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ABSTRACT

Hormone-Bounding Proteins (HBPs) play a critical role to maintain the movement, stability,
and introduction of hormones. Despite the assistance of the existing computer programs, it
remains difficult to get the correct predictions of HBP due to the presence of duplicate datasets,
the absence of diversity in features, and ineffective generalization of the models. In this paper,
the authors introduce an Ensemble Learning Framework optimized using Differentiated
Evolution (DE) that is able to identify HBPs directly based on protein sequences at a high
degree of accuracy. We used a complete benchmark data to compare the performance of the
model. We examined 6 possible options of encoding features and Dipeptide Composition
(DPC) was found to be the most successful in distinguishing between them. We assembled a
weighted combination of seven various machine learning classifiers.DE was used to identify
the best weights. The final model performed well on a test set, and had an accuracy of 98.00,
sensitivity of 100 percent and an MCC of 0.9608. It is a cheap and highly accurate
computational approach that is an excellent choice to conduct a large-scale proteomic analysis

and identify biomarkers related to hormones.
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Chapter 1: Introduction

1.1 Background of the Study

The hormones are essential in controlling a broad spectrum of physiological functions in living
organisms such as growth, metabolism, reproduction, immune reaction, and homeostasis.
Hormones are chemical messengers that pass the signal of the endocrine glands to the target
tissues in order to provide coordinated biological activities. Nevertheless, there are few cases
when hormones can act alone in the circulation. Most hormones to ensure their stability,
bioavailability, and targeted delivery necessitate the effect of specialized carrier molecules

referred to as Hormone-Binding Proteins (HBPs) [1,5].

The hormone-binding proteins act as the molecular chaperones that attach hormones within the
bloodstream to ensure that these hormones are not easily degraded and they are released under
the influence of certain receptors. The interaction is essential to maintain the hormonal balance
and make sure that physiological responses are normal. An interesting case is the Growth
Hormone-Binding Protein (GHBP) that controls the circulation of growth hormone and its
stability. GHBP dysfunction or deficiency may cause severe effects on hormone sensitivity,

which causes abnormal growth and serious metabolic diseases [2,3].

Conventionally, the recognition and description of the hormone-binding proteins have
depended on the experimental wet-laboratory methods of radioimmunoassay, Western blotting,
and X-ray crystallography. Despite the high accuracy and reliability of these methods, they are
time-consuming, labour intensive, and expensive in nature. Consequently, this makes their use

inefficient in the case of large biological data sets [4].

Next-Generation Sequencing (NGS) technologies in the past few years have brought about new
technologies that have made biology a big data field. Curated repositories like UniProt have
millions of sequences of proteins in them at a rate never seen before. Although this information
of the sequence is abundant, the functional annotation of such proteins is still not complete. In
a significant fraction of known sequences, the biological roles, such as hormone-binding
activity, remain unclear, which has produced an ever-widening discrepancy between the

generation of data and the interpretation of their functions [4,6].
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This disbalance highlights the urgent problem of finding efficient, scalable, and automated
strategies that can reveal valuable biological insight into large volumes of proteins. Machine
Learning (ML) has proven to be a promising solution in this regard. Recent papers indicate that
the ML-based models can be effective in identifying the hidden patterns in the sequence and
the physicochemical properties of proteins that interact with hormone and those that do not. ML
methods make it possible to fast, cheap, precise and quick prediction of HBPs using
computational intelligence and therefore biological research, drug discovery, and

endocrinological studies are accelerated [1,5].

1.2 Problem Statement

In spite of the development of the current computational methods of predicting the hormone-

binding proteins, the following challenges are still critical and unsolved:

Low Cross-Dataset Generalization: Several available tools like HBPred and iGHBP are
meant to forecast some subclass of hormone-binding proteins (e.g., GHBP). Consequently, such
models tend to perform worse in predicting data on heterogeneous or independent data, and

cannot be applied more generally to biological questions [2,3].

Poor Sensitivity and False-Negative Rates: The nature of the non-linear and multifaceted
connections between protein sequences and hormone-binding functionality often prove
challenging to model by classical machine learning algorithms, such as Naive Bayes and simple
Support Vector Machines (SVM). As a result, these models are highly likely to give high false-

negative rates, which causes false-classification of true hormone-binding proteins [6].

Inadequate Representation of Features: Simple amino acid composition models are often
not able to differentiate between proteins that have similar structural or physicochemical
characteristics but may differ in biological activity. More informative descriptors are needed in
accurate HBP identification, i.e., the dipeptide composition, pseudo-amino acid composition,

and sophisticated physicochemical feature representations.

