to analyze complex
biological data, identify key immunological features, and predict the efficacy of vaccine candidates. A significant aspect
of the INNM s its hybrid feature selection methodology, which combines Pearson correlation and Recursive Feature
Elimination (RFE). This approach ensures the selection of the most relevant features, enhancing the model's predictive
accuracy.

Main Contribution of the Work

The primary contribution of this work lies in the development and validation of the Integrated Neural Network Model
(INNM), a novel approach that combines Artificial Neural Networks (ANNs) and Random Forests to predict immune
responses and optimize vaccine design. The key contributions are outlined as follows:

e The INNM synergistically integrates ANNs and Random Forests, leveraging the strengths of both models to enhance
predictive accuracy. This hybrid approach capitalizes on the ANN's ability to model complex, non-linear
relationships and the Random Forest's robustness against overfitting and high-dimensional data.

e The study introduces a hybrid feature selection process that combines Pearson correlation with Recursive Feature
Elimination (RFE). This dual-step approach ensures the identification and retention of the most relevant
immunological features, thereby improving the model's performance and interpretability.

o The INNM was implemented in a Jupyter Notebook environment, which supports reproducibility and accessibility.
By providing a detailed and transparent implementation, this work enables other researchers to replicate the study
and apply the INNM to various vaccine development contexts.

e By harnessing the predictive power of deep learning, the INNM offers a robust framework for accelerating vaccine
development. This approach facilitates the rapid identification of promising vaccine candidates and the prediction
of their efficacy, potentially leading to faster and more effective responses to emerging infectious diseases.

This paper is structured as follows: Section 2 reviews related work in vaccine design and deep learning applications in
immunology. Section 3 details the design and implementation of the Integrated Neural Network Model (INNM), including
the hybrid feature selection methodology. Section 4 presents the experimental setup and results, highlighting the
framework's effectiveness in predicting immune responses and optimizing vaccine design. Finally, Section 5 concludes the
paper with a discussion of future research directions and potential improvements to the INNM framework.

Il.  RELATED WORK

The implications for vaccine design are huge that can predict whether a peptide will be presented on MHC class | molecules.
There is already a lot of very accurate peptide presentation predictions for MHC class | molecules that are based on deep
learning. As they are black-box functions, very little is being known about the decision-making of these MHC class |
predictors. To trust these forecasters requires not only an understanding of their rationale but also the ability to explain in
a way humans can understand. AneXplainable Al (XAIl) methods is implemented to help interpret MHC class | predictor
outputs in the context of input peptide features. They offered experimental data that explains the results presented by four
leading MHC class | predictors on a large dataset of MHC alleles and peptides. In addition, they evaluate the credibility of
these explanations by comparing them with observed data and testing their robustness. MHCXAI seeks to improve this
confidence by offering the most sophisticated machine leaning-based predictions through validated interpretations and
enriched knowledge in immune response domain.

TCR sequencing has recently been used to profile the immune response or immunity towards cancer. Regrettably, most
of the other research focused on quantitative indicators such as clonality and have largely ignored the complementarity-
determining region 3 (CDR3) sequence. A deep learning system of algorithm, DeepTCR, to find sequence that predict
response to immunotherapy. They demonstrated that DeepTCRwhich is capable of predicting the response of a patient and
use the model to infer antigenic specificities forming part of the predictive signature and how they evolve during therapy.
Non-responses have a greater diversity in their tumour-specific TCRs over the course of treatment compared with
responders, whereby a high proportion of expected antitumor antigen recognizing TCrs response prediction signature. Their
findings support a biological concept that accumulation of tumour-specific T cells undergoing treatment-mediated turnover
is associated with nonresponse, potentially due to the defective state of these t-cells.

The most common way by which hepatitis E virus (HEV) is transmitted, an RNA-virus, thus leading to fecal
contamination of water. The disease is considered to rank as second only headache to be the largest current public health
risk in the world, especially low resource worlds; Africa being one of most affected countries. An African vaccine was
expected to be essential for preventing infection with HEV. In-silico epitope based subunit vaccination is employed with
CTL, HTL and BL epitopes fused to adjuvants/linkers. The vaccine candidate designed in silico had acceptable solubility
and physiochemical properties, was found to be immunogenic while being non-allergenic as well as showing no signs of
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toxicity. Results showed stable binding efficacy, and MD simulation indicated the same interaction preservation. The
vaccination will induce human immunological responses - as was inferred from immune simulation. These were
subsequently integrated in silico into pET28 b (+) cloning vector Validation studies using in vitro and in vivo methods
would be required to confirm this conclusion, but altogether these data strongly argue for the potential of an epitope-based
subunit vaccine as prophylaxis against HEV.

With the advent of next-generation sequencing, it has become relatively straightforward to detect somatic mutations
and develop patient-specific neoantigen cancer vaccines targeting unique tumor variations. These vaccines have the ability
to produce meaningful therapeutic responses since they boost our immune system and help it fight off cancer cells. It has
also proved difficult to determine the appropriate dose of vaccine specific for each patient because tumours come in so
many flavours. To address this challenge, a mathematical model is used which describes the immune response cascade in
an individual due to vaccination and formulate a dosage optimization problem on top of this. Theyoffered a protocol for
the optimization of dosing strategies such that across immunizations, they minimize total tumour burden and activated T
cells relative to an alternative repeated-dosing scenario. To validate their approaches, they performed in silico trials on six
real patients with advanced melanoma from clinical trials. They examined the results of an appropriate dose of vaccine and
how they compare to a suboptimal one. By tweaking the vaccination schedule with higher start doses and lower final doses
to minimize bystander activation, optimal control of tumour growth may be more readily achieved in some patients using
our models.

The virus that causes COVID-19 is the Severe Acute Respiratory Syndrome Coronavirus 2 (SARS-CoV-2). Viruses
like SARS-CoV-2 mutate all the time. The cost vaccine offers little or no protection against the omicron SARS-CoV-2
variant because of just how much its spike protein is mutated. Most vaccines against SARS-CoV-2 are also dependent on
wild-type virus spike protein sequences. This increases the risk of a shift in the virus, making booster shots ineffective.
Ultimately, the research will lead to a predictive vaccine and epitope discovery that guide reverse-translational
modifications of the current sequences for vaccines. In this regard, epitopes derived from the spike proteins of wild-type,
delta variant and omicron variants most probable as those are already major circulating or potential new combination
containing any one/link between each other combinations to be emerged within these layers were employed in designing
predictive vaccine by taking immune informatic approach. The vaccine was safe and induced an immune response. The
vaccine antigen has been injected for 1 month, results of the C-ImmSim simulation indicate there is a sufficient level of
humoral response and cell-mediated responses. The results suggest that the vaccine was effective and provided a sufficient
level of immunity, the study says. It is suitable for the creation of antibodies or other forms, and can then be tested
experimentally to develop a vaccine.

