JOURNAL OF ENGINEERING RESEARCH AND TECHNOLOGY, VOLUME 12, ISSUE 1, MARCH 2025

2 JERI

Received on (04-02-2025) Accepted on (01-07-2025)

Sequence-based Deep Learning Model for AMPs Activity

Prediction Against Specific Pathogen Strains
Abdullah Abu Nada', and Iyad H. AlShami

1 Faculty of Information Technology, Islamic University of Gaza, Palestine, https:

orcid.org/0000-0003-1029-1860

2 Faculty of Information Technology, Islamic University of Gaza, Palestine, eshami@iugaza.edu.ps

https://doi.org/10.33976/JERT.12.1/2025/1

Abstract— The pipeline of antimicrobial peptides (AMPs) discovery and design is costly and time-consuming.
So, several machine learning approaches and techniques have been used in the in-silico stage to help discover the
new AMPs by indicating their activity before moving them into the in-vitro and in-vivo stages. However, machine
learning and statistical methods require a lot of feature engineering and domain experts. Recently, many deep
learning approaches have shown their superior performance in several fields, which have inspired researchers to
take advantage to reduce the efforts of AMPs discovery and design tasks. However, only some efforts provided a
specific model that can determine the active AMPs against specific pathogens strains, which would improve the
quality of samples that could pass the laboratory and clinical trials. This paper attempts to propose a sequence-
base deep learning model that helps laboratories predict potential active AMPs against specific pathogen strains
by preparing up-to-date datasets for activity AMPs based on the latest updated databases and taking the power of
combining multiple deep learning architectures to build AMPs activity prediction models. The best AMPs activity
prediction models achieved 97%-98% of accuracy and Matthew’s correlation coefficient of 0.93 to 0.96.

Index Terms— Antimicrobial Peptide, Deep Learning, AMPs, Activity, CNN, Bi-LSTM, Self-Attention.

I INTRODUCTION

Antimicrobial peptides (AMPs, also known as host de-
fense peptides) are a primary unit in every natural immunity
reaction. They are broad-spectrum and potent antibiotics that
show potential as novel therapeutic agents, especially short
ones [1], [2]. AMPs are short proteins, typically five to one
hundred amino acids long, positively charged, and amphi-
pathic, that can inhibit the negatively charged microbial mem-
branes [3].

Based on AMPs as promising novel therapeutic agents,
many laboratories have been motivated to discover and de-
sign new and novel AMPs. Nevertheless, discovering and de-
signing AMPs in the pharmaceutical industry's research and
development (R&D) are costly, time-consuming, exhausting,
and require several phases of laboratory and clinical trials [4].
Therefore, an urgent need to develop an in-silico approach (It
means that the experiments are performed on the computer)
to help discover the potential active peptides.

Due to the cost-efficiency and less-time consumption of
the machine learning (ML) approach in recent decades, sev-
eral machine learning approaches have been widely used in
drug discovery, especially in the AMPs identification field
[4]-[10]. However, most ML and statistical techniques were
used to build general AMP predictive models that distinguish

between the AMPs and non-AMPs sequences to help identify
the potential candidate's peptides for laboratory and clinical
trials [8]. Only some of them proposed specific activity pre-
diction models against specific species [11], to give the activ-
ity prediction task accuracy in determining whether the dis-
covered peptide is active against certain strains. In addition,
the ML and statistical techniques require a lot of time, effort,
and a high level of knowledge in the AMP field to perform
many feature selection and extraction experiments to achieve
a significant model performance.

More recently, the deep learning (DL) approaches proved
their superior performance in many state-of-the-art domains,
like object detection, object recognition, object segmentation,
speech recognition, natural language procession tasks, drug
discovery, and genomics domain [12]. The most common
deep learning architectures, such as the convolutional neural
networks (CNNs) [13] and recurrent neural networks (RNNs)
[14], have been used in APMs prediction [15]-[17]. However,
these architectures do not require a lot of feature engineering;
it takes the original sequence as input and automatically ex-
tracts the hidden features and information through several
neural network layers, then predicts the output labels. Many
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deep learning approaches have proven their superior perfor-
mance in the peptide’s discovery and design area, like VAEs,
Encoder-decoder [18], RNN [19], long-shot-term-memory
(LSTM) [20], bi-directional-long-shot-term-memory (Bi-
LSTM) [17], and CNN’s [21]. However, in other areas, com-
bining two architectures, CNN-RNN, and self-attention
mechanism, helped to enhance the accuracy of several classi-
fication tasks [22]-[26].

Motivated by the above discussion, this paper proposed a
combined DL sequence-based model to predict the potential
short AMPs against specific strains of common bacteria that
need urgent treatments (E. coli, E. coli ATCC 25922, Pseudo-
monas aeruginosa, and Pseudomonas aeruginosa ATCC
27853) to help the laboratories in discovering AMPs that have
potential to pass the laboratory and clinical trials. Therefore,
based on several AMPs databases (DBAASP v.3) [27],
DRAMP [28], etc. an appropriate AMPs activity dataset for
every target strain was prepared, which consists of AMP se-
quence structure as text features like “DFKLVRFW” in which
each character represents specific amino acid, and the peptide
Minimum Inhibitory Concentration (MIC) value as a float
number. Moreover, the proposed model takes the advantages
of CNN, Bi-LSTM architectures, and self-attention mecha-
nism to improve their performance in discovery the active
AMPs against the targeted strains.

Finally, the AMPs activity prediction model versions were
evaluated by calculating the curves' plotted rate (ROC), the
area under the curve (AUCs), confusion matrices, and
Mathew’s correlation coefficient (MCC), which AMPs activ-
ity prediction models against specific target strains achieved
accuracy between 97% to 98% and MCC of 93.13% to
96.06%. As a result, despite the proposed activity prediction
model versions proving their performance in discovering the
active AMPs against the targeted strains, they are sensitive to
the length of the peptides and their amino acid compositions.

The remaining sections of this paper has been ordered as
follow: II. Related Works; III. Materials and Methods; I'V. Ex-
periments and Results and finally the V. Conclusion section.

