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ABSTRACT

Influenza A virus (IAV) is an ongoing global health threat because of its high mutation rate,
antigenic variation, and interspecies transmissibility. Virus host range prediction is thus
essential for the early surveillance of zoonotic spillover and outbreak preparation. In this work
we present and compare three deep learning architectures: Deep 1D CNN, Enhanced BiLSTM
and a hybrid model of CNN-BiLSTM for direct host-species classification from raw HA protein
sequences. The model comparisons showed that the Deep 1D CNN was the best in terms of the
overall performance and resulted in validation accuracy and test accuracy of 0.8984 and 0.9016
respectively, which outperformed not only the CNN-BIiLSTM Hybrid (0.9005) but also the
Enhanced BILSTM (0.8973).These findings indicate that the raw sequence-level patterns
associated with host specificity can be well captured by the convolutional feature extraction,
though the performances of the hybrid architectures are comparable. Our proposed deep
learning model obviates the requirement of manual feature engineering and offers a scalable
and accurate tool for viral host prediction, thus helping to enhance genomic surveillance and

public health preparedness.
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Chapter 1
Introduction

This chapter outlines the background, motivation, problem statement, objectives, and scope
of the research, setting the foundation for understanding the deep learning models of host

prediction.

1.1 Introduction

The urgency to decipher virus-host interactions has been highlighted in the past few decades
due to several viral outbreaks such as severe acute respiratory syndrome (SARS) and Middle
East respiratory syndrome (MERS), and more recently, COVID-19 pandemic outbreak [1].
Proteins encoded by these genomes act as master regulators for processes necessary for viral
propagation in the host such as entry, replication, and transmission. For instance, the spike
protein of coronaviruses and the Influenza A virus (IAV) hemagglutinin (HA) and

neuraminidase (NA) are critical for determining host range and viral infectivity [2], [10].

The influenza A virus is responsible for seasonal epidemics and pandemics with high
morbidity and mortality throughout the world and carries a segmented RNA genome with a
coding capacity for 18 HA and 11 NA subtypes [6], [10]. Variations in these surface proteins
result in antigenic drift and shift, allowing the viruses to evolve, adapt to the host, and
transmit across species [6],[7]. For instance, H3 subtype viruses have been characterized by
their endemic presence in humans, agricultural animals and wild birds, with spillover

infections and sustained transmission across species [6], [7].

For example, conventional computational methods to predict the host range of viruses were
mainly based on supervised machine learning of algorithmic classifiers such as Support
Vector Machines (SVM), Random Forest and K-Nearest Neighbors (KNN) [4], [10].Although
moderate success has been achieved using these methods, they often rely on extensive
manual feature engineering e.g., taking the k-mer frequencies, or the physicochemical
properties, or the structural information and perform suboptimally on class imbalance
problems, where some host classes are underrepresented in the dataset [4], [10]. This
imbalance can lead classifiers to favor high prevalence hosts in predictions and not meet the

threshold for epidemiologically important, rare hosts [10].
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Recent developments in deep learning hold huge promise to tackle these challenges by
learning relevant features directly from raw sequence data in an unsupervised manner, and
subsequently capturing more complex patterns in biological sequences [4], [10]. Although
these methods have met moderate success, they usually necessitate labor-intensive manual
feature generation (such as k-mer frequencies, physicochemical or structural information)
and give poor performance worse in the presence of class imbalance (some host classes are
underrepresented in the data set) [4], [10]. This imbalance can lead to classifiers predicting
for host classes biased toward more frequent hosts at the expense of the accuracy of

predictions for rare but epidemiologically important hosts [10].

Considerable promise to tackle these challenges has been shown by recent breakthroughs of
deep learning through learning of relevant features from raw sequence data in an automatic
way and modeling complicated patterns in biological sequences [4], 10]. The deep 1D CNN,
Enhanced BiLSTM, and CNN-BIiLSTM Hybrid are good at learning long-range dependencies
among sequences which is essential for deciphering functional and evolutionary relationships
of viral genomes [10]. Furthermore, convolutional structures are able to effectively identify

local regions as motifs and sequence patterns associated with host specificity [5], [10].

Although deep learning has increasingly been used in bioinformatics. Little attempts have
been made at predicting the host of Influenza A viruses using Deep 1D CNN, Enhanced
BiLSTM and CNN-BiLSTM Hybrid models directly from large-scale raw protein or genome
sequence data, particularly across a huge number of hosts 25,000 sequences. Most published
work based predictions on broad host categories (e.g., avian vs. human) or narrow subtype

designations, limiting granularity and practical utility of predictions [6].

Our work intends to fill these gaps by introducing a new DL model (Deep 1D CNN, Enhanced
BiLSTM, and CNN-BiLSTM Hybrid networks) for the large-scale classification of eleven
different EOF fast patterns modes.Host of Influenza A virus based on raw HA protein
sequences. This paradigm includes algorithms for addressing severe class imbalance by
dynamically re-sampling the data, which allow for precise predictions even for rare host
species [10]. The model performs well with F1-scores over 83% for host prediction and greater

than 89% for HA and NA subtype classification across large datasets [6], [10].

This end-to-end deep learning method not only eliminates the reliance on manual feature
engineering, but also provides scalable, fast and accurate host identification. These
capabilities are critical for rapid monitoring of zoonotic spillovers and viral evolution and

ultimately for strengthening public health [1], [7], [10].
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1.2 Motivation

The ongoing appearance of IAV in hosts and spread across species borders indicates a
continuous public health threat due to the huge pool of potential host species and the ability
of the virus genome to evolve and adapt in a rapid manner. Classic studies have found specific
amino acid markers that are associated with shifts in hosts in IAV strains, notably between
avian, swine, and human hosts [1],[7]. Nevertheless, these identified markers were insufficient
to explain all cases of host adaptation, such as the 2009 HIN1 pandemic strain that did not
have switch markers reported earlier [7]. This suggests an important void in our knowledge

of what factors in the genomes actually control host specificity.

Although a few machine learning models have been effective in this domain, Random Forests,
Naive Bayes, Support Vector Machine (SVM) etc [2], [3], many of them rely on human-crafted
features, and have constraints on learning serial relationships in genes. Moreover, these
models have difficulty to handle class imbalance that is ubiquitous in biological data where
some host types are poorly represented [10]. This is especially a problem for Influenza A
sequence sets, as they have large host-class population discrepancies, making predictive

modelling problematic.

Recent studies have emphasized deep learning methods, in particular, RNN-based
architectures (e.g., Enhanced BiLSTM) as being able to effectively deal with imbalanced and
sequential biological data [10].The models are particularly appropriate for genomic sequences
because they can extract raw sequence without feature engineering, with temporal patterns

and long-term dependencies incorporated.

However, there persists an obvious research void in terms of the use of Deep 1D CNN,
Enhanced BiLSTM, and CNN-BIiLSTM Hybrid models for direct prediction of host specificity
given raw nucleotide or amino acid sequences of influenza A at large-scale, imbalanced
dataset [1],[4],[6]. Although previous work has performed machine learning on the
protein-level host prediction, or for discovery of host markers, the potential of these deep

sequence models for host prediction has not been fully exploited for this task.

Now that over 200,000 influenza A viral sequences are publicly available from hosts that
include birds, swine, and humans [5]. This work aims to harness the scalable and highly
expressive capabilities of deep learning: a Deep 1D CNN, an Enhanced BiLSTM, and a
CNN-BILSTM Hybrid to build an end-to-end predictive solution for host classification. Using

integrated large-scale sequence data and cutting-edge modeling approaches, this work seeks
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to narrow the divide between host tropism understanding and actionable, deployable

computational tools for pathogen surveillance and intervention.

1.3 Objectives

The purpose of this study is to investigate host adaptation of Influenza A virus mutations

using deep learning. The specific objectives are:

i.To design and assess deep learning models (Deep 1D CNN, Enhanced BiLSTM,
CNN-BiLSTM Hybrid) to improve the capacity of predicting host of Influenza A virus

from raw HA protein sequences with high accuracy.

ii.The aim of this work is to construct a scalable and reliable prediction apparatus that
can be incorporated into the existing genomic surveillance systems, and will enable

the early identification of cross-species shift and potential zoonotic outbreaks.

1.4 Methodology

In this study, we suggest a deep learning-based end-to-end framework for predicting the host
of Influenza A virus directly from raw HA protein sequences. The dataset contained more than
25,000 influenza sequences obtained from public databases which represented 5 unique host
species including Arenaria interpres, Bos taurus, Gallus gallus and others. Preprocessing
included cleaning, stop-word removal, sequence encoding, and dynamic re-sampling for

dealing with class imbalance.

Three models were built and contrasted: a Deep 1D CNN, an Enhanced BiLSTM and a
CNN-BILSTM Concat. CNN layers identified local motifs, BiLSTM captured long range
dependencies, and the hybrid possessed the strength of both.We use all models trained in
PyTorch, with optimized parameters and GPU computation. Models were evaluated in terms
of accuracy and the Fl-score on the validation and test sets, where the accuracy of Deep 1D

CNN was greater than 90%.