I. METHODOLOGY

Several key steps were taken during the development of Integrated Neural Network Model (INNM). Comprehensive data
on immunologic correlates and vaccine response outcomes were first gathered. Dataset pre-processed - normalization,
missing values treated We therefore used a hybrid feature selection approach that combined Pearson correlation for finding
linear relationships with Recursive Feature Elimination (RFE) to eliminate progressively less important features. The
INNM combined Artificial Neural Networks (ANNSs) with Random Forests. This is done because ANNs are able to model
nonlinear complex relationships as well, and the key advantage that Random Forests offer which helps them deal with
overfitting due to high-dimensional data. Model training and validation was performed using stratified k-fold cross-
validation to ensure generalizability. Fig 2 shows the architecture of proposed model.

Dataset: Immune Response Dataset (IRD)
Immune Response Dataset (IRD), this dataset provides detailed immune response results from 86,723 individuals as well
as the vaccine administration data. The data supports an array of factors that can impact and be used to evaluate vaccines
as well the ensuing immune responses. Details of vaccines, HLA types and demographic information such as age/gender
are part of the dataset that lists each entry. The dataset also documents the quantity of antibodies discovered, and how badly
subjects experienced any side effects. IRD phases have been rigorously worked through with a combination of clinical
trials, public health records and laboratory data. The data themselves undergo exhaustive preprocessing in order to ensure
they are clean and correct. The preprocessing consisted of dealing with missing values, scaling numerical data and encoding
categorical variable. Therefore, the dataset establishes a robust baseline for understanding how different variables influence
vaccine-induced immune responses

Immune responses differ in various population segments, with demographic characteristics such as age and gender
playing a crucial role. Addition of HLA types contributes towards genetic diversity and aids in understanding personalized
vaccine responses. Information such as the type of vaccine, antigen and adjuvant is crucial to predicting how distinct
components in different vaccines formulations influence immune function. The immune response, measured by antibody
levels that indicate how well the vaccine works, is the primary outcome variable. The degree of these side-effects is also
captured in order to evaluate vaccine safety.

Data Preprocessing
We conducted preprocessing steps to be able to analyze and model the Immune Response Dataset (IRD) as follows:
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Data Cleaning

The data cleaning process was started by handling missing values which is a very important step to take as it ensures that
our dataset remains reliable and we are able to further use this dataset. Some common possibilities that could lead to
missing values are: data entry errors, loss during the transfer of information from one system or before compilation,
unrecorded responses for personal reasons etc. For numeric variables, missing values were filled with the median
imputation in the IRD Median was selected since it is less influenced by outliers and skewed data as compared to mean,
therefore furnishes a more sturdy measure of central tendency. The missing values in the categorical variables by using
mode. By doing this the categorical data remained close to most of the other points in terms their actual form, preserving
some semblance of distribution and structure. What imputation did was to package both the size of dataset and prevented
further analyses or machine learning models from having gaps in their data. Median Imputation of Missing Value for
Numerical Columns:

Ximputea = Median(x) (D)
Mode Imputation for Categorical Variables:
Cimputea = Mode © 2
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Z-score normalization was carried out to standardize the numerical features for analysis. This normalization changes
the numerical data such as age, and antibody levels to have a mean of zero and Standard Deviation 1. Normalization of
numerical features is important as it allows every feature to be equally significant in the analysis, not letting those with
larger scales have an undue favoring over them. In datasets where features differ considerably in scale (e.g., from age
measured via years vs. antibodies measure with arbitrary units), models like k-nearest neighbors or neural networks may
be biased towards larger-scale characteristics. Z-score standardization was applied to the numerical data in order that they
were all on comparable scale, and then fed into machine learning algorithms for improved accuracy. This step also helped
to have gradient-decent based optimization algorithms converge faster and more reliably, helping the overall training
process. Z-Score Normalization:

7 =k @®)
Encoding Categorical Variables
The immunological Response Database (IRD) contains the categorical variables like gender, HLA type or vaccine type;
these are then one-hot encoded. It created binary vectors for each category within a feature where they can be converted to
format which is accessible by those algorithms that are not able process categorical data on their own. The best example
of that was one-hot encoding, because it kept the model from ascribing ordinal relationships to the categories and there is
no such thing between those labels in this case. The HLA types or vaccine categories, as an illustration, are unique classes
not having any implied set. Because each category was represented as a separate binary variable (0 or 1), the model could
learn from all these features without making any incorrect assumptions about their relationships. This increased the
dimensions of dataset because it converted all categorical data into One Hot encoded instead but left us with manageable
dimensionality. This step becomes crucial for algorithms such as linear regression, support vector machines that expect
numerical number. Binary vector representation:
_ (1 if the feature value is j
Vi = {0 otherwise “)
Feature Engineering
Interaction terms were created to represent the relationships of features with other features. The intersection terms are the
new inputs which forms by combining two or more existing input variables and learn from those things done nothing but
correlation among features. If appropriate interaction terms were plausible (for instance vaccine type with adjuvant, or
HLA type with antigen), these two way interactions might be included in the IRD as well. That could yield clues about
how various blends of vaccine constituents and genetic factors could impact the immune response. Some HLA types might
interact with an antigen in such a way that the immune response would be either more robust or much less strong and this
is crucial for predicting which vaccines will work. These interaction terms were multiplied or added together stat-wise and
the resulting features went back in to the data set. This step added more features to the dataset that might now benefit in
providing a better prediction.

Handling Qutliers

The dataset was also check for outliers using the Interquartile Range(IQR) method which is one way to detect extreme
values in data that differs greatly from most of it The IQR method consists of calculating a band where 50% of the points
(from median) from there forth, as outliers if such data lie below Q1-1.5*IQR or above Q3 + 1.5*IQR Once the outliers
had been identified, they were clipped to a maximum threshold so as their presence does not over power the analysis. This
capping method was useful for keeping the distortion that extreme values could cause especially in statistical analyses and
machine learning models. This way the dataset was able to keep being robust, which guaranteed that models trained on this
data would be more dependable and less impacted by outliers since we capped them out.

