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Abstract
Several computational tools have been developed to predict the anticancer na-
ture of peptides, including AntiCP and AntiCP2. While these methods have
been widely adopted by the scientific community, they are not suitable for
predicting anticancer proteins, as they differ significantly in composition and
sequence characteristics. In this study, we introduce AntiCP3, the first ded-
icated platform for the accurate prediction of anticancer proteins. Our ap-
proach begins with an in-depth compositional analysis, which revealed clear
differences between anticancer peptides and proteins, reinforcing the need for a
distinct predictive framework. To build this, we first implemented similarity-
based methods, which provided only moderate performance. We then devel-
oped a range of machine learning and deep learning models using conventional
protein features such as amino acid composition (AAC), dipeptide composi-
tion (DPC), and physicochemical properties (PCP). The Extra Trees classifier
achieved the best performance among traditional models, with a maximum AU-
ROC of 0.72. To enhance performance, we integrated evolutionary features by
extracting Position-Specific Scoring Matrix (PSSM) profiles, which improved
the AUROC to 0.79. We further fine-tuned the pre-trained ESM2-t33 pro-
tein language model on our curated dataset, using its ability to capture both
structural and contextual information. This led to a significant increase in the
performance, achieving an AUROC of 0.90. Finally, we developed a hybrid
model that combines BLAST-based sequence similarity scores with the fine-
tuned ESM2 model, resulting in the highest performance with an AUROC of
0.91. All models were rigorously trained using manual five-fold cross-validation,
and the performance was further validated using an independent test set. To
facilitate widespread usage, AntiCP3 has been implemented as both a user-
friendly web server and a standalone package. Additionally, the best-performing
model has been deployed on Hugging Face as open access enabling direct inte-
gration into computational pipelines and promoting reproducible research.
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Chapter 1

Introduction

1.1 Background

Cancer is a disease characterized by uncontrolled growth of cells that invade
surrounding tissues and may metastasize to healthy organs [1]. They pose
serious global threat in healthcare as it can arise in any part of the body and
are of different types, each with unique genetic, molecular and pathological
features. As per the World Health Organization (WHO) [2], approximately
20 million new cancer cases and 9.7 million cancer-related deaths were reported
globally in 2022. Several factors such as environmental conditions and sedentary
lifestyle also contribute to increased incidences of different types of cancers.
Presently available treatment strategies like chemotherapy, immunotherapy and
radiotherapy have developed a lot with time and have been successful in early
detection and remission but they come with their own set of challenges. High
recurrence rates, lack of specificity to cancer-specific sites and severe side effects
are some of the major drawbacks of conventional therapeutic strategies.

To overcome these challenges, protein- and peptide-based therapeutics are be-
coming effective alternatives in cancer treatment. Anticancer peptides (ACPs)
and proteins are two structurally but functionally complementary categories of
biomolecules. These molecules not only act as direct anticancer agents but also
play important role in development of targeted therapeutics. ACPs are typically
short length peptides with length in the range of 5-50 amino acids, mostly rich in
cationic and amphipathic residues like lysine, arginine etc. [3]. Cancer cells un-
dergo different types of modifications to resist immune system response of host
organism. They are more negatively charged as compared to the membranes
of normal cells due to the presence of more negatively charged lipids like phos-
phatidyl serine on the outer leaflet of the membrane [4]. The positive charge
of these peptides forms strong electrostatic interactions with the negatively
charged components of plasma membrane resulting in membrane disruption via
different mechanisms like pore formation, membrane destabilization or intra-
cellular targeting of organelles like mitochondria and the nucleus. These ACPs
also have immunomodulatory and antiangiogenic properties, thus contributing
to both direct and indirect anticancer effects. However, their lesser half-life
and rapid degradation in-vivo limited their potential. In contrast, Anticancer
Proteins are longer length, functionally diverse biomolecules, with promising
anticancer activities [5]. These include cytokines, tumor necrosis factors, mABs
and enzymes. They act through various biological mechanisms like immune
modulation, receptor targeting, and apoptosis induction. Due to their complex
structures, they are able to interact specifically with target sites, resulting in
target-specific response.

In this study, we focus on anticancer proteins ranging from 50 to 1000 amino
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acids, curated from the CancerPPD2 [6] database to capture full-length, bi-
ologically active domains. The present study focuses primarily on anticancer
proteins longer than 50 amino acids, which are structurally more complex and
functionally diverse than short ACPs. Unlike smaller peptides, anticancer pro-
teins may retain stable tertiary or quaternary structures, allowing them to inter-
act with specific cell-surface receptors or signaling molecules involved in tumor
progression. Mechanism of action of Anticancer Proteins is depicted in Fig-
ure 1.1. The potential of such proteins is reflected in the growing number of
FDA-approved biologics for cancer therapy, including mABs like trastuzumab,
immunocytokines, and enzyme-based therapies. These approvals highlight the
clinical relevance and therapeutic promise of protein-based agents, particularly
in accessing targets and pathways inaccessible to small molecules.

Fig. 1.1. Mechanism of Anticancer Proteins

The growing interest in Anticancer peptides (ACPs) and proteins as therapeu-
tic agents has been significantly supported by advances in computational biol-
ogy, bioinformatics, and high-throughput data mining. The traditional pipeline
of drug discovery and validation is very time-consuming and resource intensive.
In-silico tools and publicly available databases have accelerated this process of
identification and design of peptides and protein-based therapeutics by correctly
annotating and predicting potential candidates, thus reducing the burden on
laboratory resources [7]. Databases like Uniprot [8], PDB [9] and NCBI [10] pro-
vide vast resources on biological data, but they sometimes lack domain-specific
annotations. Several attempts have been made to combine data from all these
primary databases and literature to provide high quality manually annotated in-
formation on specialized proteins and peptides with their domain specific role.
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For eg. CancerPPD2 [6] is an updated repository containing information on
experimentally validated Anticancer proteins and peptides. Data was mined
from these biological databases like Uniprot [8] and PDB [9] as well as from
literature sources like Pubmed and Patent Lens. These specialized databases
provide annotated information on sequences, structure, chemical modifications
and experimental activity of peptides helping in data-driven identification of
novel peptides and proteins using in-silico tools like. These computational re-
sources can complement the traditional Drug discovery pipeline and accelerate
the development of protein- and peptide- based therapeutics.

1.2 Motivation of Work

In the era of precision medicine, there is growing emphasis on developing
targeted therapies with minimal off-target effects. Among emerging biologics,
therapeutic proteins have demonstrated considerable potential in treating com-
plex diseases, including various forms of cancer. Despite this, the landscape of
computational prediction tools in oncology remains heavily skewed toward short
anticancer peptides (ACPs), with relatively little focus on full-length proteins
that may show anticancer activity. This lack of dedicated tools for protein-level
anticancer prediction restricts our ability to mine large proteomic datasets for
potential therapeutic candidates. To address this gap, our study proposes a
binary classification framework — AntiCP3 — specifically designed to predict
anticancer proteins by utilizing a curated dataset of experimentally validated
anticancer protein sequences. The model incorporates evolutionary information
and learned representations from protein language models, which capture the
biological context of sequences more effectively than traditional feature engi-
neering approaches.
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1.3 Objective

The aim of this study is to develop an efficient computational framework, An-
tiCP3, for predicting Anticancer proteins using only their amino acid sequences,
in order to support the discovery and development of novel protein-based ther-
apeutics. To achieve this, different AI- based strategies were explored and
training models was done on a high-quality, manually curated dataset, and the
best-performing model after evaluating through rigourous evaluation metrics.

To facilitate accessibility and promote further research within the scien-
tific community, AntiCP3 has been made publicly available as a web server
(https://webs.iiitd.edu.in/raghava/anticp3/), as a standalone software
package, and is also deployed on Hugging Face
(https://huggingface.co/raghavagps-group/anticp3) and GitHub (https:
//github.com/raghavagps/anticp3) for broader usability and integration. Fig-
ure 1.2 shows the overall architecture of this study.

Fig. 1.2. Overall architecture of AntiCP3
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Chapter 2