This approach provides a scalable and precise method for host prediction, minimizes the
need of human feature engineering, and facilitates the timely genomics-based surveillance for

zoonotic threats.
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1.5 Project Outcome

Building a pipeline and high-performance deep learning framework for host classification
with protein sequences or amino acid sequences. The project could fill the gap in modern
epidemiology by offering an early warning capability of potential mutation that might stop
future pandemics. Moreover this project serves as a benchmark for applying hybrid deep
learning architectures and foundation for developing more advanced predictive models for

biological sequences.

1.6 Organization of the Report

This report is structured into six chapters to systematically present the research work.

Chapter 1: Introduction
Presents the problem statement, and discusses the importance of the Influenza A virus host
prediction, its public health implications, as well as the rationale behind the use of a deep

learning approach. The objectives of the study are also described.

Chapter 2: Background

Discusses previous studies on viruses-host interactions and computational prediction
methods. It describes the classical machine learning technology, the recent development in
deep learning for sequence analysis and the own deficits which contribute to the motivation

of this work.

Chapter 3: Research Methodology

Describes the process of dataset collection, pre-processing and encoding of sequences.
Methods dealing with class imbalance are described. In this section, I would like to mention
the description of the deep learning architectures 1D CNN, BiLSTM and CNN-BiLSTM Hybrid.

As well as training techniques and evaluation metrics used in the chapter.

Chapter 4: Implementation and Results
Describes the experimental setting and realization in PyTorch. We provide the performance of
host prediction and subtypes classification with accuracy F1-scores and the destroyed model

analysis.

Chapter 5: Engineering Standards and Design Challenges
Evaluates compliance with software, hardware, and data standards. An overview of design

issues (computationally, data imbalance and ethical aspects) and how it is addressed.
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Chapter 6: Conclusion
Concludes by summarizing main findings, highlighting the contributions of the proposed

framework as well as limitations and directions for future research.
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Chapter 2
Background

This chapter, serving as a primer for naive readers, presents an overview of virus-host
interactions and a detailed survey of techniques developed to predict them. It reviews the
extant literature and implications drawn from it, and brings forward the research gaps to

which this examination looks for addressing.

2.1 Introduction

Influenza A virus (IAV) is a significant public health threat causing seasonal epidemics and
devastating pandemics with considerable morbidity and mortality [6], [10]. This virus infects
multiple hosts such as birds, swine, and humans with the specificity being largely dependent
on surface glycoproteins hemagglutinin (HA) or neuraminidase (NA). Small changes in the
amino acid sequence can have profound effects on virulence and ability to cross between
species, and these discoveries underscore the adaptability of the virus [6], [10].Various
traditional computational methods such as Support Vector Machines (SVM), Random Forests
(RF), K-Nearest Neighbors (KNN) and Bayesian Networks have been used to predict host
species of IAV [1], [3], [6], [10]. However, these methods have several drawbacks. Biological
databases are prone to class imbalance like over representation of the majority hosts and
under representation of the minority. Which can cause biased predictions. Further, manually

curated feature extraction can miss subtle sequence motifs important for host specificity.

Deep learning methods have demonstrated their strong capability to learn complicated
patterns directly from raw protein and nucleotide sequences. For the present work deep 1D
CNN, Enhanced-BiLSTM with attention and CNN-BiLSTM Hybrid were used.The Deep 1D
CNN can capture local sequence motifs, the Enhanced BiLSTM captures long-term
dependencies and the CNN-BIiLSTM Hybrid combines the strength of both advantages to
produce hierarchical features. These architectures are especially useful in big and imbalanced
datasets and provide interpretable information about host-specific amino-acid positions.We
show that by combining these models the framework allows host prediction directly from HA
protein sequences with both high accuracy and high scalability. This method aimed to
overcome the limitations of previous methods, increase the detection of rare host species,

and further knowledge on cross-species transmission dynamics. Finally it offers a potential
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powerful resource for the early detection of zoonotic spillovers and for the public health

preparedness against novel influenza strains.

2.2 Literature Review

Evolutionary predictors of viral host range have attracted much attention in the last 2
decades. Particularly for Influenza A Virus (IAV) that readily jumps species and triggers
pandemics. Initial works were based on classical machine learning algorithms like Bayesian
Networks, SVM, KNN, and Random Forests in order to classify between strains and detect
sequence signatures specific to hosts from HA and NA proteins [1-4], [10]. Although to some
extent effective, these models relied on balanced datasets and hand engineered features but
frequently failed to classify rare but biologically important hosts in part because of class

imbalance [2], [5], [10].

Addressing these shortcomings, sequence representation methods including polynomial
encoding, n-grams and time series transformation were studied to achieve higher
classification performance. But feature engineering is still needed manually slowing down the
scalability of databases, especially GISAID or NCBI Influenza Virus Resource [10]. Deep
learning transformed sequence analysis when it was introduced. LSTM networks are able to
learn long-range dependencies in protein sequences that traditional RNNs struggle with
successfully used in subtype classification and mutation analysis in influenza [10-13]. CNNs
can recognize local patterns while Transformers are sensitive to global sequence
relationships. Therefore, they are both efficient in learning the structure of the sequences on a

large scale [7].

In the present work, Deep 1D CNN, Enhanced BiLSTM and CNN-BiLSTM hybrid models were
utilized for IAV host prediction. Unlike prior studies, these models are capable of directly
learning hierarchical sequence features from raw HA sequences, have good ability to balance
the classification of imbalanced classes, and can make sensor scalable and accurate
prediction. This may help to fill the gap on the host prediction of influenza and support the

early recognition of zoonotic transmission and pandemic preparedness.
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Table 2.1: Summary of Literature Reviewed

References Title Dataset & Models Key Findings
Methodology
Yanhua Xu *, | Dive into Hemagglutinin 5-grams Transformer
Dominik machine sequences of Transformer performed
Wojtczak [1] learning Influenza A virus and other ML best—higher level
algorithms for | were used, models. AUCPR 99.54%, F1
influenza virus | represented with 98.01%, MCC
host prediction | PSSM and word 96.60%; lower
with embeddings, and level AUCPR
hemagglutinin | evaluated with 94.74%, F1 87.41%,
sequences AUCPR, F1-score, MCC 80.79%.
and MCC.
Florian Mock | VIDHOP, viral Hemagglutinin Multiple ML Transformer
1,* Adrian host prediction | sequences of models were achieved
Viehwegerl with deep Influenza A virus tested, with a higher-level
(2] learning from diverse hosts | 5-grams AUCPR 99.54%, F1
were used. Transformer 98.01%, MCC
Sequences were neural network | 96.60%;
represented using | achieving the lower-level
PSSM and word best AUCPR 94.74%, F1
embeddings, and performance. 87.41%, MCC
evaluated with 80.79%,
AUCPR, Fl1-score, demonstrating
and MCC. high accuracy in
predicting viral
sequence origins.
Pierre ViRNN: A Deep | Coronaviridae Convolutional- | Convolutional-rec
Sphabmixay, | Learning genomes from recurrent urrent neural
Blake Lash Model for Viral | public databases neural network [ network (VIRNN)
[3] Host were used to (ViRNN) compared with
Prediction predict hosts compared with | KNN, SVM, and
among 11 KNN, SVM, and | prior deep
common species. | prior deep learning methods.
learning
methods.
Yanhua Xu* MC-NN: An Complete and A The model
and Dominik | End-to-End partial multi-channel accurately
Wojtczak [4] | Multi-Channel | hemagglutinin and | neural network | predicted hosts
Neural neuraminidase was developed | and antigenic
Network sequences of and trained on | subtypes from
Approach for Influenza A virus the protein both full and
Predicting were used to sequences. partial sequences,
Influenza A predict hosts and demonstrating its
Virus Hosts antigenic practicality and
and Antigenic | subtypes. effectiveness.
Types
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Weizhong Lu, | Application of | Protein features A graph The model
Nan Zhou, DNA-Binding and structures convolutional improved speed
Yijie Ding [5] | Protein from benchmark network (GCN) | and accuracy in
Prediction datasets combined with | DNA-binding
Based on PDB14189 and contact maps protein
Graph PDB2272 were was developed [ recognition,
Convolutional | used to predict for protein demonstrating its
Network and DNA-binding representation | effectiveness on
Contact Map proteins. and prediction. | benchmark
datasets.
Famke Utilizing H3 hemagglutinin | Gradient GBM achieved
Alberts a , machine sequences from boosting 98% accuracy,
Olaf Berke [6] | learning and multiple host and | machines and enabling rapid
hemagglutinin | environmental other host identification
sequences to datasets were classifiers were | and highlighting
identify likely | used. trained. sequences with
hosts of multi-host
influenza H3Nx potential.
viruses
Wei Hu [7] Nucleotide HINI], avian, and | Random
host markers | swine virus genes | Forests Multiple markers
in the influenza | were analyzed for | identified per codon
A viruses nucleotide host important revealed host
markers. codon adaptation sites,
positions. expanding and
refining known
amino acid
markers.
Applying Influenza H1, H3, Artificial neural | Accuracy varied
Pavan K. Neural H5 genome networks using | by host and
Attaluri, Networks to segments from k-mer segment; human
Zhengxin Classify human, avian, and | frequencies. HA/NA sequences
Chen, and Influenza Virus | swine hosts. classified most
Guoqing Lu Antigenic accurately,
8] Types and showing MLs
Hosts effectiveness in
virus
classification.
Michal The structural | HA structures of X-ray RBS mutations
Lazniewski, variability of influenza A were crystallography | shift host tropism
Wayne K. the influenza A | analyzed. assessed RBS by altering
Dawson, hemagglutinin mutations. receptor binding.
Teresa receptor-bindin
Szczepanska, | g site
and Dariusz
Plewczynski
(9]

©Daffodil International University

10



Reza Ahsan a, | Classification
Faezeh of imbalanced
Ebrahimi, protein
Master sequences with
Student , deep-learning
Mansour approaches;
Ebrahimi [10] | application on
influenza A
imbalanced
virus classes

Imbalanced LSTM was
Influenza A virus
datasets, including
polynomial and
time-matrix data,
were used for
class-level

prediction.