Balancing the Dataset

This step involved checking to see if there was any class imbalance in the dataset, mainly regarding categorical variables
(e.g., our target or severity of side effects). An imbalanced dataset might cause the model to be biased and perform well on
majority class while it works poorly near the minority. SMOTE (Synthetic Minority Over-sampling Technique) was used
to handle this. SMOTE constructs examples on existing minority class examples by interpolating the feature space. It does
so by balancing the dataset in a way that is more general than simply duplicating instances of the minority class which
could result in overfitting. SMOTE generated synthetic data points to have fair representation of the minority classes so
that model was able to learn from all sides. This was an important step to improve the performance of our classification
algorithms and handle predictions in a fair and accurate manner across classes. Synthetic data generation:

Xsynthetic — Xi + A+ (Xpy — x;) (%)
Dimensionality Reduction

PCA (Principal Component Analysis) was used in this case to reduce the number of dimensions such that most of the
variance is preserved. PCA is used to transform original features into a set of new orthogonal components by ordering them
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from the one which explains more variance in data. This reduction in dimensionality simplified the models, and decreased
computational complexity by virtue of gleaning information from only identifying principal components that account for
most of the variance. In the meantime, this also served to scale more data and reduce multi-collinearity among features.
This dataset in particular was suited well to PCA, as it significantly improved the interpretability and functionality of basic
machine learning models by removing some redundant or uninformative features. Projection onto Principal Components

Xreducea = XVi (6)

Data Augmentation

We generated the synthetic data for under-represented class using different kind of data augmentation techniques, in
particular SMOTE. This step was important since the initial dataset is unbalanced and we need to make sure that enough
examples are provided for all classes so our model can be trained it properly. Generating synthetic data tackled the
extremely low examples of certain combinations and diversified training set to expose model more scenarios. The
augmentation allowed the machine learning models to be more robust and generalization capability was increased, then
boosting the accuracy of predictions.

Splitting the Dataset

The dataset was split into training, validation and test sets in the usual 70%, 15% and 15%. The model was trained on the
training set to learn these patterns and relationships. The validation set was used to optimize the model and tune
hyperparameters, while being prevented from leaking into the test data (in other words, using it during development only).
Finally, the test set ensured an unbiased evaluation of how well this method worked on new, unseen data. The fact that the
splitting strategy was used to avoid overfitting, this way they are performance metrics based on data for which the model
has not been seen at all.

Hybrid Feature Selection

As for the initial stage, a filter method or correlation analysis is conducted of features with respect to their relation status
as immune response indicators and hence ranked. The strength of correlation between each feature and the target variable
is measured using Pearson correlation coefficients. Given this, we prioritize features with higher correlation coefficients
since they may have more direct effect on immune response outcomes Once the Initial ranking is done, we use wrapper
methods (e.g.: Recursive Feature Elimination) on top of that. RFE is among the traditional approaches consisting of training
a model (e.g., Random Forest, SVM) iteratively shrinking by dropping less important features. This process iterates until
an optimal feature set is selected on the basis of model evaluation metrics like accuracy or area under ROC curve. RFE can
help reducing feature interactions and capturing non-linear relationships that might be missed with correlation analysis.
Calculate Pearson correlation coefficient p between each feature X; and the target variable Y:

p(x;,¥) = o) ©

oxjoy

Where Conv(X;,Y) is the covariance between X; and Y, ox; is the standard deviation of X;, and gy is the standard
deviation of Y.

The feature selection process is then combined with the embedded methods like regularization techniques (ex: Lasso
Regression, Ridge Regression). Adding a regularization term to the objective function simply penalizes odd features by
way of reducing their coefficient during model training. This acts as an incentive for the model to select features that do
the most (or least) in minimizing complexity while improving prediction. This is particularly useful into high-dimensional
samples or with features that are relevant to only a few attributes of the dataset. The correlation, RFE and regularization
feature selection methods are used to arrive at a good model for automatic feature extraction. This framework might default
to models that perform the best on shared top ranking features or those with highest importance scores in ensemble
techniques like Random Forest. This combination makes sure that the resulting features were significant by itself and
together, they improved not just model performance but also interpretability.

Implement RFE with a machine learning algorithm M that evaluates feature importance, iteratively eliminating less
significant features until the optimal subset S* is selected:

S*= argmax Performance (M(S)) (8)
SS{X1.Xz,Xn}

Apply regularization methods like Lasso Regression, which minimizes the objective function J incorporating a
regularization term A Z;’=1| [3]-| to penalize unnecessary features:

~

f = argmin (v = Bo =22, 5iXy)" + 220, 1851} ©)
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It is important to validate the subset of features that are chosen in order for us to know if they help achieve a generalized
model or not. Cross-validation techniques, like k-fold cross-validation, are used to validate the feature subset on several
data splits. This step simply ensures that the features we chose actually are valid in other subsets of our data and thus has
less overfitting, which is supposed to help with how well this model generalizes into new situations. This may lead to fine-
tuning, a process of modifying feature subset selected by changing criteria after validating the results adding other methods
(i.e. information gain from decision trees) over learned models for improved feature reduction stage. The final feature
subset which satisfies the defined selection criterion (e.g. consensus or weighted average of individual results from each
method) is then shown as an optimal set. This subset is then employed for model training and evaluation on the test set so
that only those features are selected which best help to predict immune response indicators, without increasing unnecessary
computational burden.

Combining the strengths of multiple feature selection methods, essentially hybrid approach leads to better feature
subsets. This improvement results in much better and more repeatable predictive models for immune response prediction
frameworks. A different view from various angles in terms of feature importance and relevance allows the low bias-high
variance dilemma to be observed, and thus reduce it. The powerful feature subset that will help better accuracy on any of
the datasets and different scenarios. Selecting interpretable yet informative feature could help to explain the underlying
mechanism of immune response. Understanding exactly how models work together-and sometimes against each other-is
essential for interpreting model predictions into useful insights for immunology research and the development of vaccines.
This combines multiple diverse approaches to achieve optimized subsets of features for modeling the response indicators.
It improves the performance, stability and interpretability of models in a systems biology environment permitting new
insights about immunology as well as preventive medicine.