Low under Independent Test Set Performance: The most prominent weakness of most of
the current models is the fact that most of them have their performance deteriorate dramatically
when they are applied on either independent or external data, despite their high performance on
the training data. Such discrepancy has raised the issue of overfitting, firmness, and practical

applicability in the real world [1].
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Absence of an Integrated Prediction Framework: At the moment, no unified computational
system has been designed as an effective combination of different feature extraction methods
and the strategy of ensemble learning specifically optimized to make predictions of reliable

hormone-binding proteins.
Considering such difficulties, there is a significant research question:

What is needed to establish a robust, generalized, and sequence-based computational model
that is able to distinguish hormone-binding proteins with a high level of accuracy, sensitivity,

specificity and generalization capabilities across various datasets?

1.3 Motivation

The rationale of the study is based on the biological significance of hormone-binding proteins
as well as the methodological drawbacks that can be identified in the current computational

predictors.

Hormone binding proteins play a crucial role in the regulation of endocrine signaling, hormone
transport and metabolic stability. Malfunctions of these proteins have a close relation with
disorders like diabetes, thyroid abnormalities, growth defects, and hormone resistance
syndromes. HBPs can only be experimentally identified at a high cost and time, which precludes
screening of large numbers. As a result, a reliable and correct sequence-based computational
prediction system is desperately needed in order to rank the proteins of interest as the next to

be experimentally verified.

Computationally, most current HBP predictors use single classifiers or fixed ensemble
algorithms, which are not commonly able to generalize between independent datasets. Initial
experiments performed in this study also found out that as much as conventional stacking
ensembles obtain improved results, as compared to individual classifiers, it often plateaus, and
does not attain desired balance between specificity and sensitivity. Such a limitation is caused
by the fact that the heterogeneous base classifiers possess varying confidence levels, and they

are not properly used in the case of the static meta-learners.
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Moreover, protein activity is in itself multifaceted and is never represented by a single feature
representation type. Although basic amino acid composition gives global sequence data, the
local interaction of residues, physicochemical transitions, and long range sequence
dependencies usually affect hormone-binding activity. This fact stimulates the combination of
several complementary feature families, such as DPC, CTDC, PAAC, APAAC, CKSAAGP

and AAC to encode sequence characteristics comprehensively.

Lastly, the recent developments in the field of ensemble learning indicate that weighted fusion
using anterior-probability might serve as a worthy predictive robustness enhancer even when
applied in conjunction with evolutionary optimization methods like Differential Evolution
(DE). This strategy makes use of the full potential of the high-performing classifiers by
dynamically assigning them the best weights, allowing the model to make the best decisions
considering reliability and diversity. All these factors led to the creation of the suggested

probability-weighted ensemble model to determine hormone-binding proteins correctly.

1.4 Significance of the Study

This study has certain important implications on computational biology and bioinformatics.
1.4.1 Biological and Clinical Significance

The suggested structure offers a solid computational resource to the precise recognition of
hormone-binding proteins straight by the data of the initial sequence. The model reduces the
false negatives by obtaining a high sensitivity, and specificity, which is essential in the study
of hormone-related diseases and biomedical screening. The ability assists in the discovery of

biomarkers and enables downstream experimental and therapeutic research.
1.4.2 Methodological Significance

This paper presents an ensemble learning method based on probability weighted strategy
incorporating a combination of heterogeneous classifiers based on optimized posterior
probabilities. The methodological contribution of the addition of Differential Evolution-based
weight optimization to the traditional stacking and fixed voting schemes is optimal robustness

and generalization.
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1.4.3 Computational Practicability

The computational practicability is considered in the light of the Alabastian mnemonic
algorithm.

The proposed strategy is purely based on features derived by sequence and common machine
learning techniques, which would prove to be computationally efficient and scalable. This
means that the framework can be easily integrated into massive proteomic screening pipelines

and automated bioinformatics workflows.
1.5 Research Objectives

The following are the specific objectives of the study:

1. To create high-quality, balanced, and non-redundant benchmark dataset of hormone-
binding proteins and non-HBPs in UniProt, and the redundancy eliminated with the help
of CD-HIT.

2. To obtain several complementary sequence-based feature representations, such as AAC,
DPC, PAAC, APAAC, CTDC, and CKSAAGP to obtain both global and local sequence
representations.

3. To compare a wide range of machine learning classifiers and come up with the best-
performing baseline models.

4. To create a probability-weighted ensemble structure by using the posterior probability
value of the chosen classifiers.

5. To use Differential Evolution (DE) to optimize the weights of the ensembles and
decision thresholds.

6. To stringently evaluate the proposed model on standard evaluation measures of
Accuracy, Sensitivity, Specificity, MCC, F1-score, and AUC on an independent test

dataset.
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1.6 Research Scope and Limitations

The study will be limited in its scope, as it will concentrate solely on the adult patients admitted

at an ED in Illinois.