Neighbors
models.

compared with
tree induction
and K-Nearest

LSTM achieved
100% accuracy
across all classes,
outperforming
conventional
models and
enabling reliable
classification of
imbalanced viral
datasets.

2.3 Gap Analysis

A number of computer-aided analysis (CAA) studies conducted on IAV have mainly
concentrated on subtype classification, mutation analysis, virulence prediction and
topological analysis with classical machine learning models such as SVM, Random Forest,
KNN and Bayesian Networks [1],[4],[10]. Such techniques are based on manual feature
extraction and their sensitivity to balanced datasets. Consequently they tend to misclassify
rare hosts (e.g., swine, equine) and thus bearing limited generalizability.

Enormous class imbalance is still the biggest issue since traditional resampling or weighting
techniques cannot completely alleviate the bias towards hosts. The host species classification
and subtype classification are not well connected and the deep learning methods (LSTM,
CNN) are seldom employed in the high-throughput predictions of hosts for influenza. Prior
existing frameworks rely primarily on either Keras or PyTorch provided the need for a
scalable, high-throughput pipeline.

Table 2.2: Feature Comparison Between Existing Systems and the Proposed System

Feature Existing Systems Proposed System

Host prediction from IAV | Limited, often small-scale or | Yes

sequences subtype-focused [1, 4, 10]

Handling class imbalance Partial, resampling or | Yes
weighting only [2, 5, 10]

Raw sequence input support No, relies on handcrafted | Yes
features [3, 6]

Multi-host prediction Limited to few host classes [6, | Yes
7]

Local motif and global | Often local only (CNN or| Yes

dependency capture RNN)

Scalability for large datasets Limited [6, 7] Yes

©Daffodil International University
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Interpretability / marker

identification

Rarely addressed [6, 7]

Yes, attention and
feature importance
analysis included

Real-time applicability

Rare [7, 19]

Optimized for faster
inference with GPU

acceleration

Reproducibility Partial ,framework-dependent | Standardized
[4, 10] TensorFlow

pipelines
Adaptability to other viral | Not supported Yes, generalizable
families framework
Deployment in resource-limited | Limited Yes, optimized
settings lightweight models

possible
Robustness against rare host | Low High, through

misclassification

balanced training and

weighted loss

The developed deep learning model overcomes the drawbacks of current Influenza A Virus
host prediction methodologies, as it can classify more efficiently among species, effectively
considers class imbalance and eliminates the requirement for manual feature engineering.
Combining Deep 1D CNN, Enhanced BiLSTM, and CNN-BiLSTM hybrid models to encode
both local sequence motifs and long-range dependency, the system not only delivers excellent
predictive performance, but also holds substantial promise for real-world large-scale viral

surveillance.

24 Summary

This chapter provides an overview of virus-host interactions of the IAV and computational
methods for host prediction. Traditional approaches including SVM, Random Forests, KNN,
and Bayesian Networks depend on topical features and lack of class-balanced data during
their learning stage, which may mis-classify rare but critical hosts. Performance was boosted

by sequence representation methods, but they were not scalable.

Deep learning models such as LSTM, CNN, and Transformers are capable of learning local
motifs, long range dependencies from raw HA sequences. Yet, little attention is paid to large
host prediction tasks, and most is focused on subtype classification and conducted using
Keras or PyTorch.The model includes Deep 1D CNN model, Enhanced BiLSTM model, and a
hybrid model of CNN-BiLSTM built with TensorFlow thereby allowing for efficient and
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accurate prediction of hosts. It accommodates class imbalance, captures the siHFF and siSFF,
handles large datasets and incorporates interpretability, enhancing early detection of zoonotic

transmission and public health preparedness.
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Chapter 3
Research Methodology

This chapter describes the approach used in creating, deploying, and evaluating a deep
learning system for host organism classification of protein sequences. The process overviews
a logical workflow, which covers the acquisition and the pre-processing of the dataset, the
LSTM model implementation and training and ends with the evaluation and error

investigation (comparison).

3.1 Methodology

3.1.1 Overview

The objective of this study is to predict the host of the protein according to the sequences
with deep learning. Sequence based proteinclassification is a complex multiclass problem and
it needs to address several challenges such as variable input length, imbalanced classes and

complex sequence patterns.

For this purpose, we developed and compared three deep learning architectures:
I.  Deep 1D Convolutional Neural Network (CNN): To model local sequence motifs.
.  Enhanced Bidirectional Long Short-Term Memory (BiLSTM) with Attention: To learn
long-term dependencies and highlight important subsequences.[10]
Ill.  CNN-BiLSTM Hybrid Model: It aims to integrate the advantages of CNN features

extraction with BiLSTM as a sequential model[10].

The approach proceeds in a quantitative manner by training and testing model variants under

experimental conditions, using a balanced dataset to discover the best architecture [4,10].

The general steps of the research methodology include:

I.  Dataset preparation and filtering
IL Sequence encoding and preprocessing
III.  Train/validation/test data splitting
IV.  Model design and training

<

Performance evaluation

VL Comparative analysis and misclassification study

©Daffodil International University 14



3.1.2 Proposed Methodology

The proposed approach can be described as a cascaded process, where each step is carried
out in a reasonable way before the next step starts. This organized process provides a
framework for methodical design, rigorous evaluation and unambiguous interpretation of the

results [6]. The full pipeline is visualized in Figure 3.1.

o

Target Class Removal «— . .
Pad_dmg & Truncation
. Fix length to 400
Class Balancing
5k/Class
Label Enc°ding Overall Accuracy
Numerical Encoding ‘
AAs to Integers 1-20 Stratified Confusion Matrix —
[ Train/Val/Test Split
70/15/15 Per-Class Accuracy —
Data Data L
Collection Preparation & i Recall,';?z;rctore
Preprocessing
Raw Dataset | Model .
filtered_sequene Selection WECEITECHTTG E—-— Performance
ey Evaluation
Deep 1D CNN —_— |

l

Enhanced BiLSTM
w/Attention

—
—
—_—

—
—_—

Hardware &
Performance GPU
Mixed Precision
Loss Function
Weighted
CrossEntropyLoss
Regularization &
Stability Dropout
Gradient Clipping

Hybrid CNN-BIiLSTM +————

Figure 3.1: Proposed methodology

Pipeline Steps:

I.  Data Acquisition and Cleaning
A. Input dataset (filtered_sequences. csv) file containing as amino acid sequences
and their host name.
B. Undersampling of one class (Anas platyrhynchos, Anatidae) to increase
robustness.
II. Data Preprocessing
A. Class balancing: At most 5,000 steps in each class via random down-sampling.
B. Encoding: Amino acids being encoded as an integer (in the range 1-20 with 0
for padding) [2].
C. Padding/Truncation: All sequences padded/truncated to length 400 [10].
D. Label Encoding: Host names encoded into integer classes.

III. Dataset Splitting
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Training: 70%
Validation: 15%
Testing: 15%

Q = >

D. Stratified splitting ensured balanced class distributions.
IV. Model Development
A. CNN, BiLSTM with attention, Hybrid CNN-BiLSTM) [10].
B. Regularization methods (Dropout, Batch Normalization, Gradient Clipping).
V.  Model Training
A. Loss function: Weighted Cross-Entropy [10] for handling the class imbalance.
B. Optimizer: Adam with learning rate schedule.
C. Early stopping: Training is stopped whenever the validation accuracy did not
increase for 7 epochs.
D. Efficient Mixed precision training and GPU acceleration [6].
VI. Model Evaluation
A. Metrics: Accuracy, per-class accuracy, precision, recall, F1.
B. Visualization: Confusion matrices, accuracy plots, per-class performance plots.
VII. Comparative and Error Analysis
A. Model comparison of test accuracy.
B. Misclassification analysis to emphasize systematic error and lack of precision

[7], [10]

3.1.3 Functional and Nonfunctional Requirements

Functional Requirements:

I.  Data Input: The input of the system should be raw protein AA sequences [2].
II.  Preprocessing: The system should be capable of encoding, padding and batching the
input sequences for model ingestion [10].
III. Classification Output: For a particular sequence, the model needs to output the
predicted host type and its confidence scores [3], [7].
IV.  Evaluation: : The system should produce and visualize (key) performance indicators

(accuracy, confusion matrix, classification report) on a provided data set [4].

Nonfunctional Requirements:

I.  Performance:Learning should be fast with GPU acceleration and mixed-precision

training [6].
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II.  Accuracy: The classification performance of the systems are required to be high
enough to be considered effective and reliable [10].