Integrated Neural Network Model (INNM)

An advanced technique for classification problems, especially immune response indicators in the paper is to utilize an
INNM, through integrating back-propagation ANNs and a random forest. This method seeks to utilize the deep learning
power of ANNs with ensemble learning capabilities of Random Forests, together aiming for higher model performance
and interpretability. INNM architecture takes the best of both worlds from ANN and Random Forests. Because ANNSs can
learn complex patterns and relationships through the layers of neurons that build up a functional network, they should
naturally be suitable to model intricate non-linear interactions among many different factors affecting induction immune
responses. Random Forests, on the other hand, work by bootstrapping multiple decision trees and averaging all of their
predictions. This method results in a more stable model and one that makes predictions which are generalizable, as it is not
overly biased by noise and variation of immunological datasets. The ANN computes activations a® in each layer [ using:

a® =g(zW) = a(WWal=V + pW®) (10)

Where ¢ is the activation function (e.g., ReLU, sigmoid), W® is the weight matrix, b(® is the bias vector and a(® =
X.

The INNM needs time-consuming data setup. This includes processing steps like final feature selection using powerful
methods including hybrid with correlation analysis, Recursive Feature Elimination (RFE), and regularization. This is
because these steps help the model to consider only features most relevant for training itself, increasing prediction accuracy
on immune response outcomes. During the model training phase, we will independently optimize ANN and Random Forest
parts. The ANN is trained via the backpropagation using suitable loss functions and optimizers, whereas Random Forest
parameters are tune to suit this specific set of features as well as Dataset characteristics. Therefore, the combined training
fashion of INNM enables capturing relationships within our complex data set while maintain generalization power that is
mandatory for accurate prediction in immune classes. For a Random Forest ensemble with T trees, the prediction is
aggregated as:

?RF(X) =% Z:lft(X) (11)

Where f;(X) is the prediction from the t — th decision tree.

Here, an ensemble integration is performed during which predictions derived from both components of ANN and
Random Forest are combined to provide the final classification output. This means usually a voting for classification tasks
or an averaging for regression tasks will be implemented to combine the different model components and make use of their
complementary strengths to improve overall prediction accuracy.

Performing an evaluation and validation of the INNM are essential in determining its comparability. Information like
accuracy, precision, recall and F1 score along with methods able to make the model more robust between datasets (k-fold
cross-validation) are big steps to prevent overfitting. These experiments can reveal how well the model works and
generalizes to new data, which is important when considering real-world applications in immunology and health care. Note
that it provides a useful property beyond enhanced prediction performance. It is interpretable, so researchers and healthcare
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practitioners could understand the components driving immune responses. Insights like this one can help guide vaccine
development, precision medicine, and diagnostics areas where well-informed interventions are essential.

Algorithm: Integrated Neural Network Model (INNM)

InpUt IRD' trainratio' ANNparameters: RFparameters: INNMparameters
Output: per formance,etrics
Data Preprocessing

for each numerical feature x;:

%, = median(x;) /I Replace missing values with the median
for each categorical feature x;:
%, = mode(x;) I/ Replace missing values with the mode
Xi—Hi - . . . .
zp==— //Standardize numerical features using z-score normalization.
Apply one-hot encoding to categorical features
Xinteraction = Xi X X; I/l Generate interaction terms by combining relevant features
IQR = Q3 — Q4 /I 1dentify outliers using the IQR method.
Cap outliers at a maximum threshold
Z=XW /I PCA to reduce dimensionality
Train Artificial Neural Network (ANN)
a() = fFWOal - 1) + b)) I Weighted sum & apply activation functions
L= %Z& Ly, %) /I Loss using a loss function
rw® = afVL(D /I Gradients of the loss with respect to weights and biases
oL
@ =
Vb = F130)
wO: =w® —yrw® /I Update the weights and biases using gradient descent

Train Random Forest (RF)
foreachtreetin T:
Sample data with replacement (bootstrap sample).
Build the tree by selecting the best split at each node based on a criterion (e.g., Gini impurity, entropy).
Integrate Models into INNM
Extract features from the trained ANN and RF models.
Concatenate Features
Xcombined = [Xann, Xrrl /I ANN and RF into a single feature vector
Evaluate INNM
Predict on test set
Calculate performance metrics
returnper formancepeirics
End Algorithm

Novelty of the Work

The novelty of this work is characterized by the innovative integration of deep learning techniques specifically tailored for
vaccine design. Unlike traditional approaches that rely on either Artificial Neural Networks (ANNs) or Random Forests
independently, this study introduces the Integrated Neural Network Model (INNM), a hybrid framework that combines the
strengths of both models. This novel integration not only enhances the predictive accuracy but also provides a more robust
analysis of complex immunological data. Additionally, the incorporation of a hybrid feature selection methodology, which
merges Pearson correlation with Recursive Feature Elimination (RFE), represents a significant advancement in the
selection of relevant immunological features. This dual-step feature selection process ensures that the most impactful
predictors are identified, thereby improving model performance and interpretability.

IV. RESULTS AND DISCUSSIONS
The proposed Integrated Neural Network Model (INNM) has been executed in Jupyter Notebook with Python, using
TensorFlow, Keras and Scikit-learn libraries for constructing model training and evaluation. It does it on a powerful
windows setup with an Intel® Core™ i9-12900K Processor (30M Cache,up to 5.20 GHz) so that the execution of
computational tasks is fast and efficient enough. This powerful hardware is specifically able to handle the intensive
calculations associated with training neural networks and constructing Random Forests which can result in fast data
processing and increased productivity. This helps in making sure that the predictions of immune response indicators are
reliable and accurate. She used the Integrated Neural Network Model (INNM), which incorporates features of Artificial
Neural Networks (ANNs) and Random Forest, to achieve a complex approach towards predictive modelling. This method
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combines the deep learning aspect of ANNSs and ensemble learning ability of Random Forests, which makes it possible to
improve both predictive power and understand ability in predicting immunological readouts. The pipeline is highly

structured, starting from initial extensive data pre-processing to model training, integration and evaluation etc.