II RELATED WORKS

The state-of-the-art works on the computational peptide
discovery area were explored and classified into two main
categories based on used technology (ML, DL) [4], [7], [8],
[29].

A AMPs Predictors based on ML Algorithms

In recent decades, several machine learning approaches
have been widely used in drug discovery and design, espe-
cially in the AMPs identification field [4]-[8], using several
feature selection methods, ML algorisms, and evaluation
methodologies. The researchers have used different algo-
rithms like Hidden Markov Model (HMM) [30], artificial
neural network (ANN) [31], fuzzy k-nearest neighbor (fuzzy
k-NN) [32], logistic regression (LR) [10], [33], support vector
machine (SVM) [34], Random Forest (RF) [35], decision tree

(DT) [36], Bayesian network (BN) [37], discriminant analysis
(DA) [38], and AdaBoost (ADA) [39], which the SVM and
RF are the most commonly used [8].

B Discovery AMPs based on Deep Learning
Approaches

Veltri and others suggested an improved deep neural net-
work (DNN) model for AMP prediction (AMP Scanner v.2)
[20], which they combined between the convolutional layer
and the long short-term memory (LSTM) architecture [40] for
AMPs. The proposed model consists of an embedding layer
responsible for taking the constructed to zero-padded numer-
ical vectors from the peptide sequence and converting them
to a fixed-size representation vector. These vectors are passed
to the convolutional and LSTM layers to extract their features.
Finally, using the fully connected layer and sigmoid function,
the probability of the expected label was predicted. However,
this work focused on applying DL to distinguish between ac-
tive and non-active AMPs generally. Also, it focused on phys-
icochemical properties to encode the sequences as numerical
vectors where it outperformed the others, similar state-of-the-
art models, by achieving 96.48% AUC.

Su and others proposed a new deep learning model for AMP’s
classification (APIN) [16]. They used the embedding layer to
convert numerical fixed-length vectors and a multi-scale con-
volutional network consisting of several convolutional layers
with different filter lengths (max-pooling) to extract the po-
tential hidden features in the peptides sequence. Also, they
used DPC and AAC sequence features to improve the model
performance. Finally, the fully connected layers and sigmoid
function were used to identify the peptide. This work also just
focused on AMPs activity prediction generally, where it ap-
proves its performance by achieving 97.3% AUC.
Additionally, based on CNN architecture J. Yan et al. [21] in-
troduced another deep learning model for short peptides pre-
diction (Deep-AmPEP30); this model consists of two convo-
lutional layers, max-pooling layers for extracting the implicit
features from peptides sequences, fully connected layers with
ReLU activation function, and the sigmoid function as output
layer. Also, they used AAC and composition-transition-distri-
bution (CTD), pseudo-K-tuple reduced amino acids composi-
tion (PseKRAAC) [41], and PseAAC as support features to
improve the prediction performance. It is worth mentioning
they have been available this model as a public web service.
However, this model achieved an AUC of 0.8533 and an ac-
curacy of 77.13% using a benchmark dataset. Finally, though
the CCN model accuracy bets the rest model, they found the
CNN and RF results were very close together.

Dua and others have investigated several deep neural network
architectures for enhancing the AMPs prediction task [19].
The several approaches for Low-level Representation to con-
vert the string sequence to numerical input were explored, like
Embedding layer, one-hot-encoding, integer representation,
binary representation, and K-mer Count Representation.
However, they recommended DNN and DNN-One-Hot ap-
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proaches to convert the sequences to input. Also, they ex-
plored several DNN architectures like CNN, LSTM, Bi-
LSTM, GRU, and simple-RNN. They found that the convo-
Iutional layer played an important role in feature extraction to
improve the model accuracy, which achieved 93.8% accuracy
and 0.972 AUC. In addition, they investigated the attention
mechanism in enhancing the model prediction accuracy.

C. Li and others introduced the first deep learning model
based using the attention mechanism to identify the AMPs
(AMPIlify) [17]. Which is based on RNN architecture and
consists of bidirectional long short-term memory (Bi-LSTM)
layers that enable the model to obtain both forward and back-
ward information about sequence at each time step, and two
different types of attention mechanism, context attention
(CA), and a multi-head scaled dot-product attention
(MHSDPA) to keep the model extract the most important fea-
tures to help it to be more accurate, which achieved accuracy
with 92.79% and AUC with 0.9744.

Jang et al. [42] proposed an attention-based Bi-LSTM+CNN
hybrid model for text classification, leveraging CNN for fea-
ture extraction, Bi-LSTM for sequential dependencies, and at-
tention for refining relevant features. Their model outper-
formed standalone CNN, LSTM, and MLP models in senti-
ment classification tasks, achieving improved precision, re-
call, and F1 scores.

Wang et al. [43] introduced a regional CNN-LSTM model for
sentiment classification, demonstrating that hybrid architec-
tures improve contextual learning and emotional text pro-
cessing. This study highlighted the effectiveness of integrat-
ing CNN and Bi-LSTM for structured sentiment analysis.
Salur et al. [44] further explored hybrid architectures, inte-
grating CNN, Bi-LSTM, and GRU with attention mecha-
nisms for text classification tasks. Their findings confirmed
that attention-enhanced models provide better accuracy com-
pared to architectures lacking attention-based refinement.
These studies collectively highlight the superior performance
of CNN, Bi-LSTM, and self-attention in classification tasks,
reinforcing the rationale for adopting this hybrid combination
in AMP activity prediction models.

Finally, based on the above literature reviews, most of the
efforts on this area have used machine learning algorithms. In
addition, thousands of irrelevant or less important features for
peptide sequence negatively impact classification model per-
formance. So, most of the previous proposed efforts competed
in using diverse machine learning algorithms and feature se-
lection methods (physicochemical, AAC, etc.) using common
published tools to improve the performance of prediction
AMP activity and functionality and the distinguish between
AMPs and non-AMPs in general, which the feature engineer-
ing step needs a lot of time, effort, and a high level of
knowledge in the AMP field. Therefore, the most recent re-
search in this field has tended to take advantage of deep learn-
ing architectures, especially in feature learning to work for-
ward to improve the performance of these models. However,

until now, due to data availability, only some works have fo-
cused on preparing DL models able to predict the AMP activ-
ity against specific pathogen strains. In this study, we are aim
to prepare new AMP activity datasets related to specific path-
ogen strains. Furthermore, we leverage the combined
strengths of CNN, Bi-LSTM, and self-attention mechanisms
to design deep learning models capable of accurately identi-
fying active AMPs against the targeted strains [22]-[26], [42]-
[44].