Literature Review

With the growing interest in protein- and peptide- based therapeutics, several
attempts have been made in development of tools for prediction of Anticancer
proteins and peptides, with most early efforts focussing on short peptide se-
quences due to their relatively simple structure and ease of synthesis. One of
the first major contributions in this area was AntiCP [11], developed in 2013
using a dataset of 225 experimentally validated ACPs, all with lengths below 50
amino acids. Subsequently, various methods were developed such as Hajisharifi
et al. [12], mACPred2.0 [13], ACPred-BMF [14], AntiCP2.0 [15], ACPML [16],
MLACP-2.0 [17]. Table 2.1 summarizes the list of available Anticancer peptide
prediction methods. While these tools achieved good performance integrating
various sequence-based features such as amino acid composition, physicochemi-
cal properties, and motif information, their scope was limited to short peptides
and did not extend to full-length protein sequences. Although tools such as Can-
cerGram [18] and mACPred 2.0 [13] appear to support protein inputs via their
web interfaces, a closer examination reveals that their underlying models were
trained exclusively on peptide datasets. When evaluated on the curated valida-
tion dataset used in AntiCP3—comprising full-length, experimentally validated
Anticancer proteins—CancerGram [18] exhibited poor generalization, misclas-
sifying the majority of sequences and achieving an AUC close to random (0.52).
While mACPred 2.0 [13] showed moderate improvement (AUC 0.66), its perfor-
mance still remained limited when applied beyond its original peptide-focused
training scope. In the present study, we have focussed on the prediction and
classification of Anticancer proteins as proteins, unlike peptides, often function
through complex domain interactions, structural motifs, and evolutionary con-
servation that are not fully captured by peptide-based predictors. Till Now,
no such method has been developed that specifically focusses on longer length
proteins. This is first such attempt where longer protein sequences were used
for training the model to differentiate between Anticancer and Non-Anticancer
Proteins.
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S.No. Method Year of Publication Peptide Length Webserver Github
1 AntiCP [11] 2013 ≤50 Yes NA
2 AntiCP 2.0 [15] 2021 4–50 Yes Yes
3 ACP-DL [19] 2019 Not mentioned NA Yes
4 ACPP [20] 2015 15–100 Yes (Not Working) Yes
5 ENNAACT [21] 2020 7–40 Yes NA
6 DeepACP [22] 2020 Not mentioned NA Yes
7 CancerGram [18] 2020 ≤50 Yes Yes
8 AACFlow [23] 2024 5–50 NA Yes
9 AntiMF [24] 2022 10–50 NA NA
10 ACP-PDAFF [25] 2024 Not mentioned NA Yes
11 DeepACPpred [26] 2020 NA NA Yes
12 StackACPred [27] 2022 5–50 NA Yes
13 mACPpred 2.0 [13] 2024 5–50 Yes NA
14 mACPpred [28] 2019 5–52 Yes NA
15 ME-ACP [29] 2022 Not mentioned NA Yes
16 ACP-MLC [30] 2023 Not mentioned NA Yes
17 ACP-BC [31] 2023 Not mentioned NA Yes
18 xDEEP-AcPEP [32] 2021 10–38 Yes Yes
19 ACP-Check [33] 2022 Not mentioned Yes (Not Working) NA
20 MLACP 2.0 [17] 2022 50 Yes NA
21 ACPPFel [34] 2024 Not mentioned Yes (Not Working) NA
22 ACP-ML [16] 2024 Not mentioned NA Yes
23 MA-PEP [35] 2024 Not mentioned NA Yes
24 ACP-DRL [36] 2024 Not mentioned NA Yes
25 Li & Wang’s Method [37] 2020 Not mentioned NA NA
26 Hajishrafi et al. [12] 2014 Not mentioned NA NA
27 PEPred-Suite [38] 2019 Not mentioned Yes (Not Working) NA
28 ACPred-Fuse [39] 2019 Not mentioned Yes (Not Working) NA
29 PTPD [40] 2019 Not mentioned NA NA
30 ACPred [41] 2019 Not mentioned Yes Yes
31 MLACP [42] 2017 Not mentioned Yes (Not Working) NA
32 iACP [43] 2016 Not mentioned Yes (Not Working) NA
33 ACPred-FL [44] 2018 10–50 Yes (Not Working) NA
34 Zhao et al. [45] 2021 5–70 NA NA
35 ACP-GBDT [46] 2023 Not mentioned NA Yes

Table 2.1. List of available Anticancer Peptide prediction methods
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Chapter 3

Materials and Methodology

The datasets were mined and manually curated from publicly available repos-
itories. All the models were trained, tested, and evaluated on this manually
curated non-redundant dataset.

3.1 Dataset Collection & Compilation

Positive Data representing Anticancer Proteins were mined from CancerPPD2
[6] - by applying a length filter to retain sequences between 50 and 1000 amino
acids, a total of 370 natural protein sequences were selected. To compile the
Negative dataset, the UniProt database [8] was queried using the exclusion
keywords ”NOT - Anticancer protein,” AND ”NOT - Antitumor protein,” AND
”NOT - Antiangiogenic protein,” along with the filter length: 50 TO 1000. This
search yielded 558,717 protein sequences that do not exhibit known anticancer
activity.

3.2 Data Preprocessing

Data preprocessing is a preliminary and important step in any machine learn-
ing task. Here, we used several preprocessing techniques to clean the datasets
and ensure its suitability for model training. Both the positive and negative
datasets were subjected to CD-HIT clustering with a 40% sequence identity
threshold (CD-HIT40) to remove highly similar sequences, as recommended in
earlier studies like Li, W. et al. [47], Khanduja et al. [48] and Sangaraju et al.
[13].

For the positive dataset, after applying CD-HIT40 we obtained 205 clusters
where sequences have high intra-cluster similarity and low inter-cluster similar-
ity. To prevent data leakage during training we ensured that all sequences orig-
inating from the same CD-HIT cluster were kept within the same fold during
cross-validation. This approach avoids the artificial inflation of model perfor-
mance and promotes generalizability. Figure 3.1 illustrates the manual five-fold
splitting strategy employed for the positive dataset.
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Fig. 3.1. Manual Five-fold Splitting of Positive Dataset

For the negative dataset, CD-HIT40 clustering reduced the dataset from
558,717 to 92,388 representative sequences. Since, these 92,388 sequences in
the negative set were all non-redundant sequences we randomly selected 370
sequences with the same length distribution as positive dataset. Following re-
dundancy removal, both datasets were screened to exclude sequences containing
non-natural amino acids.

3.3 Feature Generation

Accurate classification of proteins relies heavily on extracting informative fea-
tures that reflect key structural, physicochemical, and compositional properties
of these biological sequences. In this study, we considered various categories of
features to provide a comprehensive representation of the proteins:

• Composition-based Features

• 3D Structure-based Features

• Evolutionary profile-based Features

• Anticancer Peptide Mapping Features

• Sequence Embeddings from PLMs

3.3.1 Composition-based Features

Composition-based features provide a fundamental representation of protein
sequences by quantifying the presence and arrangement of amino acids and
their properties. To extract these features, the Pfeature tool [49] was used. It

8



offers a variety of features for peptide and protein analysis. Here, we specifically
focussed on three key features – Amino Acid Composition (AAC), Di-Peptide
Composition (DPC) and Physicochemical Properties (PCP). To calculate AAC
( 3.1) , DPC ( 3.2) , and PCP ( 3.3) features, the following formulas were used:

AACi = Ri

L
(3.1)

where Ri is the number of residues of amino acid type i, and L is the total
length of the sequence.

DPCj
i = Dj

i

L
(3.2)

where Dj
i represents the count of dipeptide i-j in the sequence and L is the

total length of the sequence.

PCPi = Pi

L
(3.3)

where Pi is the cumulative value of a given physicochemical property i across
all residues in the sequence and L is the total length of the sequence.

By combining these compositional features, the model gains a better under-
standing of protein characteristics, allowing better predictions.

3.3.2 3D Structure-based Features

To calculate structure-based features the 3D structures of these proteins were
required. However, experimental 3D structures for all the anticancer proteins
included in this study were not available. As an alternative, we used the 3D
structures predicted by AlphaFold [50]. It is a state-of-the-art AI-based tool
used for predicting 3D structures of proteins. These predicted PDB structures
were then used to calculate two types of structure-based features. We used
biopython’s DSSP module for structure-based features extraction (Miller et al.
[51], Rost & Sandler [52], Tien at al. [53]). This module is designed to extract
Secondary structure state and Relative solvent accessibility (RSA) against each
residue in a protein sequence.

1. Secondary Structure States
The DSSP module assigns each residue in the protein sequence one of
these secondary states:

• H: Alpha helix (4-12)
• B: Isolated beta-bridge residue
• E: Strand
• G: 3-10 helix
• I: Pi helix
• T: Turn

9



• S: Bend
• - : None
• P: PolyProline Helix II [54]

We then calculated the percentage of residues in each secondary state in
individual protein sequence and used these percentages as secondary state
features in N ×9 vector, where N refers to protein sequence. Figure 3.2
illustrates an example matrix of secondary structure state features.

Fig. 3.2. Generation of Secondary state-based feature matrix from PDB structures

2. Relative Surface Area (RSA)
RSA assigns individual residue a unique score based on their extent of
burial or exposure of that residue in 3D structure [53]. These values are
then pre-processed and a threshold is set to categorize each residue in the
sequence into three categories -

• Buried (0 ≤ RSA ≤ 0.1)
• Partially Buried (0.1 < RSA < 0.3)
• Exposed (RSA > 0.3)

Using this approach, we finally created a feature vector of size N ×60.
Figure 3.3 shows an example RSA feature matrix.
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Fig. 3.3. Generation of RSA-based feature matrix from PDB structures

3.3.3 Evolutionary Profile-based features

Evolutionary information provides information on how protein sequences have
maintained their structure and function across evolutionary timescales. To cap-
ture this information, we extracted features from Position-Specific Scoring
Matrices (PSSMs), which represent residue-level substitution probabilities
derived from multiple sequence alignments. PSSMs are created using Position-
Specific Iterated BLAST (PSI-BLAST) [55] by aligning a query sequence
against comprehensive protein databases like Swissprot. These matrices reflect
the likelihood of each amino acid being substituted at every position, thereby
highlighting conserved regions that are often biologically important and func-
tionally relevant.

Compared to sequence composition features (e.g., AAC, DPC, PCP) and
structure-based features, evolutionary descriptors offer a deeper layer of func-
tional insight. While composition-based features capture global residue dis-
tributions and structure-based features encode spatial conformation, PSSMs
incorporate evolutionary constraints—enabling the identification of conserved
motifs that are essential for biological activity, particularly relevant in the con-
text of Anticancer protein classification.