1.6.1 Scope

o The article is concerned with binary classification of the hormone-binding and non-
hormone-binding proteins based on the primary sequence data.

e A curated benchmark dataset of 716 training sequences and an independent test set of
100 sequences is used.

e Six sequence-based descriptors based on the iFeature toolkit are used to extract the
features.

e The methodology focuses on ensemble learning, posterior probability fusion and
optimization of evolutionary weights.

e Model evaluation is done by cross-validation and independent test evaluation to provide

robustness and generalization.
1.6.2 Limitations

o Itscurated dataset size is smaller compared to the ones that deep learning-based methods
usually need.

e To keep computational efficiency, structural information, evolutionary profiles (e.g.,
PSSM), and protein language model embeddings are not utilized.

e Simple ensemble strategies have less computational overhead than Differential
Evolution-based optimization.

e The given work is completely computational; no experimental confirmation of

hypothesized hormone-binding proteins can be provided.
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Chapter 2: Literature Review

2.1 Related Work

Hormone-binding proteins (HBPs) play a role in regulating biological and endocrine functions.
HBPs can be computational identified with more accuracy, which allows the further
understanding of hormone-protein interactions, and supports biomedical research. Many
machine learning (ML) and ensemble-based models have been proposed throughout the years,

which combine different feature engineering methods and classifiers [1].

HBPred is one of the earliest ML-based predictors made by Tang et al. [3]. It employed
dipeptide composition (DPC) and SVM (RBF kernel) classifier. It achieved an accuracy of
84.9% on 246 UniProt sequences (100% similarity), sensitivity of 88.6 and specificity of 81.3.
Nevertheless, when it was applied to independent datasets its performance reduced

significantly.

Basith et al. came up with iGHBP, which is a highly randomized trees (ERT) classifier
comprising AAC, DPC, amino acid indices, and physicochemical properties to enhance the
variety of features [2]. Their model cross-validated at a rate of 84.9 and independent-tested at

82.3. This indicated that it possessed more features but still mediocre performance.

Guo et al. proposed the HBP NB, which is a Naive Bayes classifier with k-mer (k = 3)
representation. A curated UniProt dataset containing 243 sequences gave 95.45% accuracy with
the model. However, the research lacked an independent-test analysis, which is questionable as

far as generalization is concerned.

Tan et al. came up with HBPred 2.0, which added tripeptide composition (TPC), g-gap
dipeptide descriptors, and Pse AAC, and then considered the strict feature selection techniques
like ANOVA, binomial distribution, and IFS [4]. This gave it an 97.15% accuracy (MCC 0.943)

when five-fold tested but 84.78% accuracy when tested on new sets which could be overfitting.

A boosted random forest, statistical moment features, and multiple amino acid descriptors are
ensemble learning algorithm that has been designed by Butt et al. in the recent past [5]. Their
approach has an AUC of 0.98 and an accuracy of 94.37 on a large-scale test, indicating that
ensemble structures work. Zulfiqar et al. [1] have given an extensive empirical comparison and

have pointed out the current developments in the prediction of HBP. They emphasized the
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transition towards deeper biochemical, structural, and compositional descriptors, and

highlighted the growing importance of ensemble learning.

Such works indicate a change in the model of simple features to more advanced ensemble

systems and puts a heavy emphasis on cross-validation, independent testing, and robustness.

Paper / Year | Dataset Feature Classifier / Performance
Tool Description Encoding Algorithm Metrics
Strategy

HBPred 2018 | 246 sequences Dipeptide SVM (RBF Acc: 84.9%,

(Lin et al.) (123 HBPs, 123 | Composition Kernel) Sn: 88.6%, Sp:
non-HBPs); (Top 73 81.3%
UniProt, 0.6 selected via
similarity cutoff | ANOVA/IFS)

iGHBP 2018 | Benchmarking Combined Extremely Independent

(Basith et set + optimal features | Randomized | Test - Acc:

al.) Independent set | (DPC + AAI); Tree (ERT) 82.3%, MCC:
(31 HBPs, 31 Selected via RF 0.646, Sp:
non-HBPs) ranking 0.839

Wang et al. | 2018 | Dataset D1 (123 | Tri-peptide Ensemble of | Acc: 90.70%
HBPs, 123 non- | Composition SVM models | (5-fold CV)
HBPs) (TPC)

HBPred2.0 | 2019 | Train: 246 seqs; | TPC, g-gap, SVM (RBF CV Acc:

(Tan et al.) Independent: 92 | PseAAC, CTD; | Kernel) 97.15%;
seqs (UniProt, Optimized via Independent
<60% similarity) | ANOVA & IFS Acc: 84.78%