III MATERIALS AND METHODS

This paper proposes sequence-based DL models for
predicting AMP activity against specific pathogens strains.
Figure 1 provides an overview of the entire process, starting
from the data collection stage, describing how it is collected
from many popular and different AMPs databases, passing
through the data pre-processing and processing stages to
prepare and adapt the collected data for training the various
versions of activity prediction models. Furthermore, it
explains the architecture of the proposed model versions and
their training process. Also, it shows evaluation methods of
AMP's activity prediction models using the curves were
plotted (ROC), the area under the curve (AUC), Mathew's
correlation coefficient (MCC), and confusion matrix metrics.
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Figure 1 An overview of the four main stages of the proposed work. We
began with data collection and integration (step 1), then used this data
in preparing the datasets (step 2), tuned and trained the models using
these datasets (step 3), and evaluated the models using the testing subsets
(step 4).

A Data Collection

The literature of this work shows that many relative
researchers have integrated AMPs databases to obtain enough
samples to prepare their datasets and train their models using
it. So, many of the up-to-date public AMP databases that
contain variant information about AMPs DBAASP [27],
DRAMP [28], CAMPR [45], Uniport [46], and YADAMP
[47] were explored, handled, and integrated. This helped us to
collect as many appropriate AMPs as possible to prepare
proper datasets for training and evaluating the AMPs activity
prediction models and achieve this study's objectives. In this
stage, DBAASP (v3) has been chosen as the primary database
due to its recency, quality, and data coverage. The others are
complementary databases to collect all possible unique
samples from each database separately. The sequence, C-
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terminus, N-terminus, MIC for the common bacteria, and
hemolytic information were collected.

1 DBAASP Database (v3):

The Database of Antimicrobial Activity and Structure of
Peptides (DBAASP) has been originally prepared by [27]. The
last update of DBAASP, in 2021, contains much information
about more than 18,000 peptides like amino acid sequences,
toxicity and bioactivity profiles, chemical modification, and
3D structures. It provides two REST endpoints. The first
endpoint collects all AMP’s primary data, like the peptide
name, sequence, C-Terminus, and N-Terminus information.
Approximately 15,000 natural AMPs were identified based on
their sequence information, which should consist of only
natural amino acids. Then using the second endpoint (peptide
card), all peptide cards were collected and integrated with their
own AMP based on their IDs to create an oftline version of
this database to give us the ability to extract and explore data
more quickly. The peptide cards contain more advanced
information about the AMPs, like target group, activities,
species, and hemolytic information. More than 12,000 natural
AMPs that inhibit the gram-negative bacteria were labeled
using the target-Group property. According to the available
information, the activity information for the most available
samples for gram-negative bacteria strains (Escherichia coli,
Escherichia coli ATCC 25922, Pseudomonas aeruginosa, and
Pseudomonas aeruginosa ATCC 27853) were considered.
Then, using peptide card information, the activity data
containing the MIC value and its unit in (uM and pg/ml) for
target species from the target-Activities property were
extracted. Consequently, the core of our activity dataset is
established, containing the AMP’s sequences, C-Terminus, N
-Terminus, and non-normalized activity information for each
target strain. Around 5700 AMPs have activity against the
targeted E. coli strains, and 4400 AMPs against the targeted
Pseudomonas strains were obtained. Also, the experimentally
validated AMPs with low activity profiles against each target
strain where their MIC value is more than 256 pg/ml were
extracted as negative samples.

2 DRAMP Database:

At2021, Shi and others proposed a new version of the Data
Repository of Antimicrobial Peptides (DRAMP) that includes
structures,  sequences, activities, hemolytic, patent,
physicochemical, and reference information about the AMPs
[28]. Overall, it contains more than 22,000 samples, and
provides multiple MS Excel files based on the targeted groups,
subclasses, and usage purposes. As needed, the special edition
of the Gram-negative AMPs database was downloaded, which
contains over 2,400 samples. The AMPs activity and
hemolytic information are available through a non-standard
text in target-organism and hemolytic-activity properties.
However, the MIC values and their units from the texts for the
four targeted bacteria strains were extracted.

3 CAMPR Database:

Waghu and others introduced an updated version database
for the CAMP database [45], consisting of the structures,
sequences, activity, hemolytic, and family-specific signatures

of prokaryotic and eukaryotic information about more than
10,000 AMPs. Around 2,000 of them are short peptides with
an experimentally validated activity against gram-negative
bacteria, which are provided as public web pages with the
ability to download each page's actual content separately as a
flat text file. However, these text files were downloaded and
integrated into a single dataset. Then based on the Camp-ID
property, the activity information were scraped from web
pages and added to the dataset. Next, around 900 new AMPs
that did not appear on the primary dataset were identified, and
the MIC values and their unit were extracted for each target
species. Finally, approximately 75 out of 900 unique AMPs
with activity information against target strains were obtained.

3 YADAMP Database:

Piotto and others prepared another antimicrobial peptide
database [47] based on its extensive literature search, which
includes more than 2,000 AMP with detailed information
about AMP’s structure, activity, Etc., which made it
appropriate for building activity models, but the hemolytic
information is absent. However, the last update on this
database was in October 2018. This database provided the
AMPs information as web pages, so the AMPs sequence and
the activity information were scraped, especially the MIC
values in the 1M unit for all available target species, and
saved in an offline data file. Then this data was restructured
and used to prepare a dataset for integration prepose by
considering the available information for the four target strains
mentioned before, in which around 160 unique AMPs
sequences that did not appear on the primary dataset were
obtained.