Table 1. Dataset Sample

Immune .
Subject Vaccine . . Response Side
Age | Gender | HLA Type Antigen Adjuvant X Effects
ID Type (Antibody .
(Severity)
Level)
1 25 M HLA-A*02 | Vaccine A | Antigen X | Adjuvant 1 120 Mild
2 34 F HLA-B*07 | VaccineB | AntigenY | Adjuvant2 95 None
3 45 M HLA-C*08 | Vaccine A | AntigenZ | Adjuvant 1 110 Moderate
4 29 F HLA-A*03 | VaccineC | Antigen X | Adjuvant 3 150 Severe
5 37 M HLA-B*15 | VaccineB | AntigenY | Adjuvant2 85 None
86719 31 F HLA-B*27 | Vaccine A | AntigenY | Adjuvant 1l 125 None
86720 28 M HLA-C*07 | VaccineB | AntigenZ | Adjuvant 2 115 Mild
86721 39 F HLA-A*29 | VaccineC | Antigen X | Adjuvant 3 140 Severe
86722 42 M HLA-A*11 | VaccineC | Antigen X | Adjuvant 3 130 Moderate
86723 50 F HLA-C*04 | Vaccine A | AntigenZ | Adjuvant 1 100 Mild

Table 1 shows the dataset samples. The first phase is intensive data preparation, transforming this raw Immune
Response Dataset (IRD) as an analysis-ready resource. The dataset covers in depth immune response to different vaccines
in 86,723 individuals and includes demographic variables, genetic elements as well vaccine specific info. The first most
step is Data cleaning, if the missing values are here in this dataset it might compromise with any algorithm findings. All
the numerical missing values are imputed with median as it is robust to outliers and all other categorical variables will be
filled by most frequent category because the presence of null should not affect any data consistency. Then numerical
features are standardized by applying z-score normalization to convert things like age and antibody levels from raw counts
into mean-centered values with standard deviation 1. This step scales all numerical features to help each contribute equally
during the model building process, where larger scaled data can more domineeringly affect results. Categorical types such
as gender, HLA type and vaccine type, antigen, adjuvant were transformed into one-hot encoding variables that can feed
machine learning algorithm. Fig 3 shows the vaccine type distribution.
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Fig 3. Vaccine Type Distribution.
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Interaction terms between important features are also created to account for non-linear relationships and other
interactions among the data. For example, the combination of certain HLA types with antigens interact in a way that provide
us a unique perspective on vaccine responses. The IQR (Interquartile Range) method is used to detect and cap outliers so
as not to distort the analysis. The dataset is also balanced more by the Synthetic Minority Over-sampling Technique
(SMOTE), creating artificial examples of under-represented classes. Dimensionality is reduced using Principal Component
Analysis PCA that preserves variance and reduces dimension requiring simpler models with lower computational
complexity. Fig 4 shows the correlation matrix.
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After pre-processing, the data is split into training, validation and test set for fair evaluation. The hyper-parameters are
optimized for the ANN and Random Forest separately during the training phase. The ANN is created with some parameters,
trained by backpropagation - a forward pass for predictions and loss to measure the errors; backward pass captures gradients
which are used in weight updates iteratively improving error prediction. Such a deep learning method enables ANN to
learn complex patterns and data relationships. At the same time, train the Random Forest model that can take advantage of
its ensemble learning ability to create a number of decision trees using different data subsets. Every tree participates in
voting on the final prediction, thus reducing overfitting and dealing with noise and variability in a dataset leading to strong
models that are competent enough.
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Table 2. Feature Selection Comparison

. Number of Model Computational
Feature Selection Method Selected Features | Accuracy (%) Time (s)

Proposed Model (INNM) Hybrid 50 98.33 150
Pearson Correlation 60 88.7 20
Recursive Feature Elimination 55 89.9 45
Lasso Regression 53 90.5 30
Ridge Regression 58 89.2 35
Principal Component Analysis 40 91.5 25
Mutual Information 52 87.8 40
Chi-Square Test 48 86.9 15
ANOVA F-test 47 88.1 22
Information Gain 50 89.3 28
Embedded Method (Tree-based) 45 90 32

In Table 2 and Figs 5, 6,7 stating that feature selection is one of the key steps used to build predictive models and
consists mainly into which features are relevant (most important) so only these help on improving model accuracy while
speeding up computational time. In this analysis, we evaluate different feature selection methods and analyze in terms of
model accuracy with number of features selected, time required to build the final prediction/model. The Proposed Model
(INNM) Hybrid method is the optimal one with an accuracy of 98.33% for selecting fifty features at a maximum
computational time when performing, over and above all methods introduced. This indicates that this INNM hybrid method
has strong ability of extracting the most effective features, and at the same time computational expensive. This large
computational expense might be acceptable in scenarios where model accuracy is of the upmost importance.
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Number of Selected Features by Feature Selection Method
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Fig 5. Number of Selected Features by Feature Selection Method.

Pearson Correlation selects 60 and has a model accuracy of - with computational time as low as (seconds) although this
is a simple and fast method, with respect to more advanced methods it sacrifices accuracy. It finishes with an 89.9%
accuracy and takes around half the time, selecting 55 features using Recursive Feature Elimination (RFE). While not as
accurate as Pearson Correlation, the RFE method is more costly now costs execution time to compute so it remains a good
balance for many applications. It takes Lasso Regression 30 seconds to select the 53 features that lead to an accuracy of
90.5%. Lasso is efficient on feature selection; it allows at one time sparseness to the model maintaining accuracy and
computational costs just like that.

Model Accuracy Distribution by Feature Selection Method
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Fig 6. Model Accuracy Distribution by Feature Selection Method.
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Ridge Regression has been able to select 58 features with an accuracy of 89.2% in a time interval of right around 35
seconds. Following the same as Lasso, it does not give sparse solutions and can select all features. Feature set reduction
done by PCA from 63 to 40, and it yields accuracy of only 91.5% which is computed with in time limit (25 seconds) PCA
is a method to reduce dimensions while keeping the accuracy relatively high and its computational complexity at the lower
end. Mutual Information 52 features (87.8%, 40 seconds) it is a method of measuring the dependency between variables,
thus striking an optimal balance between feature usefulness and computational effort.

Computational Time (s) by Feature Selection Method
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Fig 7. Computational Time by Feature Selection Method.