HBP_NB 2021 | 122 HBPs + 121 | K-mer (K=3, Naive Bayes | Acc: 95.45%,

(Guo et al.) non-HBPs reduced to (NB) Sn: 94.17%,
(Cleaned via 250D via F- MCC: 0.9136
CD-HIT 0.6) score)
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PredHBP- | 2023 | 816 sequences Statistical Boosted Acc: 94.37%,
RF (Butt et (408 HBPs, 408 | Moments, Random F1:0.9438,
al.) non-HBPs) + PRIMs, Forest AUC: 0.98,
Independent set | AAPIV, FDV (AdaBoost + | MCC: 0.8875
RF)
2.2 Gap in Research

Nevertheless, there are still many issues in the field of HBP prediction:

(1) Adaptive Ensemble Optimization is Restricted: The vast majority of ensemble models
have fixed or heuristic weights of the classifiers and fixed decision thresholds. This complicates
the process of establishing the correct balance between sensitivity and specificity among

datasets [5].

(2) Lack of Complementary Multivariate Optimization: The practice of using separate
optimizations for feature selection, classifier hyperparameters, and threshold tuning is common

rather than joint optimization, which reduces the overall predictive performance [4,6].

(3) Limited Variety of Features: The modern models rely mostly on the classical descriptors
such as AAC, DPC, PseAAC and TPC [2]-[4], and new feature paradigms such as PSSM
evolutionary profiles, diffusion-based embeddings, and protein language model representations

have not yet been used extensively.

(4) Limited Applicability: Many models are highly cross-validated yet significantly lower at

test sets which have not been trained on, indicating that they do not generalize well [3], [4].

(5) Not Enough Clarity: The existing ensemble mechanisms do not capture the contribution
of separate base classifiers or groups of features, which reduces the level of model transparency,

and makes it more difficult to achieve biological understanding [1].

These gaps will be of interest in order to fill them to come up with more accurate and
biologically meaningful HBP prediction models, such as adaptive ensemble weight
optimization, joint hyperparameter-feature-threshold tuning, more plentiful sequence

representations etc.

© Daffodil International University 9



Chapter 3: Methodology

3.1 Objective of the Study

The ultimate goal of this research is to come up with a sound and trustworthy computational
model of accurate identification of Hormone-Binding Proteins (HBPs) with the sole direct

dependence on protein sequence data.

Feature
Extraction lﬂl

Protein Sequence
Collection

Performance Metrics

Weighted | Posterior

| Accuracy | |Speciﬁcity | v Averaging | Probability

Ensemble Learning Model

| Sensevity | | F1-Score I

MCC || Kappa || Precision [

J

Figure 3.1 Proposed Experimental Methodology

To this end, the proposed methodology combines extensive data dividing, multi-view feature
extraction, systematic testing of baseline machine learning models, and a new Differential
Evolution (DE)-optimized probability-weighted ensemble learning approach. The general
outline is developed to maximize predictive performance, strength, and generalization

performance on independent datasets.

3.2 Dataset Partitioning

In order to reduce overfitting and have an unbiased evaluation of generalizing the model, the
curated dataset was rigidly split into two discontinuous subsets, namely a training dataset and
an independent test dataset. None of the sequences in the independent test set was utilized in

the training of the model, feature selection, or optimization.
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3.2.1 Training Dataset

The following purposes were based on the training dataset:

e Model training and learning
e Analysis of feature importance

e Cross-validation hyperparameter optimization

To avoid the imbalance in classes and learning bias, the training set was created in the form of

a balanced group that included:

e HBPs: 358 hormone-binding proteins
e Non-hormone-binding proteins (non-HBPs): 358

This resulted in 716 sequences in the training set.
3.2.2 Independent Test Dataset

The dataset independent of the training phase was totally separated and only used to test and
validate the final model. The presented dataset offers a stringent test of predictive validity of

the proposed framework in the real world.
The independent test set is made up of:

e Hormone-binding proteins: 50 HBPs
e Non-hormone-binding proteins (non-HBPs): 50

Independent testing was done using 100 sequences.

Table 3.1: Statistical Distribution of the Datasets

Dataset HBP (Positive) | Non-HBP (Negative) | Total Sequences
Training Set 358 358 716
Independent Test Set 50 50 100
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3.3 Feature Extraction

Machine learning algorithms cannot accept variable-length symbolic strings, but protein
sequences need fixed-length numerical vectors. Thus, every protein sequence was converted
into numerical representations in the form of structured features provided with the iFeature

package.