5 Uniport Database:

Bateman and others proposed a public database (Uniport)
containing millions of protein sequences with their amino
acids, which were collected during the past years [46]. The last
release of this database on April 2021, and provided as
FASTA format and XML files. However, it used to collect the
non-AMPs sequences for balancing the activity dataset by
increasing the number of negative samples as needed.
Following C. Wang’s and others approaches [20], [48], [49]
we searched for non-AMPs that have lengths less than 20
amino acids and the keywords property not contains these
terms: antibiotic, antimicrobial, antifungal, antiviral,
fungicide, secretory, secreted, defensin, effector, and excreted.
Finally, from the search results we only considered the natural
sequences.

B Data Pre-Processing

The main objective of this step is to clean, normalize and
integrate the collected data to establish several standard
datasets for training and validation of the AMPs activity
prediction modes. Several standard of activity datasets were
prepared using the collected data from the DBAASP,
DRAMP, CAMPR, and YADAMP databases. The required
data for the target species were extracted from the DBAASP,
DRAMP, and CAMPR databases and put in the same dataset
structure, which contains of the AMPs sequence, and the
activity information as a tuples data structure containing the



First A. Author, Second B. Author., and Third C. Author / Sequence-based Deep Learning Model for AMPs Activity Prediction Against Specific
Pathogen Strains (2025)

MIC value and its unit in (uM and pg/ml). Afterward, the
collected data from the databases mentioned above were
integrated into the same dataset. Regarding the DRAMP
collected data, the MIC units were rewritten in a standard
format. Hence, around 350 new AMPs against E. coli strains
and 190 against Pseudomonas strains were obtained and
integrated into the primary dataset. Moreover, more than 40
new AMPs against E. coli and Pseudomonas strains were ob-
tained from CAMPR database and integrated with previous
data. Nevertheless, the MIC still has different measurement
units (pg/ml, uM). Furthermore, YADAMP collected data has
just one MIC unit. Therefore, the MIC units were converted
from mass concentration (pug/ml) to molar concentration (LM)
using the following equation [50] before continuing the
integration:

)

MW in KDa

(hM) = (M

e Micromole. A micromole (M) is one millionth of a
mole (10—6 mol).

e (ug/ml) is the concentration of one gram of a substance
per unit volume of the mixture equal to one cubic
meter.

e MW is Molecular Weight.

e Dalton (Da) is an alternate name for the atomic mass
unit, and kilodalton (KDa) is 1,000 Daltons.

Then, using the Rdkit package [51] the molecular weight
(MW) was calculated by converting the AMP sequence to a
simplified molecular-input line-entry system (SMILES), as
shown in Figure 2 and calculating the exact molar weight for
the AMP.

N1CCN(CC1)C{C{F)=C2)=CC{=C2C4=0N{C3CC3I)C=C4C({=0)0

Figure 2 The chemical formula (SMILES) of AMP [52]

Now, all AMPs MIC values have been measured by uM
unit. Finally, the collected data from the YADAMP database
were integrated with our datasets, which obtained more than
300 new AMPs containing activity information against
targeted E. coli and Pseudomonas strains. Finally, the
integrated activity dataset’s structure consists of features like
the AMP sequence, and MIC values in the pM unit for E. coli
and Pseudomonas strains.

Unfortunately, the activity datasets still contain negative
MIC values, which are inconsequent values. So, all these
values were replaced with Nan. All samples with Nan values
that did not have activity information about the targeted strains

and the completely similar sequences that were identified
using the Cluster Database at High Identity with Tolerance
(CD-HIT) webserver [53] were dropped. Around 5000 of 6300
AMPs with activity information against targeted E. coli strains
and 2800 of 4600 against Pseudomonas strains are still in the
activity datasets. Due to the short peptides having potent
activity against target species [54] and the structure of short
peptides with residues length less than or equal to 20, they are
less complex and form a simple spiral pattern [55]. So, only
AMPs with a length less than or equal to 20 were considered.
Moreover, the activity feature is added to datasets as a Boolean
label. According to the collected data exploration analysis, the
MIC threshold values that determine the peptides as active or
not were considered based on the Boxplot for the targeted
strains E. coli, E. coli ATCC 25922, Pseudomonas, and
Pseudomonas ATCC 27853, with MIC values in order (40, 25,
50 and 35 uM) were used to label the positive samples, and to
avoid all samples that may be an out-layer and negatively
affect the performance of prediction models. The peptide
sequences that might not have activity profiles against targeted
strains and their MIC value larger than 255 pg/ml were
extracted from the DBAASP v3 database and labeled as
negative samples. Then, flowing C. Wang’s and others, many
non-AMP sequences extracted from the Uniport database were
integrated with datasets as negative samples to balance
positive and negative samples. However, the final output of
this step is four different activity datasets were constructed for
the target strains E. coli, E. coli ATCC 25922, Pseudomonas,
and Pseudomonas ATCC 27853, were included around in
order (572, 1533, 450, and 1006) short AMPs with length less
than 20 residues and activity profile against targeted strains.
Finally, the Figure 3 shows the activity dataset’s structure con-
sists of the peptide sequence as a feature and its Boolean label
that determine its activity against a specific target strain.

wegEanze La_active

° Kvviwv vk False
1 RVERVWP LV IREVIRGLYRA TRER Fulse
2 DSHAKRHHBYKAKY HE KHHSHAGY Tals
3 ENREVPPEFTAL IR LRI 11 Trom
4 NLVSGLTEARKYLEQLHRELKNERY True

Figure 3 Samples of the integrated activity dataset with feature and its
label

C Data Processing

Each dataset still needs more work to be appropriate for
training and validating the AMPs prediction model versions
against each target strain. This step consists of multiple stages
to prepare each dataset and its samples to work fine with the
proposed DL models.

Datasets Splitting: The AMPs sequence as (sequence of
letters) and their Boolean labeled activity against target spe-
cies were extracted from the datasets for activity purpose, then
each dataset was split into training and testing sets, in which
80% of the primary dataset for training purposes to obtain the
optimal weights from the training process, and 20% for testing
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purpose to check how the trained model handles with the new
AMPs sequence that has not previously been seen [56].