1. PSSM Composition-based Features
To transform PSSMs into fixed-length representations suitable for classi-
cal machine learning models, we computed the PSSM-400 descriptor us-
ing the pssm composition module from the POSSUM package [56]. This
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descriptor results in a 20 ×20 matrix that captures the average substi-
tution scores between all pairs of amino acids across the entire protein
sequence. Flattened into a 400-dimensional vector, this representation
efficiently summarizes the evolutionary composition of the protein while
preserving informative patterns relevant for classification tasks.

2. Raw PSSM Profiles for Deep Learning Models
While composition-based features are concise, they abstract away position-
specific signals that are crucial for capturing sequential dependencies. To
preserve this positional information, we also utilized the raw PSSM ma-
trices as input for deep learning models, which have been successfully
used in other studies [57]. Each raw PSSM is a matrix of size L ×20,
where L denotes the length of the protein sequence. This format retains
the substitution score of every amino acid at every position, offering a
rich, sequentially-aware feature space. These matrices can be used in
deep learning methods like CNNs and RNNs as these networks can learn
spatial, temporal, and evolutionary motifs associated with the Anticancer
activity of proteins. Figure 3.4 shows the workflow for extracting and
utilizing raw PSSM profiles in neural networks.

Fig. 3.4. Work flow of generating PSSM profiles and using them in DL-methods

3.3.4 Anticancer Peptide Mapping Features

This approach was based on the assumption that certain localized regions
within a protein sequence may exhibit anticancer activity. We assumed that
if a complete protein sequence has more number of smaller anticancer peptide
fragments, the protein as a whole may also exhibit greater anticancer ability.
AntiCP2 [15] is an ET-based classifier that predicts anticancer peptides with
a very high accuracy. We used the protein scan module from the AntiCP2
method. We extracted overlapping 10-mer peptides from each protein sequence
and evaluated their anticancer potential using prediction thresholds of 0.15,
0.30, 0.45, 0.60, 0.75, and 0.90. The number of peptides predicted to be anti-
cancer at each threshold was then used as a quantitative feature. In addition to
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these absolute counts, we also used the length of the full protein sequence as a
feature such that model learns the correlation between the length and number
of peptides and proteins with longer length do not overpower our dataset. We
also calculated normalized counts by dividing the number of predicted anti-
cancer peptides at each threshold by the total length of the protein. Together,
these features capture the distribution and density of localized anticancer-like
patterns within a protein sequence. An example matrix illustrating this feature
extraction methodology is shown in Figure 3.5

Fig. 3.5. Generation of Peptide Mapping-based features using AntiCP2

3.3.5 Sequence Embeddings from PLMs

Recent advances in Protein Language Models (PLMs) have revolutionized the
way protein sequences are represented and analysed. Inspired by methodolo-
gies from natural language processing, these models treat amino acid sequences
as biological “sentences,” learning to capture intricate patterns of residue co-
occurrence, conserved motifs, and functional relationships—without requiring
multiple sequence alignments or structural annotations. Among the state-of-
the-art PLMs, ESM-2 (Evolutionary Scale Modelling 2) [58], developed
by Meta AI, stands out due to its strong performance in a variety of protein
classification and function prediction tasks. ESM-2 is a transformer-based ar-
chitecture trained on hundreds of millions of protein sequences, enabling it to
implicitly encode both evolutionary and structural characteristics.

Here, we used a 33-layer ESM-2 model fine-tuned on our dataset to extract
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high-dimensional embeddings for each protein sequence. Specifically, the model
generates a 1280-dimensional embedding vector that encapsulates the global
contextual information inherent to the sequence. These embeddings provide a
rich, alignment-free feature representation, offering significant advantages over
traditional handcrafted features by capturing latent sequence semantics learned
from large-scale datasets. By incorporating ESM-2 embeddings into our feature
set, we augment the model’s capacity to recognize subtle functional signals and
identify Anticancer proteins with improved sensitivity and generalizability.

3.4 Alignment based Approach

3.4.1 Similarity Search Using BLAST

BLAST is a widely used tool in bioinformatics for identifying sequence sim-
ilarity across protein and nucleotide databases. Based on the premise that
homologous protein sequences also share functional similarity [59], BLAST uses
local similarity searches to align biological sequences giving information about
their evolutionary relationship. In this study, we employed protein–protein
BLAST (BLASTp) version 2.2.29+ to classify input sequences based on their
similarity to known anticancer and non-anticancer proteins.

The query sequences were aligned against our curated reference database
containing both positive (anticancer) and negative (non-anticancer) protein se-
quences. The query was labeled as Anticancer if the hit is against positive se-
quences and non-anticancer if the match was found against negative sequences.
To increase sensitivity, the hit was done against various E-value thresholds.
These methods are easy to use and interpretable but often fail in cases where
evolutionary information about protein is not available like that in the case of
novel proteins. Therefore, in our framework, BLAST - based predictions were
used alongside ML and DL approaches to enhance their predictive powers.

3.4.2 Motif based Approach

To identify conserved sequence patterns characteristic of anticancer proteins,
we used the Motif-EmeRging and with Classes-Identification (MERCI)
tool. It is a pattern discovery algorithm designed to extract class-specific motifs
from biological sequences. In this study, we applied it to detect statistically
significant and recurring motifs present uniquely in anticancer proteins, which
may be indicative of their functional or structural roles.

The analysis was performed using the default parameters of MERCI, following
established protocols [60]. The identified motifs provide interpretable biological
signatures and serve as valuable complementary features, potentially capturing
sequence-level determinants of anticancer activity that are not readily extracted
through alignment or embedding-based methods.
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3.5 Alignment Free Approach

3.5.1 Machine Learning based classification

ML classifiers that are based on data-driven learning are widely used in pro-
tein/peptide classification tasks. In this study, we have developed various clas-
sification models for binary classification of Anticancer proteins. We have used
models like Tree-based classifiers such as Decision Tree (DT), Random Forest
(RF) and Extra Tree (ET), Ensemble methods with boosting strategies like
AdaBoost (AB), Gradient Boosting (GB) and Extreme Gradient Boost (XGB),
linear classifier like Logistic Regression (LR), lazy learners like K-nearest neigh-
bour (KNN), kernel based classifiers like Support Vector Classifier (SVC), and
Neural-network based model like Multi-layer Perceptron classifier (MLP) and
optimized them using various hyperparameters best suited for our dataset.

3.5.2 Feature Selection Techniques

To reduce the dimensionality of the features and minimizing the noise, as not
all features contribute significantly to the classification task, feature selection is
required sometimes in ML related tasks to improve the model performance. We
have used the Support Vector Classifier (SVC)-L1-based feature selection from
the Scikit-learn library to subset the relevant features. SVC-L1 uses a linear
kernel SVC combined with L1 regularization. It prevents the overfitting of the
model as it penalizes coefficients with high values and shrinks the coefficients
of less important features towards zero. As a result, we were able to retain
only the most significant features. Through this method, we explored multiple
feature combinations and identified those that contributed most to the model’s
predictive power.

3.5.3 Deep Learning-Based Classification

To classify Anticancer proteins using raw evolutionary profiles, we imple-
mented the following DL networks -

1. Multilayer Perceptron (MLP): A simple DL network which consists
of multiple fully connected layers, which are able to learn non-linear map-
pings between the input and output layers.

2. Convolutional Neural Network (1D-CNN): It uses convolutional
layers to learn local patterns in the protein sequences.

3. Deeper CNN: Building on the 1D-CNN, additional layers were intro-
duced to capture more abstract, hierarchical features in the data.

4. Residual CNN (ResCNN): By adding residual connections, we tried
to prevent the vanishing gradient problem and allow for deeper networks
to be trained more effectively.
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5. CNN + BiGRU (Bidirectional Gated Recurrent Unit): Hybrid
model that combines CNN layer for local feature extraction with BiGRU,
which learns dependencies in both forward and backward directions within
the sequence.

6. CNN + BiLSTM (Bidirectional Long Short-Term Memory): Just
like the CNN + BiGRU model, this hybrid uses BiLSTM layers which
can capture long-range sequential dependencies, that are important in
understanding the functional roles of distant amino acids in a protein
sequence.

The models were trained using the Adam optimizer and a binary cross-entropy
loss function and fine-tuned by adjusting hyperparameters like dropout rate,
number of layers, and applying regularization techniques to prevent overfitting.

3.5.4 Protein Language Models

Protein language models trained on large-scale data with billions of param-
eters have pushed the boundaries of these predictive tasks. In our study we
have used ESM-2 model [58] developed by MetaAI that is a BERT-based trans-
former trained used masked language modelling objectives. We have specifically
used ESM-2 t33 model (esm2 t33 650M UR50D) which has 33 layers and 650M
parameters in order to balance between both accuracy and computational re-
sources. It gives numerical embeddings that capture complex relationships and
evolutionary patterns in protein sequences.

For this task, we fine-tuned the pre-trained ESM-2 t33 model using the Esm-
ForSequenceClassification framework from Hugging Face’s Transformers library,
allowing to add additional classification layer on top of the original model for
the task of binary classification. Table 3.1 shows the key hyperparameters used
to configure the ESM-2 t33-650M UR50D model.