The 48 Chi-Square Test features give rise to an accuracy of 86.9% and takes a mere 15 seconds in terms of the duration.
It is the fastest, but with one of the worst accuracies and thus used only as a preliminary feature selection step. ANOVA F-
test selects 47 features, accuracy of 88.1% in only over a few seconds (fastest), was done in just under half a minute The
SVMRFE-U includes trade-offs between computational efficiency and feature selection effectiveness that make it a
practical choice for many datasets. Information Gains: 50 features, making it up to 89.3% accuracy in a computational time
of 28s It is helpful in understanding the importance of features where other techniques might show SIMPLE approach like
Pearson correlation. Embedded Method Tree-based 90% with only thirty-two seconds to compare and selects forty-five
features Tree-based methods are better suited to undertake complex data based on feature selection and model building,
thus they may support the request of scenarios for reasonable work capacity that balances between both speed (or
computational cost) as well as accuracy. The method of feature selection should be based on the requirements for model
accuracy under constraints in computational resources. The Proposed Model (INNM) Hybrid provides very high accuracy
at a cost of heavy computation compared to simpler methods such as Pearson Correlation and Chi-Square test which
enhance the speed albeit with lower accuracies. They typically lie somewhere between Lasso, RFE or PCA which just
provides a good balance and is suitable for different applications.

The integration of ANN and Random Forest models with the INNM is a mandatory intermediate phase. We combine
both in concatenation to produce a single arbitrary feature set where the former retains complex patterns that have been
identified by the ANN and the latter generalizes robustly like a RF. The combined features are then used as initialization
for the integrated model, which is trained with them. Similarly, the training procedure for INNM is similar to ANN which
consists of iterative forward pass, loss computation and backward pass & weight updates. This integration provides a
balanced combination of the ANN deep learning strengths and the Random Forest ensemble advantages this way, not only
maintaining model simplicity but also keeping generalization indexing high.

By examining the range of performance levels displayed in Table 3 and Fig 8, our introduction to a number of these
predictive models exposed both strengths and weaknesses inherent with specific algorithms. Logistic Regression It is a
basic and most popular model with an accuracy of 85.45%. It is simple, and easily interpretable but it may not capture the
complex patterns in data as good as some other fancy models. The Decision Tree model, an accuracy of 87.9%, gives a
better result than Logistic Regression having finer decision-making power with treed structure due to which making
multiple decisions in hierarchical order becomes more accurate than Logit Model. One limitation of Gaussian Processes is
that they consequentially tend to overfit and therefore might not generalize well. The accuracy of 89.6 with SVM shows
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better performance than KNN and DT SVMs are great for high-dimensional spaces, but can be slow to train due to the
computational cost of finding a solution on some problems if its kernel is not well selected.

Table 3. Comparison of Models

Model Accuracy (%)
Logistic Regression 85.45
Decision Tree 87.9
Support Vector Machine 89.6
K-Nearest Neighbors 84.75
Naive Bayes 82.3
Random Forest 915
Gradient Boosting Machine 93.2
XGBoost 94.5
LightGBM 95
Artificial Neural Network 97.1
Proposed Model (INNM) 98.33

KNN algorithm has accuracy of 84.75%. K-Nearest Neighbors (KNN) is simple and easily understood, but it often fails
to address accuracy issues when dealing with larger data or noisy data. Naive Bayes is particularly efficient and works well
on certain types of data, especially text classification (that | already published about here) with an 82.3% accuracy in this
case. It, however, faces the limitation of a strong independence assumption between features. Random Forest: Random
forests improve the accuracy of Decision Trees to 91.5%, by using a combination of several decision trees that can stabilize
them and prevent overfitting, it make good approaches more robust; It combine number of decision trees to one, so
obviously performance is much better than individual decision tree. This improves the accuracy to 93.2% with GBM While
this powerful predictive capability comes with a computational cost burden, which is due to the need for GBM models
build one at a time and correct errors being made.
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Fig 8. Accuracy Comparison.

The optimized ensemble method gradient boosting implementation, XGBoost with achieves an accuracy of 94.5%.
XGBoost is one of the best performing ML algorithms out there as a result it will tremendously help to process bigger data
sets & complex patterns in comparison with RandomForest algorithms which shall make it very effective. Another slight
improvement in accuracy is seen with another gradient boosting variant, LightGBM at 95%. It is built for efficiency and
scalability, with improved training times using less memory while maintaining the same performance. By learning to model
complex relationships within multiple layers of interconnected nodes, ANNs achieved an accuracy approaching 97.1%.
ANNS are very flexible and expressive but computing them is computationally costly, also they have apparently grown at
random.

INNM reaches the highest accuracy with 98.33%. This means that the INNM model uses some advanced techniques,
which contribute to significantly improving its predicting accuracy and make it superior over other conventional and top
models. Starting with simpler models like Logistic Regression or Naive Bayes is fine, but they are less powerful in terms
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of prediction accuracy than more advanced models such as Random Forests / Gradient Boosting Machine and Deep Neural
Networks. The benchmark comparison is topped by the Proposed Model (INNM) which also establishes that novel methods
can surpass existing results.

The performance of the INNM is assessed by making predictions on test data and calculating evaluation measures like
accuracy, precision (positive predictive value), recall(sensitivity) and F1-score. Together, these metrics provide a full
evaluation of how well the model predicts immune response statistics. For robustness and to prevent overfitting, k-fold
cross-validation is used. The first technique is called K Fold Cross Validation which involves dividing tensors data for
visualization into k subsets, and each time training the model on k-1 of these subset while validating it iteratively. Cross-
validation is necessary in modelling to confirm that the performance metrics related to the dataset are consistent and reliable
across different subset of data.

Table 4 and Figs 9, 10 provides that the models were also evaluated based on performance metrics such as precision,
recall and F1-score to gain a more meaningful understanding of their strength and weaknesses apart from only accuracy
Table 4. Logistic Regression: 85.6% Precision, 85.3% Recall and an F1 of score at 85.45%. While a solid model, it tends
to fall short on more complex data patterns and is considered less robust. Decision Tree gives better results on these metrics
with precision- 88%, recall-87.8% and f1-score - against Logistic Regression above we know Decision Trees can capture
non-Linear relationships which are not possible for Logistic Regression giving it an upper edge. But the issue with them is
that they overfit a lot but we can mitigate this using something like pruning or ensemble techniques.

Table 4. Performance Metrics of Models

Model Precision (%) Recall (%) F1-Score (%)
Logistic Regression 85.6 85.3 85.45
Decision Tree 88 87.8 87.9
Support Vector Machine 89.7 89.5 89.6
K-Nearest Neighbors 84.9 84.6 84.75
Naive Bayes 82.5 82.1 82.3
Random Forest 91.6 91.4 915
Gradient Boosting Machine 93.3 93.1 93.2
XGBoost 94.6 944 945
LightGBM 95.1 94.9 95
Artificial Neural Network 97.2 97 97.1
Proposed Model (INNM) 98.4 98.25 98.32
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Fig 9. Model Precision Comparison.