Sequences Padding: The deep learning architectures, like
the CNN, Bi-LSTM, etc., take input with the same length, but
the AMP sequences in our datasets have a different length
(from 2 to 20) residue. Even the padding process enhances the
accuracy and performance when fed these architectures by the
fixed-length input size [57]. So, all sequences input were pad-
ded with zeros to be the same length as the max sequence
length in the dataset as illustrated Figure 4.

Max Length 20 ressdues
|K VIV | YK | W |V | ¥YI|K | V|V | K|0O|O | a '

Figure 4 Example of padded sequence with zeros to match the longest
sequence in dataset.

Sequences Encoding: Our AMP activity prediction models
feds by a sequence of letters representing the amino acids of
AMPs sequences, but the deep learning architectures only
work with numeric input. Therefore, it is necessary to convert
the string sequences to numerical input. According to the
literature review, many techniques have been used and
evaluated for this purpose [19], [58]. One hot encoding is
widely used in deep learning solutions as a way for categorical
data encoding, and its recommended compared to integer
representation, binary representation, etc., due to its
performance, simplicity, and use to encode the input when the
solid ordinary relationship between features are absenting
[59]. So, the peptide sequences in training and testing subsets
were encoded using one-hot-encoding to be the input of
activity prediction model versions. Then, as shown Figure 5
each sequence is represented as a 2D matrix of shape [L, 20],
in which L represents the padded sequence length and 20
represents the number of natural amino acids added to the
padding value (zero). Then these encoded samples were
converted to 3D tensors [N, L, 20], in which N represents the
number of AMP sequences in the dataset to be the input for
our models.

At M S0CK ackiSeved 13 2000

e mte

Figure 5 Example of encoding AMP sequence using one-hot-encoding
and converting all dataset to 3D tensor.

D Models Topology

The AMP activity prediction problem has been defined as
a binary classification task in which the main objective of
these activity prediction models is to ascertain whether the
suggested peptide sequences act as active AMPs against

specifically targeted strains. After conducting multiple
experiments with various deep learning model topologies
including standalone CNN, LSTM, Bi-LSTM, and their
different combinations the selected architecture of CNN, Bi-
LSTM, and self-attention achieved the highest accuracy,
proving to be the optimal choice for AMP activity prediction.
This model topology consists of nine layers, as figured out in
Figure 6.
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Figure 6 The architecture of the AMPs activity prediction model repre-
sented as a nine-layer deep learning layers. (A) The encoded input using
one-hot-encoding with max length 20 residues per sequence, (B) 1D con-
ventional layer with Relu activation function, (C) 1D max-pooling layer,
(D) two layers of Bi-LSTM, (E) Kears self-attention layer with SoftMax
activation function, (F) dropout layer, (G) flatten layer, and (H) dense
layer with sigmoid activation function for output prediction.

The workflow begins with (A) encoded input using one-
hot encoding with a maximum sequence length of 20 residues.
Subsequent layers include (B) a 1D convolutional layer with
ReLU activation function to extract sequence patterns, (C) a
1D max-pooling layer to reduce dimensionality and enhance
feature detection, (D) two layers of Bi-LSTM to process
sequence information bidirectionally for enhanced contextual
understanding, and (E) a Keras self-attention layer with
SoftMax activation function to prioritize important sequence
features. The output is refined through (F) a dropout layer for
overfitting prevention, (G) a flatten layer to convert
multidimensional data to a 1D vector, and (H) a dense layer
with a sigmoid activation function to produce the binary
classification result.

Based on prepared datasets, the input is represented as
(AMP sequences) and converted to numerical input using the
one-hot-encoding technique. The combining 1D CNN and Bi-
LSTM deep learning architectures were used to design the
topology of activity prediction models to take advantage of
both to learn and extract the features from the AMP sequences.
The encoded input with shape [L, 20, 20] was fed to a 1D
convolutional layer with 32 filters and a kernel size of 3 to
identify the sequence patterns by producing the feature maps.
The ReLU as a non-linear activation function was applied to
the output to increase the non-linearity in the input. Then the
output of the 1D convolutional layer was passed to the 1D
max-pooling layer to compute the maximum output on each
feature map independently. This enhances the model
performance and computational cost by reducing the number
of parameters; moreover, it controls the over-fitting. After that,
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the output from 1D CNN was fed to the two Bi-LSTM layers
to learn and extract the features from both sequence directions,
from past to future and from future to pass for each time step
and saved this information in two hidden states, which helps
to improve the context available to its algorithm and increase
the available information to the network. Next, the outputs
from the Bi-LSTM layers were fed to the self-attention layer
[60]. This allows the Bi-LSTM outputs to interact with each
other to determine what a sequence residue (input) should pay
more attention to by giving them an attention score and
producing the outputs from these interactions and attention
scores. In addition, the self-attention layer output passed to the
dropout layer to reduce the overfitting issue. Finally, a flatten
layer was added to reduce the output dimensionality by
flattening it to a 1D vector. Due to the final output of this
model topology being a binary classification [0,1], the vector
was fed to the Dense layer with a sigmoid activation function
to predict the final output.

The previous model topology was compiled to be ready for
the training process with the following three parameters in
order; the first one is the binary crossentropy was used as a
loss function due to the AMP activity perdition model being a
binary classification model. Also, the second parameter is the
optimizer function which the RMSprop was used, and the third
parameter was accuracy as metrics. Moreover, the Keras early
stopping callback function was used to control the training
process when the learning process stopped improving the
accuracy.

E Models Tuning

Each version of AMPs activity prediction models needs
particular optimization to increase their accuracy. Therefore,
the Bayesian hyperparameter tuning with k-fold cross-
validation was utilized using the Keras tuner for AMPs
activity prediction models. In which several hyperparameters
were applied and explored like Bi-LSTM units between 32 and
512 with a step value of multiple of 32, dropout rates between
0.2 to 0.7, and different learning rates (0.01, 0.02, 0.03, 0.001,
0.002, 0.003). K-fold cross-validation was applied by splitting
the original dataset into 80% for training and 20% for testing
peruses, and then the training subset was divided into five
folds with k equal to five iterations. During each iteration, four
folds were used for training and one for validation that was
switched every iteration, as shown in Figure 7, and the
accuracy and the average loss were calculated for AMPs
activity prediction models. Finally, after ending the
hyperparameters tuning process, the best parameters that
achieved the best overall performance model were selected to
train each version of AMPs activity models using them on the
entire training set and to evaluate it using the testing set.
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Figure 7 Example of tuning process using 5-fold cross-validation.