During fine-tuning, the model adapts the general protein sequence features
learned from the pre-trained ESM-2 model to the specific task of predicting
Anticancer proteins. By training on a dataset of labeled anticancer and non-
anticancer proteins, the model learns to tell the difference between the two
types based on the evolutionary and structural features in the protein sequences.
Figure 3.6 shows the fine-tuning workflow, where the pre-trained ESM-2 model
is adapted using a binary classification head and trained on task-specific data
for binary classification of proteins.
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Hyperparameter Description
Number of Transformer Layers 33 layers with 20 attention heads per layer; cap-

tures complex relationships across long sequences
Hidden size 1280; determines the size of the model’s internal

representations
Feedforward Dimension 5120; controls the intermediate layer size for

complex sequence transformations
Activation Function GELU (Gaussian Error Linear Unit); enables

smooth gradients and stable training
Position Embeddings Rotary position embeddings; efficiently encode

relative amino acid positions
Layer Norm Epsilon 1e-5 (0.00001); provides numerical stability dur-

ing training
Weight Initializer Range 0.02; defines the range for initializing model

weights for better convergence

Table 3.1. Key hyperparameters used to configure the ESM-2 t33-650M UR50D
model

Fig. 3.6. Workflow for fine-tuning the pre-trained ESM-2 model for Anticancer
Protein classification. 17



3.6 Cross-validation and performance evaluation

We have performed five-fold cross validation over training data to prevent un-
derfitting and overfitting of the models. In the positive dataset, there were 205
clusters of 370 sequences, so we manually split the clusters into five folds so that
each fold can have different set of sequences that are not related. Each cluster
were assigned to five folds iteratively. Then the first four folds were placed in
the training set and the fifth fold was placed in the validation set. The process
was repeated till 306 out of the 370 positive protein sequences were placed in
the training dataset, and remaining 64 in the validation dataset or the unseen
dataset. This was done to ensure that the model was evaluated on sequences
that were not closely related to those in the training set to minimize overfitting
of the classifier. The process is clearly shown in Figure 3.1. For negative data,
as the sequences retained after CD-HIT were non-redundant, they were ran-
domly split into training and validation and a balanced positive and negative
datasets were created as we have randomly selected 306 random sequences in
training set and 64 sequences to outer validation set. A balanced distribution
of both positive and negative samples was maintained across the training and
validation subsets, as well as within each fold during cross-validation. Following
evaluation metrices were used to evaluate the performance -

Sensitivity = TP

TP + FN

Specificity = TN

TN + FP

Accuracy = TP + TN

TP + TN + FP + FN

F1-Score = 2 × TP

2 × TP + FP + FN

MCC = (TP × TN) − (FP × FN)√
(TP + FP )(TP + FN)(TN + FP )(TN + FN)

3.7 Hybrid Approach

To improve the predictive performance of the classifiers we have also devel-
oped a hybrid model that combines BLAST results with the predicted labels
from the best-performing ML classifiers, so as to take the advantage of both
sequence similarity-based BLAST approach and data-driven learning of ML
classifiers.

BLAST was used to align the protein sequences against a database of anti-
cancer and non-anticancer proteins and then the test sequences were classified
on the basis of hits and non-hits. We used the E-value threshold of 10−20, and
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applied the scoring system to change the predicted probabilities, +0.5 was as-
signed for hits against anticancer proteins, -0.5 for hits against non-anticancer
proteins 0 for sequences that had no significant hits. The results of ML classi-
fiers were then used in the next step. The BLAST-based scores were added to
the probability values given by ML classifiers and the final scores were obtained.
As a result, the hybrid model achieves higher predictive accuracy as compared
to using either approaches alone.

3.8 Compositional Analysis

The compositional analysis of the protein sequences was done using an inde-
pendent t-test to compare the average amino acid compositions between three
groups, namely- Anticancer proteins, non-anticancer proteins, and Anticancer
peptides from the AntiCP-2 dataset, to see if there were statistically signif-
icant differences in the amino acid residue compositions across these groups.
A p-value of < 0.05 was considered the threshold for statistical significance.
The results showed significant differences in the amino acid compositions be-
tween the three groups, indicating that certain amino acid residues are more
or less frequent in anticancer proteins compared to non-anticancer proteins and
anticancer peptides.
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Chapter 4

Results

4.1 Compositional Analysis

To identify the residues, frequent in anticancer proteins, average amino acid
compositional analysis was done between Anticancer proteins, peptides and
non-anticancer proteins. The independent t-test revealed that cysteine, glycine,
leucine, tryptophan and phenylalanine were mostly present in Anticancer pro-
teins and peptides. Methionine, glutamine and tyrosine were significantly abun-
dant in only Anticancer proteins, whereas Lysine was frequent in Anticancer
peptides only. On the other hand, residues such as Glutamate, Aspartic acid,
Arginine, proline, serine, Threonine and Valine are more abundant in non-
anticancer proteins. On the basis of this preliminary analysis, it can be de-
duced that Aromatic and non-polar aliphatic amino acids are mostly found in
Anticancer proteins. Figure 4.1 shows the comparative amino acid composi-
tion in the three groups highlighting the residues with statistically significant
differences.

Fig. 4.1. Average compositional analysis of amino acids in anticancer proteins,
peptides and non-anticancer proteins.

4.2 Alignment-based Analysis

4.2.1 BLAST-based Analysis

For BLAST-based analysis, we used the training dataset to construct a BLAST-
formatted database. This database was compared to query sequences from the
validation dataset to identify hits across different e-values, ranging from 1e−30

to 1e+10. Based on the top hits whether it was against positive or negative
sequences, each query sequence was assigned a score as described in section 3.7
and the sequences were classified into positive and negative labels. The detailed
BLAST hit results for the validation data are presented in Table 4.1 below.
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e-value Total Hits ACP Hits C-ACP Hits Non-ACP Hits C-Non-ACP Hits
1.00E+10 128 64 35 64 37
1.00E+05 128 64 35 64 37
1.00E+04 128 64 35 64 38
1.00E+03 128 64 35 64 37
1.00E+02 128 64 36 64 38
1.00E+01 128 64 35 64 37
1.00E+00 64 34 25 30 16
1.00E-01 39 27 21 12 7
1.00E-02 33 23 19 10 6
1.00E-03 31 21 17 10 6
1.00E-04 28 19 16 9 5
1.00E-05 27 18 15 9 5
1.00E-10 21 15 12 6 5
1.00E-20 14 10 9 4 3
1.00E-25 8 4 3 4 3
1.00E-30 5 3 2 2 1

Table 4.1. The table describes the BLAST coverage over validation data.

4.2.2 Motif-based Analysis

In this approach, we first identified motifs that were exclusive to anticancer
(positive) and non-anticancer (negative) sequences within the training data us-
ing the MERCI program and then located in the validation dataset. If a positive
motif was found in a sequence, a score of +0.5 was assigned to that sequence,
while a negative motif resulted in a score of -0.5. Subsequently, both the motif
scores and the predictions from the best-performing machine learning model
were combined to compute various evaluation metrics as described in section
3.6. However, the motif-based approach did not give optimal performance in
this dataset. Table 4.2 below shows the detailed results.
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MERCI Parameters Sensitivity Specificity Accuracy AUC Cohen Kappa MCC
motif k 10 C NONE g0 fp10 78.13 75.00 76.56 0.85 0.53 0.53
motif k 20 C NONE g0 fp10 78.13 75.00 76.56 0.85 0.53 0.53
motif k 50 C NONE g2 fp10 32.81 90.63 61.72 0.85 0.23 0.29
motif k 50 C NONE g2 fp5 32.81 90.63 61.72 0.85 0.23 0.29
motif k 50 C NONE g2 fp2 32.81 90.63 61.72 0.85 0.23 0.29
motif k 100 C NONE g2 fp10 18.75 92.19 55.47 0.85 0.11 0.16
motif k 100 C NONE g2 fp2 18.75 92.19 55.47 0.85 0.11 0.16
motif k 100 C NONE g2 fp5 18.75 92.19 55.47 0.85 0.11 0.16
motif k 50 C NONE g0 fp10 78.13 75.00 76.56 0.84 0.53 0.53
motif k 100 C NONE g0 fp10 78.13 73.44 75.78 0.84 0.52 0.52
motif k 100 C NONE g1 fp2 25.00 90.63 57.81 0.83 0.16 0.21
motif k 100 C NONE g1 fp5 25.00 90.63 57.81 0.83 0.16 0.21
motif k 50 C NONE g1 fp5 23.44 90.63 57.03 0.83 0.14 0.19
motif k 50 C NONE g1 fp2 23.44 90.63 57.03 0.83 0.14 0.19
motif k 10 C NONE g2 fp2 65.63 78.13 71.88 0.83 0.44 0.44
motif k 10 C NONE g2 fp5 65.63 78.13 71.88 0.83 0.44 0.44
motif k 10 C NONE g2 fp10 65.63 78.13 71.88 0.83 0.44 0.44
motif k 10 C NONE g0 fp5 68.75 78.13 73.44 0.82 0.47 0.47
motif k 10 C NONE g0 fp2 68.75 78.13 73.44 0.82 0.47 0.47
motif k 10 C NONE g1 fp10 56.25 81.25 68.75 0.82 0.38 0.39
motif k 10 C NONE g1 fp2 56.25 81.25 68.75 0.82 0.38 0.39
motif k 10 C NONE g1 fp5 56.25 81.25 68.75 0.82 0.38 0.39
motif k 100 C NONE g1 fp10 40.63 84.38 62.50 0.82 0.25 0.28
motif k 20 C NONE g2 fp10 51.56 81.25 66.41 0.82 0.33 0.34
motif k 20 C NONE g2 fp2 51.56 81.25 66.41 0.82 0.33 0.34
motif k 20 C NONE g2 fp5 51.56 81.25 66.41 0.82 0.33 0.34
motif k 100 C NONE g0 fp5 28.13 90.63 59.38 0.82 0.19 0.24
motif k 100 C NONE g0 fp2 28.13 90.63 59.38 0.82 0.19 0.24
motif k 50 C NONE g1 fp10 39.06 84.38 61.72 0.81 0.23 0.26
motif k 20 C NONE g1 fp10 39.06 84.38 61.72 0.81 0.23 0.26
motif k 20 C NONE g1 fp2 39.06 84.38 61.72 0.81 0.23 0.26
motif k 20 C NONE g1 fp5 39.06 84.38 61.72 0.81 0.23 0.26
motif k 20 C NONE g0 fp5 56.25 81.25 68.75 0.80 0.38 0.39
motif k 20 C NONE g0 fp2 56.25 81.25 68.75 0.80 0.38 0.39
motif k 50 C NONE g0 fp2 40.63 85.94 63.28 0.79 0.27 0.30
motif k 50 C NONE g0 fp5 40.63 85.94 63.28 0.79 0.27 0.30