Six complementary feature encoding schemes were used to encode compositional, structural,

and physicochemical properties of protein sequences.
3.3.1 Dipeptide Composition (DPC)

e Normalized frequency of all 400 possible combinations of dipeptides (20 x 20)
e Records local sequence-order effects and local short-range interaction between residues
e Produces a feature vector of 400 dimensions

e Selected as the most discriminative feature representation in this paper
3.3.2 Pseudo Amino Acid Composition (PAAC)

o Expands the conventional amino acid composition with physicochemical correlation
factors

e Maintains global sequence-order information lost in simple composition descriptors
3.3.3 Composition, Transition and Distribution (CTDC)

e Codes worldwide sequence-based features using grouped physicochemical properties
such as hydrophobicity, polarity, and charge

o Explicates the structure, frequency of transition, and distribution patterns of these
properties along the sequence

o Especially useful in modeling physicochemical behavior of binders
3.3.4 k-Separated Amino Acid Group Pairs (CKSAAGP)

o Represents the number of pairs of amino acid groups separated by a spacing parameter
k

e Records semi-local and long-range interactions caused by protein folding and proximity
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3.3.5 Amphiphilic Pseudo Amino Acid Composition (APAAC)

e Improves PAAC by explicitly modeling hydrophobic and hydrophilic correlation
patterns

e Captures amphiphilic tendencies essential for hormone-binding interactions
3.3.6 Amino Acid Composition (AAC)

o Representation of the normalized frequency of the 20 canonical amino acids

e Used as a global compositional measure.

3.4 Baseline Classifiers and Model Selection

To establish strong foundations and identify promising ensemble candidates, each feature set

was evaluated using eleven machine learning algorithms:

e Random Forest (RF)
e  XGBoost (XGB)
e LightGBM (LGBM)

e (CatBoost
e Gradient Boosting Classifier (GBC)
e AdaBoost

o Extra Trees Classifier (ET)

o K-Nearest Neighbors (KNN)

e Support Vector Classifier (SVC)
e Decision Tree (DT)

e Gaussian Naive Bayes (GNB)

Each classifier was trained using 5-fold cross-validation.

Key Finding: The highest accuracy and MCC were consistently obtained using the DPC feature

set. Therefore, DPC was selected as the primary feature input for the final ensemble framework.
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3.5 Ensemble Learning Framework Proposal

A weighted ensemble learning system was designed to enhance predictive performance and
stability. Unlike simple averaging or stacking, this framework employs Differential Evolution

(DE) to optimize classifier contribution weights.
3.5.1 Selection of Base Learners

Based on cross-validation accuracy and MCC on the DPC feature set, seven high-performing

models were selected as base learners:

o Extra Trees Classifier (ET)

e Random Forest (RF)

e K-Nearest Neighbors (KNN)

e Gradient Boosting Classifier (GBC)
e  XGBoost (XGB)

e Support Vector Machine (SVC)

e LightGBM (LGBM)

These classifiers represent diverse learning paradigms:

o Bagging methods: RF, ET
e Boosting methods: XGB, LGBM, GBC
o Instance-based learning: KNN

e Margin-based learning: SVC

This diversity strengthens the ensemble by minimizing correlated prediction errors. Among
them, tree-based ensemble algorithms (ET and RF) demonstrated superior individual

performance and contributed significantly to the overall ensemble.

3.4.1 Weight Optimization using Differential Evolution (DE)

As an alternative to arbitrary assignment of equal weight to base models, Differential Evolution,

which is a global optimization algorithm, was used to identify the best weight vector.

The given prediction score is calculated as:
© Daffodil International University 14



Subject to:

N
Zwizl, 0<w; <1
=1

Wheré:
e N=7N = 7N=7 (number of base learners)
e  PiP_iPi =i-th classifier predicted probability
e wiw_iwi = optimum weight of the i-th classifier
DE also maximized the decision threshold (TTT) to maximize the Matthews Correlation
Coefficient (MCC), in addition to optimizing the ensemble weights. A sample was classified as

HBP where:

Pﬁrmi = T

This two-parameter optimization greatly enhanced the robustness of classification on the

independent dataset.

3.5 Performance Evaluation

The performance of the model was evaluated using commonly accepted metrics derived from

the confusion matrix:

e True Positives (TP)
e True Negatives (TN)
o False Positives (FP)
o False Negatives (FN)

Sensitivity (Sn) / Recall

© Daffodil International University 15



TP

Sn=_——" _
"T TP EN
Specificity (Sp)
TN
P = TN FP
Accuracy (Acc)
TP + TN
Acc = |

TP +TN + FP + FN

Matthews Correlation Coefficient (MCC)

V- (TP X TN) - (FP x FN)

/(TP + FP)(IP + EN)(IN + FP)(IN + FN)

A fair and sound measure even for disproportionate data.
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Figure 3.2 Performance comparison

All these measures are useful for presenting a complete evaluation of the discrimination power and

strength of the suggested ensemble model.
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Chapter 4: Results and Discussion

4.1 Feature Evaluation and Selection

Six feature encoding schemes were compared using a common baseline classifier to determine the

most informative representation for distinguishing Hormone-Binding Proteins (HBPs).