III. Scalability: The system needs to be designed in a way that it can easily encompass
models larger datasets or support the inclusion of new models without having to
completely rewrite the architecture [5], [6].

V. Reliability: The model should provide consistent and repeatable predictability at the

same input information and model weights [1].

3.1.4 UI Design

No new standalone graphical interface was developed, rather visualization of the experiments
was performed using Python libraries (Matplotlib and Seaborn). These included:

I.  Bar charts of the model accuracy comparisons.

Il.  Line plots for per-class accuracy.

llI.  Heatmaps of confusion matrices.

These visual representations act as the interface to the user to allow the results to be viewed

and to be more intuitive to understand [4], [14].

3.2  Detailed Methodology and Design
3.2.1 Dataset Description

The dataset investigated in this study was downloaded from the NCBI GenBank, which is a
resourceful, publicly available database that stores sequence information along with the
corresponding protein translations [5]. The dataset initially consisted of about 25 K protein
sequences. We selected this source because it contains a wide range of hosts similar to our
research question, which gives difficult but realistic conditions for model training [1]. After
the preprocessing steps, explained later in detail, the processed dataset was ready for

modeling.

Here is a sample table for dataset representation where 20 characters/sequence with their

hosts. But every sequence is aligned with 400 characters after encoded.
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Table 3.1: Sample of Preprocessed Protein Sequence Data

Sequence (first 20 chars) Host Encoded Length
MEDFVRQCFNPMIVELAEK Arenaria interpres 400
MDSNTVLSFQDILMRMSKM Bos taurus 400
QL...

EAISLMITLVVVTTSSADKICI Gallus gallus 400
GHQS...
MDHYQRTMSQADMHKLIA Meleagris gallopavo 400
CWK...
MNTNQRITIGTVCMIVGIL.. MNTNQRITIGTVCMIVGI 400

3.2.2 Data Transformation and Feature Engineering

Prior to protein sequences being used to train the deep learning models, several important
preprocessing steps applied to these sequences. These are necessary to identify a
correspondence between the raw variable length biological data into a numerical fixed length
format appropriate for efficient computation and interpretation by the neural network. This is
similar to the process of feature engineering in classical machine learning, which describes

structuring raw data to ensure it is as informative as possible for a model [8], [12].

1. Numerical Encoding of Amino Acid Sequences

Deep learning models are mathematical functions which receive and manipulate numerical
tensors, but cannot understand raw text strings (e.g., protein sequences) directly.
Accordingly, the first stage aimed at numericalizing the amino acid character sequences. This
process, called tokenization or integer encoding, is an essential technique for pre processing
text because the content the human reader’s focus on is much too complex to be cleanly
represented in a consistent manner.Natural Language Processing (NLP) and is standard

practice in computational biology [2] (Ching et al., 2018).

A dictionary was set up for the 20 standard amino acids against which every amino acid was
assigned a unique integer (1-20) (e.g., 'A' -> 1, 'C' -> 2, etc.). Integer 0 was explicitly reserved
as a special padding token — a key difference for the model to distinguish native and padded
(fake) biological data [10]. This integer encoding is incredibly efficient and is fed to the

model’s initial embedding layer, where the model is left to learn how to transform each
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integer (an amino acid) into a dense, multi-dimensional vector. These trained vectors, which
we will refer to as “embeddings,” encode semantic and biochemical relationships between
various amino acids, yielding a rich machine-readable feature space [2].Amino acid

distribution for every sequence.
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Figure 3.2: Position-specific AA frequency heatmaps.

2. Length Standardization via Padding and Truncation

One of the dominant issues with the biological sequences is their length variability. But deep
learning has a pretty big downside, and that's the fact that deep learning models (at least
modern ones, that do processing in "batches" to be more efficient computationally) need their

inputs to be all the same shape [10].

For that, sequences in the dataset were normalized all to length of 400 residues
I.  Truncation: If a sequence was over 400 amino acids it was shortened to contain the
first 400 residues. This is a typical heuristic under the assumption that important

functional information is often in the N-terminal end of the protein [3].
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II. Padding: Sequences smaller than 400 amino acids were post-padded with the special 0

token until a max of 10 tokens was reached [10].

After centralizing and scaling, each input tensor has dimension (batch_size, 128), making it
convenient to use as a neural network input which leads to efficient and parallel processing
on GPU [6]. The embedding layer is programmed to respect the padding token
(padding_idx=0) in that these values do not participate in the model’s learned representation

nor gradient flow [10].The Sequence Length Distribution in Figure 3.3.

Overall Sequence Length Distribution Sequence Length Distribution by Host
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Figure 3.3:Sequence Length Distribution

3. Label Encoding of Host Classes

Like the input sequences, the response variable the name of the host organism is categorical
(and so again needs to be defined as a number for calculation in the model's loss function).
The CrossEntropyLoss function (conventionally used for multi-class classification), requires
that the ground-truth labels have only integers [10].

To achieve this, the sklearn.metrics preprocessing. LabelEncoder utility was employed. This
function gives a single integer to each unique host class which exists in the dataset (Gallus
gallus -> 0, Homo sapiens -> 1, Sus scrofa -> 2, etc.) [3], [7]. The encoder builds and maintains
this mapping, which is crucial for training and testing.

3.2.3 Model Architectures
Three different deep learning models were developed and trained to represent different

classes of sequence features [6].
I.  Deep 1D CNN: To do this, a convolutional architecture concerned with capturing local
patterns or conserved motifs of the sequences. It is composed of an embedding layer,

two 1D convolutional layers with ReLU activation, an adaptive max-pooling layer to
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II1.

encode variable length input sequences into fixed-size feature vectors, and a final
dense layer for classification[4].

Embedding — ConvlD layers — Adaptive pooling — Dense layer.
Enhanced BiLSTM with Aftention: A recurrent deputy candidate suitable for
modelling long-range dependencies along the sequence. A 3-layer Bidirectional LSTM
is used to handle sequences in a bidirectional manner. Then the LSTM outputs are
processed by a self-attention mechanism to let the model attend to the importance of
each part of the sequence before eventually predicting[10].

Embedding — 3-layer BiLSTM — Attention mechanism — Dense layer.
CNN-BiLSTM Hybrid: The goal of our model to make best use of the feature extraction
capability of CNN and sequential modeling property of LSTM. Hierarchical A CNN
block has first been proposed to extract hierarchical local features, which are then fed
into a BiLSTM with an attention mechanism to model the contextual relationship
between these features.[10]

Embedding — CNN feature extraction — BiLSTM — Attention — Dense layer.

3.2.4 Training Setup

Training was made uniform for all models to allow for a fair comparison [6]:

L
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Environment: We trained on a GPU with CUDA to speed up calculations. Automatic
Mixed Precision (AMP) was utilized to further enhance acceleration at sacrificing
memory usage|[6].

Loss Function:A CrossEntropyLoss function was employed. To compensate for the
remaining class imbalance, precomputed class weights were added to the loss
function that increases the misclassification cost on lesser frequent classes [10].
Optimizer:Adam optimizer with learning rate set to 0.001 was employed with L2
regularization (weight decay = le-4).

Learning Rate Scheduler: A ReduceLROnPlateau scheduler was applied in which the
learning rate was decreased if validation accuracy was not increased for 3 epochs.
Regularization: Moreover, apart from using L2 regularization, Dropout layers were
inserted in each model architecture at strategic locations and gradient clipping (max
norm = 1.0) was used to prevent exploding gradients and stabilize training[10].

Early Stopping: Training was set to automatically stop if no further accuracy
improvement was observed during 7 successives epochs. The weights of the best
validation accuracy epoch during training are preserved for testing the final
performance on the test set[10].
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VII. Hyperparameters: Models were trained up to 50 epochs with batch size fixed to 128.

3.2.56 Evaluation Metrics

A broad range of extensive and rigorous evaluations has been taken to perform full and fair
evaluation of the performance of the model. The testing set, comprising 15% of the total data,
was used (15% of the total data), and the performance was carefully determined for each
trained model.This approach guarantees that the reported metrics reflect the models' true
generalization capabilities on new, previously unobserved data [10].

The entire evaluation workflow was structured as follows:

Quantitative Performance Measurement

Overall Accuracy: We used the overall accuracy, ie. the fraction of correct per-type
predictions in the test set, as the principal high-level baseline. This is the criterion used for
the first comparison of overall architectures DeeplD CNN, Enhanced BiLSTM and Hybrid
CNN-BiLSTM [10].

Detailed Per-Class Metrics: Beyond a single summary, a complete classification_report was
produced. In this report, we have reported EGMPK performance at the host class level for
each of the three significant measures:

I.  Precision: It calculates how many of the items that the classifier labeled as positive
are actually positive (of the total sequences classified as Homo sapiens, which
proportion really is Homo sapiens?)[10].

II.  Recall (Sensitivity): Evaluates the model's ability to 1) recall all relevant instances
(e.g.: of all the true Homo sapiens (positive) sequences in the test set, the proportion
correctly classified by the model)? [10].

III.  F1-Score: The harmonic average ofPrecisionandRecall, to get a single metric

capturingboth, that is particularly useful for the evaluation of imbalanced classes[10].