F Models Training

Using Google Colab cloud as a storage and computing
platform with a GPU unit was used to train four different
versions of AMPs activity prediction models based on the best
hyperparameters that were determined in the tuning stage,
using the training subset of their AMPs activity datasets, with
one model for each targeted strain. Then these trained models
were saved as h5 files to use later in the evaluation stage.

G Models Evaluation

In order to evaluate the models, two type to tests were
used: Statistical tests and Evaluation Metrics. The statistical
tests play a crucial role in validating the effectiveness and re-
liability of predictive models, ensuring that observed perfor-
mance differences are not due to chance by validating: the da-
taset distribution - should not follow normal distribution-, the
observed differences in performance metrics across the pro-
posed models must be statistically significant, and for the re-
sult dependency on the dataset.

For assessing whether AMP sequence lengths follow a
normal distribution, Kolmogorov-Smirnov (KS) tests [61] are
used for checking the distribution of AMP sequence lengths in
the dataset. Ensuring that the data distribution is appropriately
structured enhances model generalization and prevents biases
in classification. When the dataset deviates from normality,
additional balancing techniques such as data augmentation or
normalization may be required.

One of the primary statistical methods for showing the model
significance is Analysis of Variance (ANOVA) [62], which
determines whether there are significant differences in model
performance across multiple architectures. ANOVA helps
assess variations in key metrics such as accuracy, area under
the curve (AUC), and Matthews correlation coefficient
(MCC), providing insights into how different models behave
across datasets. If significant differences are detected, post-
hoc tests like Tukey’s HSD [63] can be applied to pinpoint
which specific models perform better.

The four optimized prediction versions of AMPs activity
prediction models were evaluated by calculating the ROC and
the AUCs, which the ROC represents the true positive rate
(TRP) versus the false positive rate (FPR) for every decision
boundary. In which the Youden index (Yi) was calculated to
determine the optimal decision boundary form every ROCs.

Yi = specificity + sensitivity — 1 2)
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Moreover, the confusion matrix (CM) was generated for
every optimized prediction model based on the optimal
decision boundary determined in the previous step, which the
CM contains the number of true positive (TP), true negative
(TN), false positive (FP), and false negative (FN) that helped
us to calculate the specificity, sensitivity, precision, recall,
accuracy, and the MCC using the following equations:

Specificity = (T;ivpp) 3)
Sensitivity = (TPZPFN) 4)
Precision = (TPT:)FP) (5)
Acuracy = % (6)

(TP * TN) — (FP * FN)

MCC = JCTP + FP) = (TP + FN) * (TN + FP) » (TN +FN) 7

Another important technique is the Chi-square Test [64]
for Independence, which evaluates whether categorical
classifications (AMP vs. non-AMP) are independent of the
model or dataset used. By analysing confusion matrices, this
test determines whether classification outputs are

m Pseudomonas
m Pseudomonas ATCC
27853

Other Pseudomonas
Strains

Figure 9 The number of active AMPs against Pseudo. strains in
DBAASP

meaningfully associated with specific bacterial strains. If
dependencies are observed, this implies the model effectively
captures strain-specific features in AMP prediction.

Additionally,

IV EXPERIMENTS AND RESULTS

This section presents and discusses the main results of this
paper by showing the collected data from the different AMPs
databases and the obtained datasets that are used to train and
evaluate the AMPs activity deep learning model versions.
Also, it presents and discusses the main results of the AMPs
activity prediction model versions for very target strains.

A Data Collection

The activity datasets were collected from multiple AMP
databases. The primary database (DBAASP v3) contains more
than 12,700 and 9,200 AMPs that have activity information

against E. coli and Pseudomonas strains, which these two
bacteria have the most available AMPs that have activity
information against the other types of bacteria, as shown in
Figure 8.

mE. coli
® Pseudomonas

More that 20
Microbes

Figure 8 The number of active AMPs against the types of bacteria in
DBAASP database

Moreover, the AMPs that have activity information against
the top two gram-negative bacteria types (E. coli and
Pseudomonas strains) were considered and explored more
deeply. The DBAASP contains more than 500 strains of each
E. coli and Pseudomonas. The highest numbers of AMPs with
activity information were available for E. coli, E. coli ATCC
25922, Pseudomonas, and Pseudomonas ATCC 27853 strains,
which contain around 1500, 5600, 1200, and 3,700 AMPs, as
shown in Figure 10 and Figure 9. Also, according to our
exploration, most pathogens that urgently need treatments and
their strains did not have sufficient numbers of AMPs data
(positive samples) to train deep learning models that can
predict if peptide sequence potentially acts as AMP against it.

mE. coli
mE. coli ATCC 25922

Other E. coli (+500)
Strains

Figure 10 The number of active AMPs against E. coli strains in DBAASP

After considering only The AMPs that have natural
residues, the number of available AMPs decreased. So, The
DRAMP, CAMPR, and YADAMP were used as support
databases to increase the number of available AMPs that have
an activity profile against the targeted strains. Only the unique
AMPs in support databases and absent from the primary
database were considered. Based on databases exploration,
TABLE 1 shows the number of obtained unique natural AMPs
from the support databases compared to the primary database.
The DBAASP v3 contains and covers the most available
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information about E. coli and Pseudomonas strains, and the
DRAMP and YDAMP still have hundreds of unique AMPs
that have activity information against the main strains but are
still suffering from containing AMPs against the E. coli ATCC
25922 and Pseudomonas ATCC 27853 strains. Finally,
compared to the primary database, the CAMPR did not have
enough numbers of unique AMPs against any targeted
bacteria.