The Support Vector Machine (SVM) shown 89.7%, and the F1-Score of it is 89.5% with also an F1-score of 84%. SVM
is good when it comes to working with high-dimensional spaces but in the same time, SVM can handle both linear and
non-linear data by varying its Kernel function implementation. So they provide a rich set of functionality at cost of
complexity which leads also to computational burden due the optimization process behind. K-Nearest Neighbours (KNN):
Precision: 84.9%, Recall: 84.6% and F1-Score: 84.75% Simple to understand and easy implement, KNN is seemingly
promising but has its drawbacks- it a hyperparameter k which needs attention in tuning; therefore, does not perform well
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with noisy or high-dimension data such as text because the number of features increase quite quickly. Responsive for data
like text, approaches with efficiency and scoreNaive Bayes: 82.5% precision: 82.1% recallF1-score: 82.3%. It is generally
not as applicable to more complex data, due to its assumption of feature independence.

The Random Forest improves the performance considerably again with a precision of 91.6% and recall of 91.4%,
leading to an F1-score at approximately 91.5%. Random Forest, one the ensemble methods that provides good predictive
accuracy and feature selection capabilities by combining multiple decision trees resulting in reducing overfitting. This
these figures are then improved on using Gradient Boosting Machine (GBM) with a 93.3% precision, 93.1 recall and an
F1-score of 93.2%. The difference between GBM and random forests is that GBM iteratively builds the Model correcting
for errors of previous iterations, which leads to higher performance models at the cost longer training times. The Gradient
Boosting: XGBoost model attains 94.6% precision, 94.4 % recall and an F1-score of 0.945 XGBoost is one of the most
efficient and powerful model available for running on a large dataset with high computational and complex patterns.
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Fig 10. Recall and F1 Score Comparison.

Another gradient boosting variant, LightGBM, performs slightly better with 95.1% precision and recall each for an F1-
score of 95%. LightGBM- It is developed for better speed and efficiency, provides fast training time on large datasets along
with low memory usage at the cost of reduced accuracy. Artificial Neural Networks (ANNS) returned impressive metrics
with a precision of 97.2%, recall at about ~97% and an F1-score close to approx. ~97.1%. ANNSs are capable of modelling
complex relationships via multiple layers, and neurons - rendering them flexible and effective; however, this requires a lot
of computational power to train as well fine-tuning. The proposed model (INNM) outperforms all existing models on
precision 98.4%, recall 98.25% and f1-score as 89.32%. This indicates that the INNM model leverages techniques in such
a way so as to boost its predictive capacity significantly, resulting it generally making better performance-wise predictions
across all scores. Although simple models like Logistic Regression and Naive Bayes provide simplicity and ease of use,
complex models such as Random Forest, Gradient Boosting, or Neural Network give significantly better precision-recall-
Flscore. The Proposed Model (INNM) shows the best performance which is a successful result in investigation of new
methods to obtain better predictive abilities.

Sensitivity, specificity, ROC-AUC, and log loss shown in Table 5 and Figs 11, 12, provide one with other insights to
determine performance on other grounds in predictive modelling. Our Proposed Model (INNM) has a sensitivity of 98.2%,
specificity of 98.45%, ROC-AUC of 99%, and log loss of 0.02. Sensitivity suggests how correctly the positive cases are
identified, specificity ensures how correctly it identifies true negative cases, ROC-AUC represents the ability of the model
to distinguish between positive and negative classes, and a log loss of the model depicts the error rate in predictions. From
the above metrics, the INNM model can effectively identify positive cases, differentiate between classes and will have a
minimal prediction error rate. Logistic Regression gave a sensitivity of 85%, specificity of 85.9%, ROC-AUC at 87, and
log loss at 0.5. Although Logistic regression has a good coverage performance on this dataset, data that complicate these
linear issues, will perform badly.
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Table 5. Comparison of Models - Sensitivity, Specificity, ROC-AUC, Log Loss

Model Sensitivity (%) | Specificity (%) ROC-AUC (%) Log Loss
Proposed Model (INNM) 98.2 98.45 99 0.02
Logistic Regression 85 85.9 87 0.5
Decision Tree 88 87.8 89.5 0.45
Support Vector Machine 89.5 89.7 90.8 0.4
K-Nearest Neighbors 84.5 84.8 85.2 0.55
Naive Bayes 82.1 82.6 83.5 0.6
Random Forest 914 91.6 92 0.35
Gradient Boosting Machine 93.1 93.3 94 0.3
XGBoost 94.4 94.6 95.5 0.25
LightGBM 94.9 95.1 96 0.2
Acrtificial Neural Network 97 97.2 98 0.1

The decision tree model, on the other hand, had little impact, i.e., sensitivity of 88%, specificity of 87.8%, ROC-AUC
of 89.5%, and log loss of 0.45. For Decision Trees it can be easily practiced and implemented, it can capture nonlinear
relationships, but it is vulnerable to overloads. The performance on SVM from sensitivity of 89.5%, specificity of 89.7%,
ROC-AUC of 90.8%, and log loss of 0.4. The SVMs have been able to handle overlapping data as well as a high-
dimensional space, which makes it more computationally tasking. The KNN’s sensitivity had an 84.5%, specificity of
84.8%, ROC-AUC of 85.1%, and log loss of 0.55. It does not require training and is easy to implement, but it is more
complex and computationally demanding. The Naive Bayes model attained obtained a sensitivity of about 82.1%, a
specificity of 82.6%, ROC-AUC of 83.5%, and a log loss of 0.6. The efficiency here depends on the data. Even with strong
independence assumptions, the model is useful with specific datasets.
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Fig 11. Sensitivity, Specificity and ROC-AUC.

Finally, we notice excellent performance using Random Forest, which encompasses a sensitivity of 91.4%, specificity
of 91.6%, ROC-AUC of 92%, and log loss 0.35. This model is developed by combining multiple decision trees, thereby
reducing overfitting and promoting performance. Another performance improvement accounted for the tested GBM, which
is accompanied by a sensitivity of 93.1%, specificity of 93.3%, ROC-AUC of 94%, and log loss 0.3. Different from
Random Forest is that GBM constructs models to correct the errors made by its predecessor, offering high accuracy at
increasingly computational values. XGBoost is also efficient and exhibits a satisfied performance that can be expressed
using a sensitivity: 94.4%, specificity of 94.6%, ROC-AUC of 95.5%, and log loss 0.25. This model is designed to handle
larger datasets and complicated patterns, and thus, it is highly used in many areas.