Table 4.1: Performance of Feature Encoding Scheme

Feature Accuracy [MCC | F1-Score | Remarks
DPC 0.94 0.886 | 0.936 Selected
APAAC 0.88 0.765 | 0.886 N/A
CKSAAGP 0.87 0.740 | 0.868 N/A
AAC 0.86 0.720 | 0.857 N/A
PAAC 0.79 0.589 | 0.807 N/A
CTDC 0.68 0.360 | 0.673 Lowest

The results clearly indicate that Dipeptide Composition (DPC) outperformed all other descriptors

and demonstrated superior discriminatory capability

Figure 4.1: Comparison of Accuracy and MCC across Feature Encodings
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Figure 4.1 comparison of Accuracy and MCC across Feature Encoding
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This implies that local residue-pair patterns are key indicators of hormone-binding behavior. As a

result, DPC was selected as the primary feature set for training and ensemble construction.

4.2 Baseline Classifier Performance

Using the selected DPC features, several machine learning algorithms were trained to establish

baseline performance. The best-performing classifiers were:
e LightGBM: Accuracy = 0.88, MCC = 0.76
e  XGBoost: Accuracy = 0.84, MCC = 0.68
e Gradient Boosting: Accuracy =0.81, MCC = 0.62
e Random Forest: Accuracy = 0.79, MCC = 0.58

Although boosting-based models (LightGBM, XGBoost) outperformed bagging-based models
(RF), none achieved an MCC greater than 0.80. This validates the weakness of relying on a single
model and highlights the necessity of a weighted ensemble strategy to exploit complementary

strengths.

4.3 Weights Optimization using Differential Evolution

Extra Trees (ET), Random Forest (RF), KNN, GBC, XGB, SVC, and LGBM were used to
construct a seven-model ensemble. Differential Evolution (DE) was applied to simultaneously

optimize model weights and the decision threshold.
After 77 iterations, DE achieved the best fitness corresponding to:

MCC = 0.98
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Figure 4.2: DE Convergence Curve (Fitness vs. Iterations)
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Table 4.2: Optimized Ensemble Weights
Base Learner Optimized Weight |Interpretation
Extra Trees (ET) 0.2797 Strongest contributor; major variance reduction
Random Forest (RF) | 0.2488 Complementary bagging contribution
KNN 0.1926 Local residue similarity
GBC 0.1127 Stability contribution
XGBoost 0.0805 Minor enhancement
SvC 0.0804 Decision margin stability
LightGBM 0.0052 Minimal ensemble contribution

Interestingly, although LightGBM performed very well individually, DE assigned it a low weight,
indicating limited complementarity within the ensemble. In contrast, ET and RF dominated the
ensemble, emphasizing the importance of combining variance-controlled tree models with

instance-based learners.
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4.4 Assessment of Independent Test Dataset

The final DE-optimized ensemble was evaluated on a strictly separated independent test set

comprising 100 sequences.

Table 4.3: Final Test Performance of the Proposed Model

Metric Value Interpretation

Accuracy | 98.00% | 98 correct predictions out of 100

MCC 0.9608 Near-perfect prediction correlation
Sensitivity | 100.00% | Detected all 50 HBPs (no misses)
Specificity | 96.00% | Correctly identified 48/50 non-HBPs

F1-Score | 0.9804 Strong precision—recall balance

The optimal decision threshold was 0.4381, automatically determined by DE.

4.5 Confusion Matrix Analysis

The confusion matrix for the independent test dataset is shown below:

Predicted HBP | Predicted Non-HBP
Actual HBP 50 (TP) 0 (FN)
Actual Non-HBP | 2 (FP) 48 (TN)

Only two false positives were observed, and no false negatives occurred, which is highly desirable

for biological screening applications.
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Figure 4.3: Confusion Matrix Heatmap (Independent Test Set)
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Figure 4.3 Confusion Matrix Heatmap

4.6 ROC Curve and AUC Analysis

The ensemble model generated a Receiver Operating Characteristic (ROC) curve with an
approximate AUC of 1.0, indicating excellent discrimination capability across a wide range of

thresholds.