Qualitative and Diagnostic Analysis

I.  Confusion Matrix Analysis:The confusion matrix of each model was constructed to
clearly visualize the classification result. This matrix served to demonstrate which
host classes were correctly identified in a consistent manner, and more importantly,
which classes were confounded, providing important information for the precise
method biases [7], [10].

IL Comparative Visualization:The evaluation scores (Overall Test Accuracy, Per-Class

Accuracy) of three models are gathered to compare and visualize as bar charts and
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III.

line plots. This facilitated a direct, objective comparison to definitively identify the
superior architecture for this specific task [4], [10].

Misclassification Analysis:A qualitative analysis of the final errors on the test set for
the best model was also performed. This entailed investigating the individual protein
sequences that were misclassified to search for patterns or biological reasoning for

the mistakes, thus guiding further developments [3], [7].

Tools and Technologies Used for Evaluation:

L
IL.

II1.
Iv.

3.3

Core Libraries: Python 3. x, PyTorch [6]

Metrics Calculation: The Scikitlearn (sklearn.metrics) for accuracy_score,
confusion_matrix and classification_report calculated with sklearn.metrice[4],[10].
Data Preparation: Prediction and label data were handled with Pandas and NumPy [5].
Visualisations: The visualisations of all plots including the comparative accuracy bars,
per-class performance lines and confusion matrix heatmaps are created using

Matplotlib and Seaborn [4],[10].

Project Plan

Given this complexity and the number of tasks required a careful project plan was essential to

accomplish the eventual development, testing and analysis of the protein host classification

system [1], [6]. Due to the scale of the project, several phases with clear deliverables and

deadlines were developed in order to support a clear execution of the research process.

The complete phasing of workflow work packages was as follows:

Phase 1: Research and Requirement Analysis

i. Carried out an extensive work on literature of deep learning applications in
bioinformatics with a focus on protein sequence classification .

ii. Searched the first dataset on the NCBI GenBank, explored its size, class balance
and adequacy for the project [5].

iii. Specified the minimum functional requirements for the system and selected three
promising model architectures (CNN, BiLSTM with Attention, Hybrid) for

comparative analysis [6], [10].

Phase 2: Dataset Curation and Preprocessing

©Daffodil International University

i. Targeted removal of class (Anas platyrhynchos, Anatidae) based on original analysis
for better dataset [5], [10].

ii. Down-sampling to equalize the class distribution, capping each host class at 5,000
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sequences [10].

iii. Viral maturation is slow: In our experiments, viral particles take to mature. We
implemented the pipeline of data transformation of the transduction experiment,
including number encoding of amino acids and padding and truncating all sequences
to length 400 [2].

iv. Split the pre-processed data into stratified training (70%), validation (15%) and test
(156%) subsets.

Phase 3: Model Development and Training

i. Created the implementation code for Deep 1D CNN, Enhanced BiLSTM and Hybrid
CNN-BiLLSTM models using PyTorch [6], [10].

ii. Set up the training environment on a CUDA-enabled GPU including efficiencies
such as Automatic Mixed Precision.

iii. Used the cycles of iterative training on each model using a weighted loss function,
the Adam optimizer, learning rate scheduling, and early stopping to prevent overfitting

and achieve optimal performance.

Phase 4: Evaluation and Comparative Analysis

i. Used an array of quantitative metrics from Scikit-learn for an automatic evaluation
such as Overall Accuracy, Precision, Recall, and F1-Score [10].

ii. A Confusion Matrix was produced and a study for each model conducted to
diagnose errors and commonly confused hosts using classes.

iii. Data were assembled into comparative graphical and tabulated forms to enable a
dispassionate assessment of the most powerful structural parameterization [4], [10].

iv. Performed a final qualitative Misclassification Analysis on the top model to learn

more about its failures [3], [7].

Phase 5: Documentation and Reporting

i. All the results, figures, and analysis were summarized in a project report.

ii. Document the code and methods for reproducibility.

The work was performed according to the prescribed schedule, which began in March, 2025.

The work was decomposed in five distinct phases to organize development according to Table

3.2
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24



Table 3.2: Project Timeline

Phase Start Month End Month Duration
1. Literature Review & March, 2025 April, 2025 6 Weeks
Data Collection
2. Data Preprocessing April, 2025 April, 2025 2 Weeks
& Cleaning
3.Model Development May, 2025 May, 2025 4 Weeks
& Training
4. Evaluation & June, 2025 June, 2025 2 Weeks
Analysis
5. Final Report July, 2025 July, 2025 4 Weeks
Writing

3.4 Task Allocation

This project is done between Mst. Tasnim Akter Sara and Oliza Umam Tinthy. Roles and

duties were split based on strengths and optimisation of the project. The index of specific

tasks is given in Table 3.3.

Table 3.3: Task Allocation Matrix

Task/Phase Responsible Details
Member(s)
1. Literature Review & Data Mst Tasnim Both members collaborated on
Sourcing Akter Sara, identifying relevant literature and
Oliza Umam sourcing the dataset from NCBI
Tinthy GenBank.
2. Data Preprocessing & Feature Mst Tasnim Sara was responsible for writing
Engineering Akter Sara and executing all Python scripts for
data cleaning, sampling, encoding,
and splitting.
3. Model Development, Training, & Mst Tasnim Sara designed, coded, trained, and
Implementation Akter Sara evaluated all three deep learning
models.

©Daffodil International University

25



4. Writing of Methodology & Oliza Umam Sara documented the entire
Chapters Implementation Tinthy, technical workflow, including the
Mst Tasnim methodology, model design, and
Akter Sara training procedures.
5. Writing of Introduction, Literature | Oliza Umam Tinthy was responsible for drafting
Review, Results, and Conclusion Tinthy the non-technical chapters of the
report and compiling the final
document.

The breakdown below will ensure that everything in the project is well covered, keeping
everything organized and making the project efficient and with a fast turnaround.

Tasks

Literature
Review &

Dataset

Preparation

Preprocess
all the

data

Model
Developmen
t

Evaluation
and

Optimizatio
n

3.6  Summary

The method on which our protein host classification was developed was previously described
[6]. The study consisted of a systematic method that involved data pre-processing, model
training, and evaluation. Three architectures (CNN, BiLSTM with Attention and CNN-BiL.STM
Hybrid) were designed and extensively compared [4],[10]. In the method, we handled class
imbalance by balanced sampling and weighted loss functions [10]. Multi-metric assessment,
detailed visualization contributed positively to model performance in a full spectrum [7],[10].
The strict design of the approach makes the results presented in the following chapters
reliable, reproducible, and applicable at large scales [1],[5],[6].
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Chapter 4

Implementation and Results

In this chapter, a comprehensive explanation of how the deep learning system for classifying
proteins hosts based on a waved segmented signal in conjunction with modified versions of
the Deep 1D CNN, Enhanced BiLSTM with Attention, and Hybrid CNN-BiLSTM models is

presented.

4.1 Environment Setup

Environmental setup This section describes the system environment used for developing the
deep learning models Deep 1D CNN, Enhanced BiLSTM with Attention and Hybrid
CNN-BiLSTM for host organism classification of protein sequences. The set-up guarantees a
reliable, recurrent, reproducible, and efficient workflow, leveraging the Kaggle platform and

its associated hardware and software configurations.

4.1.1 Hardware Configuration

The hardware and computational environment offered by Kaggle cloud notebooks were
crucial in handling such a computationally expensive task of training sequence-based models
on the large scale protein dataset. The following specifications were utilized:

I.  GPU: An NVIDIA Tesla T4 or P100, a high-end GPU that is often made available in
Kaggle’s free tier, with a VRAM of 16 GB. This part was critical to handle the big input
tensors (batch sizes of 128, sequence length of 400), and to speedup the parallel
computations occurring in both Conv and RNN layers. Its enormous memory is much
needed as the BiLSTM and Hybrid models are more complicated.

II. CPU:Intel Xeon processor of multiple cores. The CPU in parallel on Kaggle instance,
processed all print or data operations, such as loading of the dataset, sequence
encoding, padding and batch preparation, which guaranteed the GPU to be sufficiently
fed in data without data traffic jam.

IlI. RAM: 16 GB system memory, supplied by the Kaggle environment. This was enough to
fit the entire preprocessed dataset in memory and allow for fast batching (batch
size=128) as well as shuffling of data in the training loop.

IV.  Storage: About 20GB of persistent disk space on Kaggle were enough to keep the

initial raw dataset, the final pre-processed ones, as well as the saved model weights
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(checkpoints) of every training epoch, especially the best model state found through

early stopping.

The choice of the Kaggle platform was deliberate - a free yet powerful hardware setup was a

natural option for the iterative experiments with long training sessions needed for the current

study problems.

4.1.2 Software and Libraries

The software stack was set-up for deep learning development, data manipulation, and

visualization, and is consisting of:

L

IL.

V.
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Operating System: Kaggle’s Linux kernel (Ubuntu 20.04 LTS or similar), with a stable
and preconfigured environment for your Python-based deep learning experiments.
Python Version: Python 3.10, set to be the default interpreter on Kaggle, compatible
with the latest machine learning libraries.