TABLE 1. THE NUMBER OF UNIQUE NATURAL AMPS IN DATABASES

X AMP Databases
Target Strain
DBAASP DRAMP CAMPR YADAMP
E. coli 1368 324 19 159
E. coli ATCC
25922 4668 27 44 0
Pseudomonas 971 179 5 42
Pseudomonas
ATCC 27853 2935 15 6 0
B Datasets

After the data integration and pre-processing step, all
AMPs with MIC values less than or equal to zero were
dropped. Also, the natural AMP sequences with a length less
than or equal to 20 residues and their MIC value less than or
equal to pre-determined MIC threshold value (40, 25, 50 and
35 uM) for targeted strains were only considered. The positive
samples in datasets for the (E. Coli, E. Coli ATCC 25922,
Pseudomonas, and Pseudomonas ATCC 27853) were around
(572, 1533, 450, and 1006). However, in this paper the C and
N-terminus AMPs features were not considered due to the data
availability. Moreover, until now, the AMP databases did not
contain significant numbers of AMPs with activity profiles
against other gram-negative bacteria and their strains that need
urgent treatments to train deep learning models. On the other
hand, a lack of databases containing an experimentally
validated non-antimicrobial [49]. Also, the number of
extracted peptides with high MIC values that possibly did not
have activity profiles against specific bacterial species was
very small and insufficient to balance the activity datasets to
prevent bias of activity classification models towards the
positive samples [65]. So, to avoid this issue, following C.
Wang's and others' alternative negative dataset approach, the
peptide sequences that did not act as antimicrobials were
extracted from the Uniport database and used to balance each
activity dataset, which was about (571, 1258, 477, and 1006)
non-antimicrobial sequences for targeted strains TABLE 2.

The result of KS shows that the sequence lengths do not
follow a normal distribution since that the sequence lengths do
not follow a normal distribution since KS Statistic D = 0.0833
and p-value = 1.03x10"%.

C Models Topology

In this work, four DL activity prediction models were built,
each designed to predict AMP activity against a specific
target strain. These models were built using various deep
learning architectures, including CNN, LSTM, Bi-LSTM,
and different combinations of these layers. Through exten-
sive experimentation with multiple model topologies, we
assessed the effectiveness of each configuration. The selected
combination integrating CNN, Bi-LSTM, and a self-attention
mechanism achieved the best predictive accuracy,
demonstrating its strength in feature extraction and contextual
sequence understanding. This combination was inspired by its
proven success in several fields, such as text classification,
biomedical sequence analysis, and natural language
processing, where hybrid models have significantly improved
classification accuracy and pattern recognition [22]-[26], [42]-
[44]. By adapting this approach to AMP activity prediction,
we leveraged its ability to enhance feature learning and
optimize model performance for identifying active peptides
against specific pathogen strains.

D Models Tunning

The choice of hyperparameter combinations is one of the
essential factors affecting the performance of deep learning
models [66]. The traditional or manual way of tuning the DL
models wastes time and effort, and very hard to try every
possible value of hyperparameters. So, the performance of the
proposed models was automated tune using Bayesian
hyperparameter optimization due to its capability to take the
performance from prior hyperparameter combinations into
account when determining the new hyperparameter to select
the best parameters that allow the model to achieve the best
overall result. This makes it one of the most effective methods
in this area [67]. Using automated Bayesian hyperparameter
optimization, the best hyperparameters obtained based on the
validation accuracy for the AMPs activity prediction models
include 32 filters, hidden units ranging from 192 to 512, drop-
out rates between 0.5 and 0.7, and a consistent learning rate of
0.003, as detailed in TABLE 3.

TABLE 3. HYPERPARAMETERS OPTIMIZATION FOR POTENTIAL AMPS

PREDICTION MODELS
TABLE 2. THE NUMBER OF AMPS THAT HAVE ACTIVITY PROFILE H rparameter
AGAINST TARGETED STRAINS IN DATASETS Activity yperpa eters Valida-
Model Filters Hidden Drop- Learn- tion Ace.
T ¢ Strai Dataset Samples Units out rate | ing rate
arget Strain .
B Positive Samples | Negative Samples E. coli 32 192 0.5 0.003 96.53
. E. coli ATCC
E. coli 572
571 25922 32 512 0.7 0.003 96.55
E. coli ATCC 25922 1533 1258 Pseudomonas 32 352 0.5 0.003 94.97
Pseudomonas 450 447 Pseudomonas
ATCC 27853 32 352 0.5 0.003 97.26
Pseudomonas ATCC 27853 1006 1006
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E Models Training History

Four AMPs activity prediction models were trained using
the targeted strain's activity datasets based on the best
parameters determined by the reported Bayesian
hyperparameter optimization TABLE 3. The activity models
against (E. coli, E. coli ATCC 25922, Pseudomonas, and
Pseudomonas ATCC 27853) achieved training accuracy (100,
99.37, 100, and 100) % in (26, 39, 27, 27) epochs respectively,
as shown Figure 11. Based on our experiments, it has been
observed that larger datasets containing consistent samples
make the training process smoother.

Training sccurscy history for AMPs activity prediction models
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Figure 11 Training accuracy history for AMPs activity prediction mod-
els for every target strain.

F Models Evaluation

The four AMPs activity prediction models were
thoroughly evaluated using testing subsets specific to each
bacterial strain, comprising 229 samples for E. coli, 558
samples for E. coli ATCC 25922, 179 samples for
Pseudomonas aeruginosa, and 402 samples for Pseudomonas
aeruginosa ATCC 27853. The evaluation was conducted by
calculating the ROC curve and its associated AUC values,
which quantify the model’s ability to accurately distinguish
between active AMPs sequences and non-antimicrobial
sequences. Additionally, the Yi index and MCC were
computed to provide a more holistic performance assessment.
A higher AUC value reflects superior model performance and
predictive capability. The models achieved exceptional
results, with AUC values of 0.983 for E. coli with an optimal
decision boundary of 0.67379 Figure 12, 0.995 for E. coli
ATCC 25922 with an optimal decision boundary of 0.97447
Figure 13, 0.994 for Pseudomonas aeruginosa with an optimal
decision boundary of 0.93355 Figure 14, and 0.991 for
Pseudomonas aeruginosa ATCC 27853 with an optimal
decision boundary of 0.96656 Figure 15. These outcomes
underscore the reliability and efficiency of the AMPs
prediction models in identifying active peptides against
specific pathogen strain.
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Figure 12 The ROC and AUC of AMPs activity prediction model
against E. coli main strain.
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Figure 13 The ROC and AUC of AMPs activity prediction model against
E. coli ATCC 25922 strain.
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Figure 14 The ROC and AUC of AMPs activity prediction model against
Pseudomonas aeruginosa strain.