Figure 4.4: ROC Curve
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Figure 4.4 ROC Curve

4.7 State-of-the-Art Comparisons

To demonstrate the superiority of the proposed framework, results were compared with six existing

state-of-the-art HBP prediction methods using independent test performance metrics.
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Table 4.5: Performance Comparison of Proposed Method with Existing Literature

Study Year | Classifier / | Accuracy | MCC | Sensitivity | Specificity
Method (%) (%) (%)

Proposed 2025 | DE-Optimized 98.00 0.9608 | 100.00 96.00

Method Ensemble
(Stacking)

Butt et al. [5] 2023 | Boosted Random | 94.37 0.8875 | - -
Forest

Guo et al. [6] 2021 | Naive Bayes (K- | 95.45 0.9136 | 94.17 96.73
mer)

Tan et al. | 2019 | SVM (TPC, g- | 84.78* - - -

(HBPred2.0) gap)

[4]

Basith et al. | 2018 | Extremely 82.30* 0.6460 | - 83.90

(iIGHBP) [2] Randomized Tree

Lin et al.|2018 | SVM (Dipeptide | 84.90 - 88.60 81.30

(HBPred) [3] Composition)

Wang et al. 2018 | Ensemble SVM 90.70 - - -

4.8 Resistance to Individual Classifiers

Most previous studies relied on single classifiers, such as Support Vector Machines (SVM) (Lin et

al.; Tan et al.) or Naive Bayes (Guo et al.), which often suffer from limited generalization

capability. For instance, HBPred 2.0 (Tan et al.) reported a high training accuracy of 97.15%, but

its performance dropped sharply to 84.78% on an independent test set, indicating substantial

overfitting.
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Conversely, the suggested ensemble model based on the Differential Evolution (DE) methodology
preserved the high level of results on the unseen data. This consistency across data sets indicates
the higher generalization capacity of the ensemble framework and its resistance to overfitting

which is one of the biggest limitations of individual classifiers.

4.9 Effectiveness of Feature Strategy

As in the case of Lin et al. (2018) [3], these features of the local sequence were used in this study
Dipeptide Composition (DPC). Nonetheless, Lin et al. have attained 84.9% in terms of accuracy
with the help of SVM classifier, whereas the proposed stacked ensemble model, which combines
seven different classifiers (KNN, Extra Trees, Random Forest, etc.), demonstrated a significantly

higher accuracy of 98.00%.

The given comparison demonstrates clearly that, as powerful and informative a feature
representation as it is, the use of DPC can use its maximum discriminative ability only in a
combination with sophisticated ensemble learning approaches as opposed to basic linear or single

classifiers.

4.10 Discussion

1. Prevailing Local Sequence Information: Of the half-dozen representations of features
considered, Dipeptide Composition (DPC) proved to be the most informative representation as it
had an accuracy score of 0.94 and an MCC of 0.886. It means that localized forces among
neighboring amino acids encode essential biochemical signatures that mediate hormone-binding.
Global descriptors, in their turn, including CTDC and PAAC, did not reproduce this specificity
and, therefore, demonstrated worse performance. This finding is consistent with the previous
protein activity prediction research which, invariably, reveals that local sequences, as well as

structural characteristics, are a decisive result in the mechanism of ligand-binding.

2. Weaknesses of Individual Classifiers: No single classifier, however, could model the complex,
nonlinear patterns of hormone-binding protein sequences entirely, even though each of these two
models had reasonable training performance, reaching a maximum value of 0.76 and 0.68 in the

maximum entropy model and maximum entropy boosting respectively.
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Furthermore, it was observed that there were noticeable performance variations between cross-
validation folds which showed sensitivity to data imbalance and feature noise. This instability

highlights the need of an ensemble-based approach to achieve credible generalization.

3. DE-Based Weight Optimization Effectiveness: One of the contributions of this work is the use
of the Differential Evolution (DE) to mathematically solve the contribution weights of members of
an ensemble. DE algorithm quickly found the best solution with an MCC of around 0.98- far

beyond the performance of the individual classifiers.

It was optimized that the weight distribution shown was:

e Extra Trees and Random Forest, which are both bagging-based techniques, were given the
most weights as they have a powerful variance-reduction property and the ability to deal
with high-dimensionality DPC features.

e K-Nearest Neighbors (KNN) had a significant weight (approximately 19%), which
demonstrates the significance of local similarity-related decision mechanisms.

e LightGBM and XGBoost were assigned relatively lower weights, which implies that even
though their performance was high in an individual setting, their patterns of errors are

correlated, which did not introduce a lot of diversity to the ensemble.

4. Results with Independent Test Data: On the independent test data, the DE-optimized ensemble
obtained an accuracy of 98.00% and an MCC of 0.9608, which was better than all the baseline

models. It is worth noticing that the model had a 100% sensitivity (recall).

e Zero false negatives were found, which means that all hormone-binding proteins were
correctly discovered, which is a crucial quality in computational biology, and absence of
true binders can cause the omission of possible drug targets.

e The high specificity of 96, two false positives being observed, is a good reason to believe

that the high sensitivity was obtained at the cost of over-overprediction.