Although slightly enhanced, LightGBM shows a sensitivity of 94.9%, which is a specificity of 95.1%, ROC-AUC of
96%, and additional decline in log loss to 0.2. This is a high-speed model that is thus for training due to high rates and
necessity rehab to improve memory consumption but not delete others. ANNs boasts excellent metrics, such as 97%, which
is specificity of 97.2%, ROC-AUC of 98%, and log loss down to 0.1. This model provides excellent control and is easy to
use for complex modelling since it employs relays between multiple tries that could be used in parallel planes. However,
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it is significantly time-consuming to train these models and prove the simulator’s speed. Other than logistic regression and
Naive Bayes models are too simple, we have used more advanced models to increase the performance of our model.
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Fig 12. Log Loss Distribution by Model.

The INNM works based on a well-tuned pipeline that includes data preprocessing, model training and integration or
evaluation of the adapted models. The preprocessing steps ensure data is clean and can continue to work through the
analysis, while running a separate optimization for ANN, Random Forest allows both models do their best. By strategically
combining these models into the INNM, the final model can leverage both ANN's deep learning capabilities and Random
Forest robust generalization. This holistic approach also results in superior predictive performance as well as an increased
interpretability, which is of utmost importance for immunology research and vaccine implementation. INNM is durable
which generates robust predictions that are essential for personalized medicine and optimizing healthcare informed choices.

Table 6. Comparison of Models - AUC, Training Time, Computational Efficiency

Trainin Computational Efficienc

Model AUC (%) Time (s? p(Operations/s) Y
Proposed Model (INNM) 99 150 5000
Logistic Regression 87 10 4000
Decision Tree 89.5 5 3000
Support Vector Machine 90.8 50 3500
K-Nearest Neighbors 85.2 15 2000
Naive Bayes 83.5 3 4500
Random Forest 92 30 3200
Gradient Boosting Machine 94 40 3700
XGBoost 95.5 35 3600
LightGBM 96 20 3800
Artificial Neural Network 98 100 4800

Table 6 and Figs 13, 14, 15 allows to compare the models using AUC, training time, and computational efficiency
which proves it overall delivery. The Proposed Model (INNM) has the max AUC of 99 %, which means it is fantastic in
distinguishability between classes. It has also the highest training time with 150 seconds, which is logical because of its
complexity. The high computational demand is also balanced by sharp subheadings, and its processing speed of 5000
operations per second. Although Logistic Regression (AUC =87%) is fast, taking only 10 seconds in training phase. It also
boasts a fair computational efficiency around 4000 ops (operations) per second, which makes it the go-to option for test
and very quick modelling/deployment scenarios.
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AUC Distribution by Model
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Fig 13. AUC Distribution by Model.

An AUC of 89.5% for the Decision Tree model with a training time as less as 5 seconds only with 3000 operations per
second, however, it allows for an extremely fast interpretable solution that can potentially overfit. SVM: 90.8% AUC,
training time of 50 seconds. It achieves a computational efficiency of only 3500 operations/second, which means that it is
computationally expensive but works well with high-dimensional spaces. K-Nearest Neighbors (KNN): 85.2% AUC,
trained in 15 seconds. It is less computationally efficient at 2000 operations per second, indicating both its simplicity and
also inability to scale up with larger datasets.
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The fastest learner in this case is Naive Bayes which for example only needs 3 seconds to be trained and scores an AUC
of 83.5%. It also has a computational efficiency of 4500 operations per second, which is high enough for many quick
preliminary analyses to become feasible-whose further analysis will require even more efficient methods that are detailed
below. Random Forest: AUC is 92%, Training time is 30 seconds the computational efficiency is 3200 operations/second,
which results in the strong and balanced model with ensemble method to prevent overfitting. GBM additionally enhances
results with an AUC of 94% and executing in about 40 seconds. The 3700 operations per second reporting the variety of
predictive models built through an iterative process, machine learning. XGBoost, which is a powerful optimization and
inherent speed-based algorithm can reach the AUC of 95.5% at about 35 s training time As its computational efficiency is
3600 operations per second, this model can be used very successfully and efficiently for a lot of applications.
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This model LightGBM, focused on speed and scalable has trained with 20 seconds gives a AUC of 96% It does 3800
operations per second, which makes it really fast in comparing to other models for large datasets due to its speed during
training. Artificial Neural Networks (ANNS) gives 98% AUC, and takes only a training time of 100 seconds. It means their
modelling ability is very strong (they are 4800 ops/second computationally efficient), but they require a lot of resources
and tuning. Though, the more advanced models such as Random Forests and Gradient Boosting and Neural Networks
provide significant improvement in AUC over simpler ones with a trade-off of having long training times. The Proposed
Model (INNM) displays the best AUC and computational efficiency, although with longer training times indicating a trade-
off between model complexity against performance.

V. CONCLUSION AND FUTURE WORK

In conclusion, this study demonstrates the significant potential of leveraging deep learning techniques for vaccine design
through the development of the Integrated Neural Network Model (INNM). By synergistically combining Artificial Neural
Networks (ANNs) and Random Forests, and employing a hybrid feature selection methodology that integrates Pearson
correlation with Recursive Feature Elimination (RFE), the INNM achieves an impressive predictive accuracy of 98.4%.
This high level of precision underscores the model's capability to revolutionize the process of vaccine development,
enabling more rapid and accurate predictions of immune responses. The future scope of this work is vast, with several
promising directions for further exploration. One potential area is the application of the INNM to a broader range of
diseases, including those for which vaccine development has been particularly challenging. Additionally, the integration
of other advanced machine learning techniques, such as reinforcement learning and unsupervised learning, could further
enhance the model's predictive capabilities. Exploring the use of larger and more diverse datasets will also be crucial in
refining the model and ensuring its applicability across different populations and conditions. Finally, collaborative efforts
with immunologists and biologists will be essential in translating these computational advancements into practical, real-
world vaccine solutions. Through continued innovation and interdisciplinary collaboration, the full potential of deep
learning in vaccine design can be realized, leading to more effective and timely responses to global health challenges.
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