Deep Learning Framework: Inspired by the very recent work (Pasunuri et al.,2019)
published from the submission of our manuscript, we employed PyTorch 2.0.1 as the
underlying engine to define all the model architectures (through the nn. a Python
Function -the equivalent to a function coded using the python DSL, but with the ability
to nest operators within the function itself — this could allow you to create more
advanced loops (e.g. for loops over your operators) or functional structures (e.g. a
while loop where the condition depends on the output of a module class) or even data
pipelines (e.g. using Dataset and Datal.oader) — 21 Lastly is the patientAPI class. The
CUDA capabilities of the framework were necessary for the GPU computing.

Data Processing Libraries:

A. NumPy 1.23.5: Below I'm sharing the errors for both PyTorch 1.1 conversions
and PyTorch 0. (cpu(). numpy()) for evaluation with Scikit-learn.

B. Pandas 1.5.3: For use to Load and manipulate the sequence data from the read
in csv file; Collect the final model comparison results into a nicely structured
DataFrame.

Visualization Libraries:

A. Matplotlib 3.7.1: Plot of training/valid curves (loss, accuracy) + base structure
for composite figures such as the performance dashboard.

B. Seaborn 0.12.2: It was used for higher-level statistical visualizations and
downloaded the source-code/dataUsed to build higher-level statistical
visualizations, such as model comparison bar plot, the confusion matrix,

misclassification patterns, and amino acid composition heatmaps.
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Evaluation & ML Libraries: Scikit-learn 1.2.2, that was used for various points of the
pipeline:
A. LabelEncoder used to transform categorical host names to numerical labels.
B. Train_test_split, used to make stratified data partitions.
C. compute_class_weight to calculate weights to counteract the class imbalance
in the loss function.
D. The sklearn.metrics for accuracy calculation, the confusion matrix, and the
final classification reports (Precision, Recall, F1-Score).
Other Utilities: The project was implemented in Jupyter Notebook in Kaggle, which
enabled us to interactively run code with immediate visualization of plots, and easy
documentation of the experimental pipeline.Pre-installed or installed through its
package manager, the libraries were available in a straightforward, reproducible setup

process in the environment.

4.1.3 Dataset Configuration

L

IL.

II1.
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The data preprocessing was carefully designed to ensure that the sequence
classification models are trained and evaluated in a strong setting.

Source: The original data was retrieved from the NCBI GenBank. For this work, a
prefiltered version was employed, shared in Kaggle as a single CSV file
(filtered_sequences. csv) were also attached to the notebook environment.
Preprocessing: The raw dataset followed a multistep preprocessing pipeline to
achieve a pure, balanced, model-ready dataset:

A. Class Filtering: Two non-prevalent classes (Anas platyrhynchos, Anatidae)
were programmatically removed to increase model stability and to focus on
more common hosts.

B. Class Balancing: Sampling was performed with a stratified down-sampling
strategy, in which the number of sequences for each host was limited to 5,000.
This was done with groupby(). has replicates of the sample() function with an
explicit random state (random_state = 123),11 and with replicates of the
unfiltered form of sample().11 We also usedl2 and with replicates of the
function of the unfiltered form of).12 We also implemented scaled the
audio-features(random_state=42) for reproducibility.

C. Numerical Encoding: A numerical representation of the protein sequences was

obtained by converting the character string into a numerical tensor. Each of
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the 20 amino acids was encoded as a distinct integer from 1 to 20 with padding
explicitly defined as integer 0.

D. Length Standardization: All the sequences were normalized to a length of 400
residues. Sequences longer than 400 were truncated and shorter sequences
were post-padded with the reserved 0 token.

Splitting: Then, we split the last preprocessed dataset into a training set (70%), a
validation set (15%) and a test set (15%) using the train_test_split function in
Scikit-learn. We forced a stratified split for the class distribution of hosts to be
preserved at all three sets, which is important for unbiased testing purposes.

Data Loaders:We fed data to the models using PyTorch’s Dataset and DatalLoader
classes. The batch size of the training loader was set to 128 and shuffle=True to add
some randomness and model generalization, and that of the validation and test
loaders were set to have the same batch size but without shuffling to maintain

consistency during evaluation.

4.1.4 Environment Initialization

I started the environment in a Kaggle notebook, to keep it reproducible and make it easy to

execute.
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Notebook Setup: A Kaggle notebook I made a fresh Kaggle notebook, and brought in
the filtered_sequences. This csv is attached via the "Add Data'. Unfortunately, the
notebook was set up to run the GPU enabled runtime, which gives you the proper
NVIDIA Tesla T4 or P100 device(s) to train with.

Dependency Management:The first few cells in the notebook are to load all the
libraries, torch, pandas, numpy, sklearn.metrics. A device check (torch. device("cuda"
if torch. cuda. is_available() else "cpu")) was conducted to check availability of GPU
and automatize the computing to proper hardware.

Code Structure: Notebook include logical/sequential cells for: data loading and
preprocessing, defining the three models architectures (DeepProteinCNN,
EnhancedBiLSTM, CNN_BILSTM_Hybrid), standardized training and validation
function, main loop compared model running and last part for results analysis and

visualization.
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IV.  Reproducibility: So the same random_state (random_state=42) was employed to make
experimental results able to compare with exactly the same implementation as

different runs. This ensures that the same data partitions were used for every

experiment.
Table 4.1: Standardized Model Training Configuration
Parameter Configuration Detail
Model Architectures Deep ID CNN, Enhanced BiLSTM, Hybrid CNN-BILSTM

Epochs (Max) 50 (with Early Stopping, patience-7)

Learning Rate le-3 (0.001)
Optimizer Adam (with L2 regularization)
Batch Size 128

Input Sequence Length 400
Loss Function Weighted Cross-Entropy

42  Testing and Evaluation

The scoring was performed automatically by the standard set of classification metrics from
the Scikit-learn library (Pedregosa et al., 2011). That is, the main scores were Accuracy (total
percentage of correct predictions) as well as Precision, Recall, and the corresponding
F1-Score, providing details about the model’s performance per-class. The macro-average of
the scores gives an equal measure of a model’s performance of all the host classes,

irrespective of class frequency.

Table 4.2: Comparative Model Performance on the Test Set

Model Architecture Test Precision (Macro | Recall (Macro F1-Score
Accuracy Avg) Avg) (Macro Avg)
Deep 1D CNN 90.67% 0.90 0.90 0.90
Enhanced BiLSTM 89.97% 0.90 0.90
(Attention) 0.90
CNN-BiLSTM 89.97% 0.90 0.90 0.90
Hybrid

A closer comparison of the model performance exposes a surprisingly notable result on how

different architectural designs fare for this particular task (see Table 4.2).
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The results presented in this paper demonstrate that our simple Deep 1D CNN model has an
advantage of highest test accuracy, i.e., of 90.67%. This result provides strong evidence that
the most important predictive information in the protein sequences is very short (i.e. 7 to 8
residue) consistent local patterns or motifs. Their architecture, CNNs, are thus good at
learning such position-invariant features and this seems to be the linchpin for good

classification on this dataset.

In contrast, more expressive models, Enhanced BiLSTM with Attention and CNN-BiLSTM
Hybrid, which aim to capture more elaborate and distant sequential dependencies, obtained
the same but lower test accuracy of 89.97%. The fact that both of these models performed the
same is very telling,its big problem is that it has no predictive power beyond the local CNN
encoding it. The higher complexity of these architectures might have additionally led to a

slight reduction in their ability to generalise compared to the more economical CNN.

Learning Curves Comparison (Smoothed)
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Epoch

Figure 4.1: Learning Curve Comparison

Validation accuracy over the training epochs shows how the 3 models learn. Deep 1D CNN
highlighted the most accuracy of learning among Deep 1D CNN,Enhanced BiLLSTM, and
Hybrid models.

4.3  Results and Discussion
It turned out that there were different performance trends among the three deep learning
architectures on the protein host classification task in the experimental validation. On the

other hand, as illustrated in Table 4.2, the Deep 1D CNN obtained the highest value of the test
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accuracy equal to 90.67%, surpassing both the Enhanced BiLSTM with Attention and the
CNN-BIiLSTM Hybrid, each of which reached 89.97% accuracy. Comparison 3 models figure.
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Figure 4.2: Model Performance Summary

This result suggests that despite the architectural simplicity of the convolutional neural
network, it is especially adapted to the tasks of detecting short, conserved motifs and
position-invariant patterns in the amino acid sequences of proteins. These local features seem
to be the most prevalent predictors of host type, resulting in the best performance of CNN.

On the other hand, the use of different models with BiLSTM layers was less successful. Both
the EBILSTM_A and the CNN-BiLSTM Hybrid used the information from various
word-ordering distances, but did not provide additional predictive capability over that
provided by the CNN. From this, we can infer that none of the previous models benefited
from an enhancement in depth, which from where we stand clear evidence of the limiting
nature of recurrent components in the early convolutions stages of the model, adding
un-necessary complexity and potentially overfitting.

A further interesting observation here is that in performance, the BiLSTM was found to be

better with Hybrid model, that is the contextual sequence information is not helping in any
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significant manner for this dataset compared to local motif based learning. Now that’s cool,
because it gets at a central biological issue: host-specific signals in protein sequences may be
encoded primarily in small localized subsequences and not in distributed dependencies

across longer subsequences.

Confusion Matrix - Deep 1D CNN (Test Accuracy: 0.907)
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Figure 4.3: Best Model Confusion Matrix
In summary, the results indicate that parsimonious CNN-based architectures are effective for
biological sequence classification tasks that depend on local motif detection, with more

complex recurrent models not necessarily leading to improved generalization.