Table 4.2. Performance of Motif based Ensemble model using default motifs
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4.3 Alignment Free Analysis

4.3.1 Composition-based Features

ML classifiers as described in section 3.5.1 were used for this task of predicting
Anticancer proteins. We have used three composition-based features- AAC,
DPC and PCP. Detailed performance metrics for each feature type are presented
in Table 4.3 (AAC), Table 4.4 (DPC), and Table 4.5 (PCP). The AUROC
plot of all classifiers on AAC, DPC and PCP features are given below in Figure
4.2.

Models Training Validation
Sens Spec Acc AUC MCC Sens Spec Acc AUC MCC

Decision Tree 52.97 ± 6.85 59.76 ± 9.77 56.36 ± 6.53 0.59 ± 0.08 0.13 ± 0.13 40.62 64.06 52.34 0.55 0.05
Random Forest 70.24 ± 7.49 66.67 ± 3.60 68.46 ± 4.91 0.74 ± 0.06 0.37 ± 0.10 67.19 54.69 60.94 0.68 0.22
Gradient Boosting 80.07±15.90 40.47±21.64 60.27 ± 5.06 0.71 ± 0.07 0.25 ± 0.08 100 6.25 53.12 0.68 0.18
AdaBoost 66.32±12.28 57.50 ± 6.41 61.91 ± 7.10 0.66 ± 0.08 0.24 ± 0.14 65.62 48.44 57.03 0.61 0.14
XGBoost 72.19±10.58 54.91 ± 8.10 63.55 ± 5.46 0.70 ± 0.08 0.28 ± 0.11 73.44 48.44 60.94 0.69 0.23
Extra Trees 71.54±10.09 62.08 ± 4.85 66.81 ± 6.98 0.75 ± 0.08 0.34 ± 0.14 71.88 62.50 67.19 0.69 0.35
Logistic Regression 66.67±11.38 57.82 ± 6.80 62.24 ± 5.97 0.68 ± 0.08 0.25 ± 0.12 54.69 57.81 56.25 0.60 0.13
KNN 73.20±10.09 55.54 ± 2.16 64.37 ± 5.37 0.70 ± 0.08 0.29 ± 0.11 67.19 53.12 60.16 0.64 0.21
SVC 77.76 ± 5.87 59.81 ± 5.49 68.79 ± 2.94 0.75 ± 0.05 0.38 ± 0.06 68.75 50.00 59.38 0.67 0.19
MLP 65.31±10.83 66.03 ± 3.85 65.67 ± 4.49 0.71 ± 0.04 0.32 ± 0.09 64.06 59.38 61.72 0.60 0.23

Table 4.3. Performance of various ML classifiers on AAC- based features

Models Training Validation
Sens Spec Acc AUC MCC Sens Spec Acc AUC MCC

Decision Tree 48.67 ± 7.23 62.45 ± 5.71 55.56 ± 3.30 0.56 ± 0.03 0.11 ± 0.07 53.12 57.81 55.47 0.55 0.11
Random Forest 70.90 ± 8.80 58.80 ± 3.37 64.85 ± 5.65 0.72 ± 0.08 0.30 ± 0.11 62.5 64.06 63.28 0.64 0.27
Gradient Boosting 70.59 ± 7.83 57.17 ± 6.79 63.88 ± 5.42 0.68 ± 0.08 0.28 ± 0.11 67.19 53.12 60.16 0.64 0.21
AdaBoost 62.40±10.73 61.09 ± 8.32 61.75 ± 8.07 0.65 ± 0.11 0.24 ± 0.16 57.81 50 53.91 0.58 0.08
XGBoost 71.88±10.78 52.92 ± 5.39 62.40 ± 6.59 0.68 ± 0.07 0.26 ± 0.14 59.38 57.81 58.59 0.63 0.17
Extra Trees 58.18 ± 9.95 59.80 ± 6.99 58.99 ± 8.33 0.65 ± 0.12 0.18 ± 0.17 57.81 60.94 59.38 0.63 0.19
Logistic Regression 58.47 ± 4.88 62.06 ± 9.33 60.27 ± 6.28 0.64 ± 0.06 0.21 ± 0.13 60.94 56.25 58.59 0.63 0.17
KNN 78.11±19.54 30.03 ± 8.23 54.07 ± 9.92 0.59 ± 0.13 0.11 ± 0.22 89.06 15.62 52.34 0.65 0.07
SVC 67.97±12.35 62.07±13.90 65.02 ± 8.84 0.71 ± 0.10 0.31 ± 0.18 50 62.5 56.25 0.68 0.13
MLP 64.05 ± 6.34 69.59 ± 6.50 66.82 ± 5.56 0.72 ± 0.07 0.34 ± 0.11 56.25 73.44 64.84 0.72 0.30

Table 4.4. Performance of various ML classifiers on DPC- based features

Models Training Validation
Sens Spec Acc AUC MCC Sens Spec Acc AUC MCC

Decision Tree 69.59 ± 9.00 45.70±11.59 57.65 ± 5.61 0.60 ± 0.08 0.16 ± 0.11 62.5 43.75 53.12 0.56 0.06
Random Forest 68.63 ± 6.57 64.70 ± 5.85 66.67 ± 3.93 0.72 ± 0.05 0.34 ± 0.08 65.62 64.06 64.84 0.68 0.30
Gradient Boosting 64.37 ± 7.16 69.92 ± 4.07 67.14 ± 4.66 0.71 ± 0.05 0.34 ± 0.09 43.75 73.44 58.59 0.68 0.18
AdaBoost 76.10±16.44 43.84±15.45 59.97 ± 3.01 0.66 ± 0.03 0.23 ± 0.08 40.62 75.00 57.81 0.66 0.17
XGBoost 69.24±11.67 52.93 ± 6.38 61.09 ± 6.64 0.67 ± 0.08 0.23 ± 0.14 67.19 65.62 66.41 0.70 0.33
Extra Trees 67.32±10.21 61.09 ± 8.59 64.20 ± 3.36 0.72 ± 0.04 0.29 ± 0.07 64.06 64.06 64.06 0.69 0.28
Logistic Regression 66.67±11.43 58.14 ± 5.51 62.41 ± 5.13 0.68 ± 0.07 0.25 ± 0.11 54.69 59.38 57.03 0.60 0.14
KNN 64.36 ± 8.20 55.24 ± 7.36 59.80 ± 6.28 0.65 ± 0.06 0.20 ± 0.13 48.44 70.31 59.38 0.62 0.19
SVC 72.89 ± 7.02 52.96 ± 7.47 62.92 ± 4.12 0.70 ± 0.03 0.27 ± 0.08 68.75 53.12 60.94 0.65 0.22
MLP 63.07 ± 2.91 55.88 ± 4.46 59.47 ± 2.49 0.65 ± 0.04 0.19 ± 0.05 60.94 64.06 62.50 0.66 0.25

Table 4.5. Performance of various ML classifiers on PCP- based features
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Fig. 4.2. Receiver Operating Characteristic (ROC) Curve comparing the performance
of different ML models for composition-based features on validation dataset

4.3.2 3D Structure-based Features

To explore the structural characteristics of anticancer proteins, we extracted
and pre-processed secondary structure-related features - Relative Solvent Ac-
cessibility (RSA) and Secondary Structure States (assigned using DSSP). We
evaluated several machine learning classifiers on these features to assess their
ability to differentiate anticancer proteins from non-anticancer ones. The Mul-
tilayer Perceptron (MLP) classifier achieved the highest performance on RSA
features, with an AUROC of 0.67 and an MCC of 0.33 on the validation set. The
Extra Trees (ET) classifier performed best on DSSP-based secondary structure
features, achieving an AUROC of 0.61 on the validation set. These results sug-
gest that secondary structure elements, particularly solvent accessibility, hold
relevant information for classifying anticancer proteins, though their predictive
power is moderate compared to other feature types. The AUROC curves for all
classifiers trained on RSA and DSSP features are illustrated in Figure 4.3, and
a detailed breakdown of performance metrics for RSA is shown in Table 4.6
and DSSP in Table 4.7.
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Models Training Validation
Sens Spec Acc AUC MCC Sens Spec Acc AUC MCC
Sens Spec Acc AUC MCC Sens Spec Acc AUC MCC