5. Discriminative Stability: Receiver Operating Characteristic (ROC) analysis showed an Area
under the curve (AUC) of nearly 1.0 and this means outstanding discriminative ability over a large

set of decision thresholds. This stability helps in validating the usefulness of the proposed
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framework to the practical application in large-scale screening situations in real-world where

boundaries of decisions can be different.

6. Biological Implications: The exceptional performance of the proposed model especially its
perfect recall has high translational implications. Signaling pathways, metabolic regulation, and

disease mechanisms are all mediated by hormone-binding proteins.

The sensitivity coupled with low false-positives rate of the proposed framework is what will enable
you to be confident that you will have a useful computational tool in screening large sets of protein
sequences that have not been characterized, greatly decreasing the amount of experimental

workload required and speeding up the downstream validation and drug discovery efforts.
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Chapter 5: Conclusion

Hormone-Binding Proteins (HBPs) are important in many physiological processes such as
signal transduction, metabolism, and immune response. Precise detection of these proteins is
thus required in the further development of endocrinology, functional proteomics and in the
discovery of drugs related to hormones.

The present paper provides a solid mathematical model of discriminating between HBPs and
non-HBPs. Comparative study of 6 frequently used sequence-based feature encoding schemes
has shown that Dipeptide Composition (DPC) is the most discriminative encoding, able to
represent well short-range local sequence interactions underlying hormone-binding activity.
To address the shortcomings of single classifier, a weighted ensemble model that combined
the 7 high-performing learners, which include Extra Trees, Random Forest, K-Nearest
Neighbors, Gradient Boosting Classifier, XGBoost, Support Vector Classifier, and
LightGBM, is created. The key difference is that the weights of the classifier and the decision
threshold are optimized jointly with the help of Differential Evolution (DE), which allows
making the decision boundary flexible and adaptable. In comparison to the traditional majority
voting or fixed stacking models, the suggested framework will optimize the Matthews
Correlation Coefficient (MCC) directly, which leads to more robustness and generalization.
Independent test set evaluation indicated that its accuracy was 98.00 compared to existing
state-of-the-art procedures. Notably, the sensitivity of the model was 100 per cent which
implies that no protein hormones that bound were wrongly classified as non-HBPs. The
property is also especially useful in applications of large scale screening, where false negatives
can remove biologically significant targets.

In general, a synergistic combination of discriminative feature encoding and evolutionary
optimization has led to an accurate, reliable, and biologically significant predictive model of

hormone-binding proteins identification.
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5.1 Contributions to the Field

This research has a number of valuable implications to bioinformatics and computational

biology:

1.

New DE-Optimized weighted Ensemble Framework. It is suggested that a new
ensemble learning architecture using Differential Evolution to optimally estimate the
contribution of the base classifiers should be used. The bias and variance are
dynamically balanced in the proposed approach unlike the traditional approaches of
majority voting or fixed stacking, resulting in increased robustness and generalization.
Full Benchmarking of HBP Feature Encoding Schemes. A comparative analysis of
several schemes of encoding compostitional and physicochemical features is
conducted with Dipeptide Composition (DPC) the most informative and the
importance of local interactions of sequences in hormone-binding proteins are
highlighted.

Cost-Effective and accurate Prediction Model. The suggested computational
system is a rapid, dependable, and cost-effective substitute to the experimental
technologies like X-ray crystallography and Nuclear Magnetic Resonance (NMR)
spectroscopy, and it has a high chance of speeding up large scale pipelines of hormone-

associated proteins screening.

5.2 Future Work Recommendations
Although it has a high predictive performance, there are a number of areas where it can be

improved in the future:

I.

Web-Based Prediction Server Development. The prediction server should be a web-
based server that is easy to use by the experimental researcher whereby they can submit
the protein sequences and predict the results without the need of any programming
skills.

Deep Learning Models Incorporation. Subsequent studies can consider more
complicated deep learning models, including Convolutional Neural Networks (CNNs)
and Long Short-Term Memory (LSTM) networks, to be able to automatically acquire
high-level and context-aware representations of protein sequences. These models can
also be improved to give an improved predictive performance, by using larger,
experimentally validated datasets, to identify complex sequential dependencies and

hierarchical patterns inherent in hormone-binding proteins.
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3. Structural Information was integrated. Future researchers can use three-
dimensional structural data based on protein structure prediction programs like
AlphaFold. Spatial and conformational characteristics of hormone-binding sites can
also add to the accuracy of prediction as it can add structural context to the sequence-
based information.

4. Improvement of the Model Interpretability. The biological interpretability of the
proposed model can be enhanced using the techniques of Explainable Artificial
Intelligence (XAI), such as SHapley Additive exPlanations (SHAP). These approaches
would help to identify the main amino acid residues and sequence patterns that play
the role of hormone-binding behavior and thus offer more biological information and

make model predictions more transparent.
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