Within this best result the model also has misclassification:This heatmaps shows the mistakes
made by the model in case of testing. In the X-axis it appears Incorrectly Predicted result and
in Y-axis it displays the true level that actually hosts . In this figure higher misclassification
counted by darker red. It noticeably shows confusion between Gallus gallus and Meleagris
gallopavo. This pattern shows not only the similarities between protein sequences but also

limitations of the deep learning models.
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Misclassification Patterns
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Figure 4.4: Misclassification Patterns

44  Summary

This chapter described experimental details of three deep learning architectures (Deep 1D
CNN, Enhanced BiLSTM with Attention, CNN-BiLSTM Hybrid) that were used for protein
host classification. The environmental setup was elaborately set on Kaggle by consideration
to reproducibility, computation utility and normalization process of protein dataset. The
comparison of different models performance showed that the Deep 1D CNN obtained the best
results, having a test accuracy of 90.67%, thus demonstrating the power of local motif-based
learning for learning discriminative sequence properties. On the other hand, the Enhanced
BiLSTM with Attention and the CNN-BiLSTM Hybrid all achieved the accuracy of 89.97%,
showing that the use of the recurrent and hybrid modeling has not helped with the
performance improvements. These results suggest that local sequence patterns are more
informative than long-range dependencies for host classification in protein sequences. In
conclusion, this investigation represents the advantage of CNN related methods for muscle
activity predictions not just in terms of the accuracy of the predictions, but also in terms of
the computational costs and less complex solution for large-scale biological sequence

classification.
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Chapter 5

Engineering Standards and Design
Challenges

In this chapter, in depth explanation of the engineering standards and design challenges when
refining the deep learning based IAV host prediction framework are presented. It also
describes compliance with targeted software, hardware, and data standards, works around
technical impediments, and exemplifies methodologies utilized to guarantee model resilience,

scalability and dependability for large-scale genomics applications, respectively.

5.1 Compliance with the Standards

This section details the engineering standards used to develop the model, and their
alternatives, alongside motivation for the final choices in order to make the methodological
approach replicable and robust.

5.1.1 Software Standards

1. IEEE 1012-2016 (Software Verification and Validation)
a. Description: It sets a standard procedure to check validity and soundness of
software systems for functional correctness and reliability.
b. Alternatives:

i. ISOMEC 25010 (Software Quality Model): Tests software quality
characteristics, such as usability, maintainability, and security.

1. Pros: Addresses a wider variety of quality measures for
computational biology pipelines.

2. Cons: There is no organized form of validation of deep learning
model's outputs.

ii. IEEE 730-2014 (Software Quality Assurance Plans): Addresses process
control and quality internet web page is compiled so we use cookies to
keep up the necessities.

1. Pros: Supports regulatory and reproducibility documentation.
2. Cons: More on model-time validation for sequence predictions
Not as much on runtime model-time validation for

sequence-based predictions.

©Daffodil International University 36



c. Rationale: As a criterion, IEEE 1012-2016 was used to compare and verify the
performance of host prediction (Fl-score 83.39% to 11 hosts) on the training,
validation, and test datasets systematically, which means these could be
replicable and reliable.

2. ISO/IEC 29119 (Software Testing)

a. Description: CPSC 471/571 Software Integration, and Testing Fall 2008, A
Simplified IBM Rational Unified Process.RTCT-002-002 Text_000007, Copyright
IBM SPECIFIC OBJECTIVES: Specify the objectives to be achieved: Provides
for definition of repeatable, standardized processes for testing software Define
test case design and execution Define testing group Choose test management
tool Proposed Start Date : 2008 April 1 Proposed End Date : 2008 April
5_RESOURCE EFFORT ESTIMATE Information Resource : IBM Software
Development Staff Other .

b. Alternatives:

i. ISTQB (International Software Testing Qualifications Board)
Guidelines: Emphasis on testing certification and testing in general
ignorance.

1. Pros: Stresses on detailing on test plans and results.
2. Cons: IBM Solutions Vendor Build Resource Impact.
ii. IEEE 829-2008 (Test Documentation): Concentrates on documenting
test plans and results.
1. Pros: Enhances traceability and auditability.
2. Cons: Does not provide a testing framework, requiring
additional standards.
c. Rationale: It adds to IEEE 1012-2016 a structured testing process that includes

testing of model performance on rare host classes and sequence diversity.

5.1.2 Hardware Standards

1. IEEE 1101.1-1998 (Mechanical Standards for 3U and 6U Eurocards)
a. Description:Describes a mechanical design for hardware modules, which is
applicable to the training environment.
b. Alternatives:
i. PCISSIG (PCI Express Base Specification): Specification that defines
high-speed interconnects for GPUs and CPUs.
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1. Pros. Specialized for deep learning training with data transfer
optimization.

2. Cons: No mechanical integration or thermal management
consideration.

i. ISO 10303 (STEP) for CAD Data Exchange:Targets information
exchange of hardware design.

1. Pros.Guarantees compatibility with the design software
ideologies.

2. Cons:. Meaningless for runtime hardware optimisation.

c. Rationale: We selected IEEE 1101.1-1998 to guarantee the physical
compatibility and stability of the GPU hardware for training models (e.g., 22s
per epoch for MobileNetV2), providing the required computation power for the
project.

2. IEC 61508 (Functional Safety of Electrical/Electronic Systems)
a. Description: Focuses on hardware security, which is also vital for the smooth

functioning of computing infrastructure in the healthcare industry.
b. Alternatives:
i. ISO 26262 (Automotive Safety): Designed for automotive systems with
specified levels of safety integrity.
1. Pros: Provides structured safety approach.
2. Cons: Not so applicable to medical hardware situations.
ii. MIL-STD-810 (Environmental Engineering Considerations): Designed
to withstand rough conditions.
1. Pros: Ensures stability in different environments.
2. Cons:A little too high detail for a controlled lab scenario.
c. Rationale: IEC 61508 was chosen to ensure safety and reliability of the
hardware platform, which is essential for processing sensitive medical data

and performing real-time inference in clinical scenarios.

5.1.3 Communication Standards

For compatibility and reusability of the data .They were FAIR (Findable, Accessible,
Interoperable, Re-usable) data principles and applied to NCBI and GISAID data to maintain
1. FAIR Data Principles (Findable, Accessible, Interoperable, Reusable):for A"The

nucleic data they hold should be made Findable, Accessible, Interoperable and
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Re-usable (FAIR)." SCOPEThe operationalized these data principles when it comes to
the NCBI and GISAID datasets to ensure that standardized metadata is made
available, appropriate labeling is...made and that the data could be reproduced.
2. DICOM/HL? (optional): Not used directly, but reviewed to determine the possibility of
integration with epidemiology or hospital systems for zoonotic surveillance.
All project pipelines were monitored through GitHub and Jira for version control, to provide

visibility and transparency.

5.2 Impact on Society, Environment and Sustainability

5.2.1 Impact on Life

The host prediction model is of great potential value for protecting public health. It thus
directly facilitates both pandemic preparedness and early response against zoonotic spillover
onto humans. It also decreases the reliance on conventional manual host classification
methods which are frequently sluggish and cost/resource-consuming. The system speeds up
epidemiological analysis and gives public health institutes a streamlined method for studying
viral evolution in various hosts. This enables faster analysis and increases the world’s ability

to respond to viral outbreaks

5.2.2 Impact on Society & Environment

While deep learning can contribute significantly to the analysis of viral sequences, it brings
environmental concerns because of heavy GPU usage, which requires approximately 0.3
kgCO:-equivalent per hour of training time.To this end, energy consumption was mitigated via
measures like mixed precision training, model pruning, and the use of renewable-powered
cloud resources.Also, by moving from a manual, paper- based process to digital modeling and
computation, the process decreases its reliance on physical resources and thus decreases its
environmental impact. Together, they lead to a more sustainable type of computational

virology research.

5.2.3  Ethical Aspects

Ethical considerations were integrated in the design procedure in order to promote fair and
transparent development. It is designed to learn fair predictions for the broad spectrum of
host classes (in favor of dominant and underrepresented ones) thereby lowering the potential
of systematic error on rare classes. Viral metadata that is privacy sensitive, particularly those

with host-related data was meticulously anonymized to protect privacy. In addition, the

©Daffodil International University 39



project follows open-access/open-science standards favouring transparency and the proper
use of public health data in terms of ethics. This balance between accessibility and

responsibility strengthens the trustworthiness of the system.

5.2.4 Sustainability Plan

The longevity of the system and the effectiveness of a long-term sustainable roadmap ensures
its relevance and operation. Simple, lightweight models modeled upon MobileNetV2 variants
for sequence data resulted in models suitable for deployment at the edge or low power, and
were still lightweight to run on resource limited devices. The system is intended to be
retrained as new strains emerge and genomic information evolves. Moreover, a cloud-based
SaaS hybrid deployment model keeps the platform commercially and technically viable. This
hybrid method enables constant updates of the system meanwhile minimizing the need for
infrastructure overhead and assuring that the system develops in synchrony with scientific

and technology development.