Decision Tree 48.96±10.21 60.79 ± 7.35 54.88 ± 5.91 0.55 ± 0.06 0.10 ± 0.12 46.88 68.75 57.81 0.58 0.16
Random Forest 72.49±13.09 53.29 ± 5.16 62.89 ± 6.41 0.67 ± 0.08 0.27 ± 0.14 75.00 54.69 64.84 0.74 0.30
Gradient Boosting 67.91±11.08 55.23 ± 5.53 61.57 ± 6.69 0.67 ± 0.08 0.24 ± 0.14 76.56 67.19 71.88 0.75 0.44
AdaBoost 58.79 ± 8.38 67.31 ± 7.50 63.05 ± 3.19 0.67 ± 0.06 0.26 ± 0.06 51.56 67.19 59.38 0.64 0.19
XGBoost 65.96±12.66 55.59 ± 8.47 60.77 ± 7.94 0.65 ± 0.11 0.22 ± 0.16 65.62 57.81 61.72 0.67 0.24
Extra Trees 67.29 ± 5.52 61.78 ± 6.96 64.53 ± 4.41 0.68 ± 0.06 0.29 ± 0.09 76.56 67.19 71.88 0.78 0.44
Logistic Regression 69.23±11.16 55.24 ± 4.45 62.23 ± 5.54 0.63 ± 0.07 0.25 ± 0.12 75.00 50.00 62.50 0.67 0.26
KNN 54.24 ± 6.84 61.13 ± 4.70 57.69 ± 3.55 0.60 ± 0.03 0.15 ± 0.07 68.75 54.69 61.72 0.62 0.24
SVC 63.71 ± 3.50 68.30 ± 6.00 66.00 ± 4.00 0.69 ± 0.06 0.32 ± 0.08 62.50 78.12 70.31 0.74 0.41
MLP 58.77±12.94 68.30 ± 2.49 63.54 ± 5.73 0.67 ± 0.04 0.27 ± 0.11 67.19 65.62 66.41 0.67 0.33

Table 4.6. Performance of various ML classifiers on RSA- based features

Models Training Validation
Sens Spec Acc AUC MCC Sens Spec Acc AUC MCC

Decision Tree 58.54 ± 8.47 52.61 ± 4.92 55.57 ± 4.65 0.59 ± 0.02 0.11 ± 0.09 67.19 54.69 60.94 0.6 0.22
Random Forest 58.17 ± 5.63 58.18 ± 4.16 58.17 ± 4.78 0.63 ± 0.05 0.16 ± 0.10 53.12 60.94 57.03 0.63 0.14
Gradient Boosting 51.65 ± 9.15 63.38 ± 4.23 57.51 ± 5.17 0.61 ± 0.05 0.15 ± 0.10 51.56 65.62 58.59 0.63 0.17
AdaBoost 45.89±23.93 69.20±14.22 57.54 ± 6.46 0.60 ± 0.06 0.15 ± 0.14 17.19 76.56 46.88 0.55 −0.08
XGBoost 64.02 ± 9.13 53.59 ± 8.25 58.80 ± 4.86 0.59 ± 0.04 0.18 ± 0.10 51.56 54.69 53.12 0.55 0.06
Extra Trees 58.18 ± 7.41 59.79 ± 1.87 58.98 ± 4.04 0.63 ± 0.05 0.18 ± 0.08 51.56 59.38 55.47 0.61 0.11
Logistic Regression 56.19 ± 6.44 61.11 ± 3.40 58.65 ± 3.72 0.60 ± 0.03 0.17 ± 0.07 45.31 59.38 52.34 0.57 0.05
KNN 58.52 ± 8.39 66.02 ± 2.32 62.27 ± 3.73 0.65 ± 0.03 0.25 ± 0.07 34.38 68.75 51.56 0.56 0.03
SVC 70.91 ± 8.06 59.50 ± 5.24 65.21 ± 4.38 0.68 ± 0.03 0.31 ± 0.09 62.5 54.69 58.59 0.62 0.17
MLP 61.13±15.05 55.18±14.19 58.16 ± 4.14 0.60 ± 0.04 0.17 ± 0.09 42.19 56.25 49.22 0.51 −0.02

Table 4.7. Performance of various ML classifiers on DSSP- based features

Fig. 4.3. Receiver Operating Characteristic (ROC) Curve comparing the performance
of different ML models for structure-based features on validation dataset

4.3.3 Evolutionary profile-based Features

1. PSSM composition-based Features
A 20 × 20-dimensional vector of PSSM composition profile was generated
for each protein sequence. This vector summarizes the substitution proba-
bilities of amino acids, thereby encoding evolutionary context. We trained
multiple machine learning classifiers on these PSSM-based features. Mul-
tilayer Perceptron (MLP) classifier achieved the best performance, with
an AUROC of 0.79 and a MCC of 0.44 on the validation set. These re-
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sults indicate that evolutionary profile-based features are more effective
in distinguishing Anticancer proteins compared to sequence- or structure-
based features. The AUROC curves for all classifiers trained on PSSM
composition features are presented in Figure 4.4. Detailed performance
metrics for all classifiers is shown in Table 4.8.

Models Training Validation
Sens Spec Acc AUC MCC Sens Spec Acc AUC MCC

Decision Tree 58.47 ± 7.04 54.27 ± 5.81 56.37 ± 2.90 0.58 ± 0.03 0.13 ± 0.06 65.62 56.25 60.94 0.61 0.22
Random Forest 68.62 ± 3.99 67.64 ± 4.14 68.13 ± 3.84 0.76 ± 0.06 0.36 ± 0.08 51.56 78.12 64.84 0.69 0.31
Gradient Boosting 64.04 ± 5.05 72.23 ± 3.98 68.13 ± 3.27 0.76 ± 0.05 0.36 ± 0.06 43.75 81.25 62.50 0.67 0.27
AdaBoost 64.71 ± 4.46 71.25 ± 3.72 67.98 ± 3.27 0.74 ± 0.02 0.36 ± 0.07 43.75 79.69 61.72 0.67 0.25
XGBoost 69.93 ± 7.62 64.02 ± 9.47 66.98 ± 6.23 0.74 ± 0.08 0.34 ± 0.12 59.38 67.19 63.28 0.68 0.27
Extra Trees 73.50 ± 8.51 65.06 ± 4.24 69.28 ± 4.57 0.76 ± 0.05 0.39 ± 0.09 59.38 75.00 67.19 0.71 0.35
Logistic Regression 75.83 ± 3.57 68.97 ± 7.15 72.40 ± 4.29 0.77 ± 0.04 0.45 ± 0.08 62.50 85.94 74.22 0.79 0.50
KNN 62.72 ± 6.29 63.37 ± 4.85 63.05 ± 5.15 0.69 ± 0.07 0.26 ± 0.10 50.00 70.31 60.16 0.64 0.21
SVC 93.11±13.77 14.75±23.51 53.93 ± 5.25 0.63 ± 0.14 0.11 ± 0.13 98.44 7.81 53.12 0.61 0.15
MLP 82.01 ± 4.67 66.37 ± 6.83 74.19 ± 3.19 0.79 ± 0.03 0.49 ± 0.06 70.31 73.44 71.88 0.79 0.44

Table 4.8. Performance of various ML classifiers on evolutionary profile- based
features.

Fig. 4.4. AUC-ROC plot of evolutionary profile (PSSM) based features on validation
dataset.

2. Raw PSSM profile for Deep Learning based models We trained
several deep learning models directly on the raw PSSM profiles to capture
more detailed local patterns and sequential dependencies present in the
evolutionary profiles that are lost in constructing a vector representation
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like in the case of composition based PSSM features. We used different
neural networks to classify the protein sequences. Detailed results are
shown in Table 4.9 below. These models were shown to have slightly
decreased performance as compared to PSSM composition. These can be
attributed to the limited size of the dataset, as neural networks are known
to work better for large amounts of the data.

Model Sens Spec Acc AUC MCC

MLP (2 Dense Layers, Dropout) 0.46 0.70 0.58 0.61 0.17
CNN (Conv1D + MaxPool) 0.59 0.75 0.67 0.70 0.34
Deeper CNN (3 Conv1D + MaxPool) 0.62 0.61 0.61 0.67 0.23
ResCNN (CNN with Residual Blocks) 0.59 0.75 0.67 0.74 0.34
CNN + BiGRU (1 Conv1D + BiGRU) 0.46 0.78 0.62 0.70 0.26
CNN + BiLSTM (1 Conv1D + BiLSTM) 0.54 0.75 0.65 0.72 0.30

Table 4.9. Performance metrics of DL models

4.3.4 SVC-L1-based Feature Selection

To reduce the dimensionality of the features and improve classification per-
formance, we used the SVCL-1 method. From the PSSM composition-based
features, SVC-L1 selected a total of 256 optimal features. We then trained var-
ious machine learning classifiers using this reduced set of 256 features. Among
all classifiers, the Multilayer Perceptron (MLP) achieved the best performance,
with an AUROC of 0.78 and MCC of 0.42 on the validation dataset. The per-
formance of different classifiers on the selected PSSM features is presented in
Table 4.10

Model Sensitivity Specificity Accuracy AUC MCC

Decision Tree 32.81 73.44 53.12 0.58 0.07
Random Forest 57.81 67.19 62.50 0.70 0.25
Gradient Boosting 50.00 78.12 64.06 0.69 0.29
AdaBoost 37.50 75.00 56.25 0.63 0.13
XGBoost 48.44 81.25 64.84 0.70 0.31
Extra Trees 54.69 79.69 67.19 0.73 0.36
Logistic Regression 56.25 82.81 69.53 0.78 0.41
KNN 53.12 64.06 58.59 0.64 0.17
SVC 100.00 0.00 50.00 0.39 0.00
MLP 57.81 82.81 70.31 0.78 0.42

Table 4.10. Performance of various ML classifiers trained on 256 PSSM features
selected using the SVC-L1 method on Validation dataset

Although the SVC-L1 feature selection method was used to reduce redun-
dancy and highlight the most discriminative features, there was decrease in
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performance compared to the model trained on the complete PSSM composi-
tion features. One of the reason could be that feature selection techniques like
SVC-L1 prioritize individual feature importance and may overlook subtle inter-
feature dependencies that models can learn from in high-dimensional spaces.
Additionally, some fewer dominant features might still carry complementary
information that improves the generalizability. Hence, while feature selection
improves efficiency and reduces overfitting risk, it can sometimes lead to the
exclusion of useful information, resulting in reduced classification performance.

4.3.5 Protein Language Model

In this study, we used different checkpoints of ESM-2 model with different
number of layers for the classification of anticancer proteins. Specifically, we
evaluated the performance of layers t6, t12, t30, and t33 by fine-tuning each
variant on our labeled dataset. Among these, the ESM2-t33 model, which
includes 33 transformer layers, produced the best results—achieving an AUC
of 0.90 and a MCC of 0.63 on the validation dataset. The detailed performance
results across different layers are summarized in Table 4.11. In addition to

Model Sensitivity Specificity Accuracy AUC MCC

ESM2-t6-8M-UR50D 0.70 0.72 0.71 0.79 0.42
ESM2-t12 35M UR50D 0.72 0.73 0.73 0.82 0.45
ESM2-t30 150M UR50D 0.84 0.86 0.85 0.87 0.70
ESM2-t33 650M UR50D 0.83 0.80 0.81 0.90 0.63

Table 4.11. Performance of fine-tuned ESM2 model checkpoints

using the ESM-2 model directly for classification, we also extracted the sequence
embeddings generated by the fine-tuned ESM2-t33 model. These embeddings
represent rich contextual information from the entire protein sequence and were
used as input features for various traditional machine learning classifiers. The
models trained on these embeddings performed comparably to the fine-tuned
transformer itself, also achieving an AUC of 0.90 (Table 4.12).
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Model Sensitivity Specificity Accuracy AUC MCC

Decision Tree 53.12 76.56 64.84 0.65 0.31
Random Forest 85.94 64.06 75.00 0.86 0.51
Gradient Boosting 79.69 75.00 77.34 0.87 0.55
AdaBoost 67.19 76.56 71.88 0.80 0.44
XGBoost 84.38 71.88 78.12 0.87 0.57
Extra Trees 73.44 82.81 78.12 0.88 0.56
Logistic Regression 78.12 82.81 80.47 0.88 0.61
KNN 70.31 62.50 66.41 0.78 0.33
SVC 76.56 85.94 81.25 0.88 0.63
MLP 81.25 89.06 85.16 0.90 0.71

Table 4.12. Performance of embeddings extracted using fine-tuned ESM2-t33 model

The best-performing ESM2-t33 based model has been integrated into both
the webserver and standalone versions of our tool for user-friendly accessibility.

4.3.6 Combined Feature Evaluation

To improve the classification of anticancer proteins, we also evaluated differ-
ent combinations of features to identify the most informative ones. Among all
the combinations tested, the combination of PSSM composition features and
DSSP-based secondary structure features gave the best results. This combined
feature set achieved an AUROC of 0.81 and an MCC of 0.49 on the valida-
tion dataset. The performance of different feature combinations using machine
learning classifiers is summarized in Table 4.13.
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Feature Type Model Name Sens Spec Acc AUC MCC

AAC + DPC Extra Trees 65.62 67.19 66.41 0.71 0.33
AAC + PCP Gradient Boosting 68.75 60.94 64.84 0.70 0.30
AAC + DSSP Extra Trees 76.56 68.75 72.66 0.77 0.45
AAC + RSA Gradient Boosting 64.06 75.00 69.53 0.71 0.39
AAC + PSSM Logistic Regression 62.50 87.50 75.00 0.78 0.52
AAC + DSSP + RSA Extra Trees 73.44 70.31 71.88 0.79 0.44
DSSP + RSA Random Forest 56.25 82.81 69.53 0.77 0.41
DPC + PCP Extra Trees 71.88 71.88 71.88 0.75 0.44
DPC + RSA Random Forest 68.75 81.25 75.00 0.79 0.50
DPC + DSSP Random Forest 64.06 65.62 64.84 0.73 0.30
DPC + DSSP + RSA Extra Trees 60.94 78.12 69.53 0.76 0.40
DPC + PSSM Random Forest 62.50 75.00 68.75 0.71 0.38
PCP + PSSM Logistic Regression 62.50 84.38 73.44 0.78 0.48
PCP + DSSP Gradient Boosting 68.75 71.88 70.31 0.74 0.41
PCP + RSA AdaBoost 60.94 78.12 69.53 0.72 0.40
PCP + DSSP + RSA Extra Trees 82.81 62.50 72.66 0.79 0.46
PSSM + DSSP Logistic Regression 67.19 81.25 74.22 0.81 0.49
PSSM + RSA Logistic Regression 64.06 82.81 73.44 0.78 0.48
PSSM + DSSP + RSA Logistic Regression 64.06 82.81 73.44 0.80 0.48

Table 4.13. Performance of different feature combinations using ML classifiers

4.3.7 Anticancer Peptide Mapping

As described in section 3.3.4 where we have experimented with different
Anticancer peptide mapping strategies, we found that AntiCP2 – Direct Count
+ Length which is a set of 7 features including direct count (6 features) and
peptide length (1 feature) and AntiCP2- Direct Count + Length + Length
Normalized counts which is a set of 13 features from the combined set of direct
count (6 features), peptide length (1 feature) and normalized count (6 features)
obtained 0.58 AUC and 0.56 AUC respectively on the validation set by applying
extreme gradient boosting (XGB) and gradient boosting (GB) classifier (see
Table 4.14). Based on the performance achieved on these 10-mers, we concluded
that this hypothesis did not work here. One of the reasons that we can think of
could be the limitations of the 10-mer-based approach itself. Anticancer activity
might not be dependent only on the properties of individual 10-mers but instead
by complex structural or sequence-level interactions that extend beyond short
stretches. Also, AntiCP2 was trained on the dataset that constituted shorter
peptides length ≤ 40, so the tool may not be able accurately correlate local
peptide properties and overall protein activity.
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Feature Model Sensitivity Specificity Accuracy AUC MCC

AntiCP2 - DC ET 54.69 54.69 54.69 0.55 0.09
AntiCP2 - LN DT 65.62 46.88 56.25 0.58 0.13
AntiCP2 – DC + Length XGBoost 53.12 65.62 59.38 0.58 0.19
AntiCP2 – DC + Length + LN GB 51.56 56.25 53.91 0.56 0.08

Table 4.14. Performance of Peptide Mapping-based features over independent
dataset

4.4 Hybrid Approach

As discussed in section 3.7 to develop a more accurate model, we combined
alignment-based approach (BLAST) with alignment free approach (ML). We
combined the best e-value (10e-20) hit BLAST scores with ML scores of our
best performing LLM model. The model was able to achieve highest AUC of
0.91 and MCC of 0.63 on validation dataset using the combined scores. The
detailed results can be seen below in Table 4.15. The best-performing ESM2-
t33-based model, when combined with BLAST, has also been integrated into
both the web server and standalone versions of our tool as a hybrid model.

e-value Sensitivity Specificity Accuracy AUC Kappa MCC

1.00 × 101 54.69 57.81 56.25 0.76 0.12 0.13
1.00 × 102 56.25 59.38 57.81 0.77 0.16 0.16
1.00 × 103 54.69 57.81 56.25 0.76 0.12 0.13
1.00 × 104 54.69 59.38 57.03 0.77 0.14 0.14
1.00 × 105 54.69 57.81 56.25 0.76 0.12 0.13
1.00 × 1010 54.69 57.81 56.25 0.76 0.12 0.13

0 78.12 65.62 71.88 0.85 0.44 0.44
1.00 × 10−1 79.69 75.00 77.34 0.89 0.55 0.55
1.00 × 10−2 82.81 75.00 78.91 0.90 0.58 0.58
1.00 × 10−3 82.81 75.00 78.91 0.90 0.58 0.58
1.00 × 10−4 82.81 75.00 78.91 0.90 0.58 0.58
1.00 × 10−5 82.81 75.00 78.91 0.90 0.58 0.58
1.00 × 10−10 82.81 79.69 81.25 0.90 0.62 0.63
1.00 × 10−20 84.38 78.12 81.25 0.91 0.62 0.63

Table 4.15. Performance variation with different e-value thresholds in hybrid model.
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Chapter 5

Deployment

To facilitate widespread usage and accessibility, the finetuned ESM2-t33 and
Hybrid – ESM2-t33 + BLAST model has been deployed across multiple plat-
forms. This multi-platform deployment ensures flexibility for researchers and
developers with varying technical preferences. Below are the details of each
deployment modality:

5.1 Web Interface

A user-friendly web interface has been developed, allowing users to input
protein sequences directly into the browser-based interface without the need for
local installations. The interface is intuitive and provides real-time predictions,
making it suitable for experimental biologist and non-programmers. The fron-
tend of the interface is developed using HTML, CSS and JavaScript along with
Bootstrap framework to ensure consistency and responsiveness across a variety
of devices and screen sizes. The model runs on a backend server developed
using PHP and Python. Figure 5.1 below shows the homepage of the deployed
webserver — AntiCP3 — which offers various utilities and a comprehensive user
guide for public use.