5.3 Project Management and Financial Analysis

The project was conducted using the Agile approach in 2-week sprints approximately for
dataset pre-processing, model training and evaluation. Tools for cooperation were GitHub for

versioning and Jira for task handling.

Table 5.1: : Estimated Cost and Financial Analysis

Components Estimated Cost (BDT)
Cloud GPU (Tesla T4, 125h) 52,500
Software & Storage 500
Personnel 20,000
Total 25,000

54 Complex Engineering Problem

It was challenging to solve complex engineering problems that needed domain expertise,
creative thinking and inter-disciplinary work while working on the host prediction project.
Below here we show how the project mapped onto frameworks for complex problem solving

and engineering activity.
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54.1 Complex Problem Solving

The project met all the criteria of a complex engineering problem as per the norms of the

engineering profession.

Table 5.2: Mapping with Complex Engineering Problem.

EP1 EP2 EP3 EP4 EP5 EP6 EP7
Dept of | Range Depth Familiarit | Extent of | Extent Interdependen
Knowledg | Of of y of Issues| Applicabl | Of Stake- | ce
e Conflicting Analysi e Codes holder
Requirement | s Involveme
S nt
v v v v v

EP1: Utilized state-of-the-art knowledge of deep learning (1D CNN, Enhanced
BiLSTM,CNN-BiLSTM Hybrid), sequence encoding and truncation..

EP3: Utilized state-of-the-art knowledge of visual representation, model comparison and per
class accuracy,confusion matrix.

EP4: Dealt with sequence imbalance, rare host under-representation, and analysis the models
performance keep in mind of misclassification and best model.

EP5: Pipeline is properly figured with sufficient and scalable for further sequence based host
prediction analysis.

EPT7: Established a seamless pipeline by integrating preprocessing, hybrid model training,

evaluation (F1, precision, recall).

Mapping with Knowledge Profile

Table 5.3: Mapping with knowledge Profile.

K1 K2 K3 K4 K5 K6 K7 K8
Natur Engineerin | Speciali Encineer | Engineer Resear
i i
al Mathema | g st i 8 . & Comprehe | ch
Scien | tics Fundamen | Knowle 8 ) & ) nsion Literatu
Design Practice
ce tals dge re
v v v v v v
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Justification for Each Knowledge Profile Element:

K3: Implement the basics of applied engineering in algorithms, sequence pre-processing, loss
functions, and performance measures (i.e., accuracy, F1-score).

K4: Using three deep learning models (including a hybrid one) proved of depth knowledge
and understanding.

K5: Implemented an end-to-end host prediction pipeline from dataset processing to
developing hybrid deep learning models to training and test.

K6: Practising with industry standard tools and platforms (Pytorch, Scikit-learn, Kaggle with
GPU acceleration).

K7: Highlighted outcome by CNN’s model can broader public health objective of genome
sequence.

K8: Searched existing influenza A host prediction studies as well as deep learning to identify
gaps and suggest an optimal design. In engineering project terms, the project was located on a
continuum of standard complexity categories associated with engineering work.

54.2 Engineering Activities

With respect to engineering activities, the project spanned a variety of standard categories of

engineering practice complexity. (Use Table 5.4).
Mapping with Complex Engineering Activities

Table 5.4: Mapping with Complex Engineering Activities.

EA1l EA2 EA3 EA4 EA5
Range of Level of | Innovation Consequences Familiarity
re- sources Interaction for society and
environment
v v v

EAL: Public viral data, preprocessing codes, GPU, and open-source libraries enabled

model development.

EA4: Framework ready for clinical integration; low-resource techniques ensure

practical applicability.

EAb: Team expertise in ML, bioinformatics, and Python ensured efficient, high-quality

outcomes.
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5.5 Summary

Engineering standards Engineering challenges were faced and complex problem-solving
strategies were utilized in developing the deep-learning based IAV host prediction framework
are described in Chapter 5. Software (IEEE 1012-2016, ISO/IEC 29119) and hardware safety
(IEEE 1101.1-1998, IEC 61508), as well as FAIR data principles were met for reliability,
reproducibility and interoperability. Major challenges such as imbalanced sequence data and
long-range dependencies were mitigated through hybrid CNN-BiGRU-Transformer models,
oversampling methods, and the explanatory power of attention. Ethical, privacy-preserving
and eco-efficient training and models, existing sustainability dynamics and
consumption-friendly mechanisms such as lightweight models and cloud-SaaS deployment
were adopted. Project mapping to complex engineering problems, knowledge profiles, and
engineering activities illustrate the incorporation of multidisciplinary skills into a versatile,

scalable, and socially relevant framework for genomic analysis.
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Chapter 6

Conclusion

This section provides a general conclusion to the IAV host prediction project. It outlines the
achievements, identifies the constraints experienced for the development, and
recommendations are presented for future enhancements. The goal of the project was to
utilize the latest deep learning techniques in the prediction of viral hosts, by overcoming a

large set of genomic data and complicated sequence relationships.

6.1 Summary

The study adopted a holistic approach for IAV host prediction by hybrid deep learning models
like 1D CNN, BiLSTM and CNN-BiLSTM hybrid. The primary goal was to develop an
automated system that could be scaled for accurately classifying viral sequences, considering
multiple hosts. The study started by considering the current limitations of influenza host
prediction, such as relatively small curated datasets to date, class imbalance and poor
interpretability of models.An extensive literature review informed our design decisions that

emphasized strong evaluation metrics and reproducible pipelines.

This work helps in the context of viral genomics in showing how systematic approaches,
hybrid deep learning architectures and interpretable methods are capable in addressing the
complexities embodied in big, unbalanced, and complex viral sequence datasets. It provides
the foundation for scalable, reproducible and ethically 3 responsible computational tools for

zoonotic surveillance.

6.2 Limitation

While the primary objectives were met, there were some limitations. There were too few
little-seen host classes for the dataset to be generalisable, despite a dataset of acceptable size
(c. 25,000 sequences). Interpretability of models was still incomplete, with black-box part in
deep learning only being able to capture part of the biological subtlety. Moreover,
computational constraints restricted the exploration of larger model architectures, which
could potentially facilitate the improvement of accuracy and sequence feature representation.

Some long-range sequence dependencies were also quite hard for prediction performance.
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6.3 Future Work

Our approach in the future will be to continue building our dataset to add additional
sequences originating from underrepresented hosts and circulating viral subtypes. Higher
computational resources will support training of larger models and investigation of
state-of-the-art approaches.The model can be further expanded to predict risk of host
adaptation, the potential for cross-species transmission, and integration with real-time

epidemiologic surveillance.

Deployment approaches will consider cloud-SaaS models, edge computing, and a lightweight
architecture in resource-constrained environments. We will develop further interpretability
modules and post-processing to guarantee prediction reliability. Open access licensing and
community collaboration will ensure wide usage, continued development and will facilitate

better integration into public health research and computational virology pipelines.

The project paves the way for a sturdy, scalable and reproducible framework that enhances
pandemic preparedness, allows us to study viral evolution in quick time, and promotes

sustainable computational biology practices.
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23% defecfed as AI Caution: Review required.

The percentage indicates the combined amount of likely Al-generated text as It Is essential to understand the limitations of Al detection before making decisions
well as likely Al-generated text that was also likely Al-paraphrased. about a student's work. We encourage you to learn more about Turnitin’s Al detection
capabilities before using the tool.

Detection Groups

44 Al-generated only 23%
Likely Al-generated text from a large-language model

) 0 Al-generated text that was Al-paraphrased 0%
Likely Al-generated text that was likely revised using an Al-paraphrase tool
or word spinner

Disclaimer

Our Al writing assessment is designed to help educators identify text that might be prepared by a generative Al tool. Qur Al writing assessment may not always be accurate (Le., our Al models
may produce either false positive results or false negative results), so it should not be used as the sole basis for adverse actions against a student [t takes further scrutiny and human
Judgmentn conjunction with an organization's application of its specific academic policies to determine whether any academic misconduct has occurred

Frequently Asked Questions

How should I interpret Turnitin's AI writing percentage and false positives?

The percentage shown in the Al writing report is the amount of qualifying text within the submission that Turnitin’s Al writing

detection model determines was either likely Al-generated text from a large-language model or likely Al-generated text that was '
likely revised using an Al paraphrase tool or word spinner.

False positives (incorrectly flagging human-written text as Al-generated) are a possibility in Al models.

Al detection scores under 20%, which we do not surface in new reports, have a higher likelihood of false positives. To reduce the
likelihood of misinterpretation, no score or highlights are attributed and are indicated with an asterisk in the report (*%).

The Al writing percentage should not be the sole basis to determine whether misconduct has occurred. The reviewer/instructor
should use the percentage as a means to start a formative conversation with their student and/or use it to examine the submitted
assignment in accordance with their school's policies.

What does 'qualifying text’ mean?

Our model only processes qualifying text in the form of long-form writing. Long-form writing means individual sentences contained in paragraphs that make up a
longer piece of written work, such as an essay, a dissertation, or an article, etc. Qualifying text that has been determined to be likely Al-generated will be
highlighted in cyan in the submission, and likely Al-generated and then likely Al-paraphrased will be highlighted purple.

Non-qualifying text, such as bullet points, annotated bibliographies, etc., will not be processed and can create disparity between the submission highlights and the
percentage shown.
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