Fig. 5.1. Homepage of the AntiCP3 webserver

The website offers two modules –

1. Prediction - This module allows users to input protein sequences directly
or upload a FASTA file containing multiple sequences. Each sequence is
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then classified based on the selected prediction model. Figure 5.2 illus-
trates the usage of the Predict module within the AntiCP3 web interface,
demonstrating how users can input sequences and obtain prediction re-
sults.

Fig. 5.2. Predict module of AntiCP3

The content of the table varies depending on the selected prediction
model. When the Hybrid Model is used, the table displays the following
columns: ML Score, BLAST Score, Hybrid Score, Prediction, along with
all selected physicochemical properties such as hydrophobicity, molecular
weight, and others and if Model 1 is selected, the table includes ML Score,
Prediction, and the selected physicochemical properties as shown in Fig-
ure 5.3.

Fig. 5.3. Tabular display of prediction results

2. BLAST - This module enables users to perform a BLAST search, compar-
ing their query protein sequence against a database of known anticancer
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and non-anticancer proteins. The module classifies the query sequence as
anticancer if it matches any entries in the database. Users can input mul-
tiple protein sequences at once in the text area or upload them in FASTA
format. Figure 5.4 illustrates the usage of the BLAST module.

Fig. 5.4. Usage of the BLAST module of AntiCP3

Based on the hit, each submitted sequence is given a prediction. Users
can also view the detailed BLAST alignment results. Figure 5.5 shows
detailed BLAST results.

Fig. 5.5. Tabular display of BLAST results on AntiCP3 webserver

5.2 Standalone Application

For users requiring a more autonomous solution, a standalone application
in the form of a command-line interface (CLI) tool has been developed. This
version allows for the local execution of the model, eliminating the need for
continuous internet connectivity. The CLI tool is designed to work across all
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major operating systems—Windows, Linux, and macOS—ensuring broad ac-
cessibility. Users can download the standalone version from (https://webs.
iiitd.edu.in/raghava/anticp3/down.html). The application operates based
on command-line arguments, with the input file name being the only mandatory
argument. Users can customize the execution further using optional arguments,
providing flexibility to the users. The available arguments are as follows:

• -i or --input : The input file name (required). This is the file containing
the protein sequences that will be classified.

• -o or --output : The output file name (optional). If not specified, the
results file is saved as output.csv.

• -m or --model : Specifies the model to be used (optional). By default,
model – Hybrid (ESM2 + BLAST) will be used.

• -d or --device : Specifies the device for inference (optional).

• -t or --threshold : Sets the threshold for classification (optional, default:
0.5).

This CLI tool allow users to use our model locally, especially for batch-processing
and/or integrating this model into larger workflows. Figure 5.6 shows the inter-
face of the standalone version of AntiCP3, which provides all core functionalities
locally.

Fig. 5.6. Standalone version of the AntiCP3 tool

5.3 Pip Package

For users who intend to use the model into their existing Python workflows,
a pip-installable package is available. The package is hosted on the Python
Package Index (PyPI). The package can be installed simply by running :
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pip install anticp3

Link to PyPi - https://pypi.org/project/anticp3/

5.4 GitHub Repository

The complete source code and model files are made available on GitHub
(https://github.com/raghavagps/anticp3). This repository enables devel-
opers to access the project directly through GitHub. It serves as an open-source
platform, allowing the scientific and development communities to use the model,
submit issues, and share improvements. Documentation and installation in-
structions are provided to ensure ease of use for those who wish to deploy the
model in their own environments. Figure 5.7 shows the GitHub repository
interface.

Fig. 5.7. GitHub repository of AntiCP3

5.5 Hugging Face Model Hub

To enhance accessibility and integration into modern machine learning work-
flows, the fine-tuned model has also been deployed on the Hugging Face Model
Hub, a widely used platform for sharing and utilizing state-of-the-art machine
learning models. Users can deploy the fine-tuned checkpoint for their predic-
tion purposes and can experiment with the architecture. They can directly load
the model and tokenizer into their existing bioinformatics pipeline. Below is a
sample code snippet demonstrating how to load and use the model for inference:
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from transformers import AutoTokenizer,
AutoModelForSequenceClassification

import torch

tokenizer = AutoTokenizer.from_pretrained("raghavagps-group/anticp3")
model = AutoModelForSequenceClassification.from_pretrained("raghavagps

-group/anticp3")

sequence = "MANCVVGYIGERCQYRDLKWWELRGGGGSGGGGSAPAFSVSPASGLSDGQSVSV"

# Tokenize and run inference
inputs = tokenizer(sequence, return_tensors="pt", truncation=True)

with torch.no_grad():
logits = model(**inputs).logits
probs = torch.nn.functional.softmax(logits, dim=-1)
prediction = torch.argmax(probs, dim=1).item()

labels = {0: "Non-Anticancer", 1: "Anticancer"}
print("Prediction:", labels[prediction])
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Chapter 6

Discussion

Protein- and peptide- based therapeutics are gaining attention in the field of
oncology. These proteins are used in the development of novel treatment strate-
gies, like monoclonal antibodies (mAbs), small-molecule drugs, and tumour
growth inhibitors [61]. Some Proteins exhibit multifunctional properties; for
eg., several Antimicrobial peptides also show Anticancer activity. Bleomycin, a
compound derived from Streptomyces verticillus, is a well-known example, with
proven efficacy against various cancers such as head and neck squamous cell car-
cinomas, Hodgkin’s disease, and ovarian cancer [62]. Despite their promising
therapeutic potential, the identification and experimental validation of anti-
cancer proteins remain time-consuming, costly, and labour-intensive. This high-
lights the growing need for reliable in silico prediction tools that can streamline
the discovery process. While most previous studies have focused on anticancer
peptides, our study specifically targeted anticancer proteins due to their broader
and potentially more impactful biological functions.

In this work, we analysed several feature types for modelling anticancer pro-
teins, including composition-based, evolutionary profile-based, secondary struc-
ture, and sequence-derived features. Each feature set offers unique insights—for
example, composition-based features reveal amino acid arrangement, while evo-
lutionary profiles highlight conserved regions critical to biological function [63].
The integration of diverse features contributed to improved predictive perfor-
mance. Among the features tested, the Anticancer peptide mapping features
were least effective. This could be due to two main reasons:

1. Complex Interactions: Anticancer activity of proteins is likely not deter-
mined by short peptides alone. Instead, it might involve more intricate
interactions between the entire protein’s structure or sequence, which can-
not be captured by small peptide segments.

2. Limitations of AntiCP2: AntiCP2, which was trained on shorter peptides
(length ≤ 40) , may not be capable of identifying the complex relationships
between local peptide properties and the overall anticancer function of
proteins.

We also explored different combinations of features and applied feature selection
methods to improve our model. Our best-performing model, based on the ESM-
2 fine-tuned model, achieved an AUC of 0.90 and an MCC of 0.71 on the
validation set, outperforming other classifiers. Building on this, we created a
hybrid model by combining ESM-2 with BLAST, which improved performance
even further, reaching an AUC of 0.91 and an MCC of 0.63. This hybrid model
demonstrates how combining sequence similarity searches with machine learning
can boost the prediction accuracy of anticancer proteins. To serve the scientific
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community and developers’ community, we developed a web server and provided
standalone versions, GitHub repositories, and a pip package, making it easier
for the users to use our model as per their convenience.

In conclusion, the development of AntiCP3 tool is an important step in the
direction of predicting and selecting candidates for protein-based therapeutics.
By developing models that combine various types of features and using hy-
brid approaches, we have created a tool that can predict Anticancer proteins
with high accuracy using high quality manually annotated dataset. We believe
that AntiCP3 will help researchers in their search for new anticancer therapies,
and will prove to be a valuable resource in the direction of advancing cancer
treatment as cancer still remains one of the biggest threats in healthcare.
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Chapter 7

Limitation and Future Scope

While this study represents a novel step toward the in-silico prediction of An-
ticancer proteins, there are several limitations must be acknowledged. A major
limitation is the size of the dataset used for model training and finetuning. Be-
cause of the limited number of experimentally validated anticancer proteins, the
current model was developed using a relatively small dataset, comprising 370
positive anticancer protein sequences and equal number of negative sequences.
The results were good for the preliminary analysis, but for more generalise re-
sults, larger dataset is required, as it can capture the broad spectrum of sequence
variability found in Anticancer proteins and improve predictive performance.

To address this limitation, we plan for continuous retraining of the model us-
ing an expanded dataset as the databases grow and more annotated sequences
become available. Ultimately, such advancements may support the identifica-
tion of novel therapeutic candidates and contribute to the ongoing efforts in
cancer drug discovery and development.
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