First A. Author, Second B. Author., and Third C. Author / Sequence-based Deep Learning Model for AMPs Activity Prediction Against Specific
Pathogen Strains (2025)

(D) Pscudomonas ATCC 27853 strain

ROC curve

Faise postrew a0

Figure 15 The ROC and AUC of AMPs activity prediction model against
Pseudomonas ATCC 27853 strain.

Furthermore, the confusion matrices were constructed
based on the calculated optimal decision boundaries for each
model, as illustrated in Figure 16. These matrices provided
detailed insights into the performance metrics of the AMPs
activity prediction models for the target bacterial strains: E.
coli, E. coli ATCC 25922, Pseudomonas aeruginosa, and
Pseudomonas aeruginosa ATCC 27853. The following results
were obtained: sensitivity values of 93.85%, 95.43%, 95.55%,
and 99.50%; specificity values of 99.13%, 98%, 97.75%, and
96.51%; Youden Index (Y1) scores of 0.9299, 0.9344, 0.9330,
and 0.9601; precision values 0of 99.07%, 98.32%, 97.72%, and
96.61%; MCC scores of 99.13%, 93.19%, 93.32%, and
96.06%; and accuracy levels of 97%, 97%, 97%, and 98%,
respectively.

These metrics highlight the robustness and reliability of the
proposed models in accurately classifying AMPs against the
corresponding pathogen strains. The high sensitivity scores
demonstrate the models’ ability to detect active AMP
sequences effectively, while the specificity values validate
their capacity to distinguish non-antimicrobial sequences
accurately. Similarly, the Yi index and MCC scores reflect the
balanced and consistent performance of the models across
different datasets. Overall, the calculated metrics underline the
efficiency of the hybrid deep learning approach in addressing
complex AMP classification challenges.
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Figure 16 The Confusion matrices for the four AMPs activity prediction
model. (A) The conducted confusion matrix for E. coli main strain
model, (B) The conducted confusion matrix for E. coli ATCC 25922
strain model, (C) The conducted confusion matrix for Pseudomonas
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main strain model, (D) The conducted confusion matrix for Pseudomo-
nas ATCC 27853 strain model.

TABLE 4 presents the evaluation results of the proposed
AMPs activity prediction models for four target bacterial
strains (E. coli, E. coli ATCC 25922, Pseudomonas aeru-
ginosa, and Pseudomonas aeruginosa ATCC 27853). The
evaluation metrics include the Area Under the Curve (AUC),
Matthews Correlation Coefficient (MCC), and overall accu-
racy (ACC), collectively demonstrating the models' ability to
distinguish active antimicrobial peptides from non-antimicro-
bial sequences. The results highlight the robust performance
of the prediction models, achieving consistently high AUC
values ranging from 0.983 to 0.995, MCC percentages be-
tween 93.13% and 96.06%, and accuracy levels of 97-98%.

These findings confirm the effectiveness and reliability of
the proposed models in accurately predicting AMP activity
across varied dataset sizes, effectively differentiating between
short AMPs and non-antimicrobial peptides. It is worth noting
that the accuracy of the models is closely aligned, which is at-
tributed to the similarity observed in the negative samples used
during training. This emphasizes the efficiency of the pro-
posed hybrid topology in distinguishing active AMPs from
non-active sequences, showcasing its strength in enhancing
predictive capabilities.

TABLE 4. THE EVALUATION RESULTS FOR THE AMPS ACTIVITY

TABLE 5. More detailed information about evaluation results

Activity Prediction Evaluation Metrics
Model SPEC SENS Yi Best
(%) (%) threshold

AMPs against E. coli 99.13 93.85 0.9299 0.67379
AMPs against E. coli
ATCC 25922 98 95.43 0.9344 0.97447
]?MPS against 9775 | 9555 | 0.93.30 | 0.93355

seudomonas
AMPs against
Pseudomonas ATCC 96.51 99.50 0.9601 0.96656
27853

*SPEC = Specificity, SENS = Sensitivity, Yi = Youden index.

However, direct comparison between the proposed AMPs
prediction models and other state-of-the-art models is
disproportionate, subjective, and difficult due to several
factors, including the lack of standardized AMPs activity
datasets and the purpose of the prediction models, which it
trained to predict activity profiles for specific strains or trained
as general prediction models. Regardless of the difference
between the related approaches, methodologies, methods, and
models used in this task, TABLE 6 shows performance
comparisons between our models and other state-of-the-art
works.

TABLE 6. EVALUATION AND PERFORMANCE COMPARISON BETWEEN

PREDICTION MODELS THE STATE-OF-THE-ART ACTIVITY MODELS AND OUR ACTIVITY MODELS.
Evaluation Metrics Evaluation Metrics
Activity Prediction Model Model Ref.
AUC MCC (%) | ACC (%) AUC | ACC (%) Target
AMPs against E. coli 0.983 93.13 97 AMP Scanner v.2 0.9648 - General [20]
?51\;1525 against E. coli ATCC 0.995 93.19 97 APIN 0973 | 9255 General [16]
AMPs against Pseudomonas 0.994 93.32 97 Deep-AmPEP30 0.8533 77.13 General [21]
AMPs against Pseudomonas
ATCC 27853 0.991 96.06 98 DNN-Conv2 0.972 93.8 General [19]
#AUC = Area Under the Curve, MCC = Mathews correlation coefficient, ACC = Accuracy. AMP]ify 0.9744 92.79 General [68]
. . . . E. coli ATCC
TABLE 5 provides detailed evaluation metrics for the 0(2)51922
AMPs activity prediction models against the four target bacte- | SP tool - 81.0 Pscudomonas | 1]
rial strains (E. coli, E. coli ATCC 25922, Pseudomonas aeru- ATCC 27853
ginosa, and Pseudpmpnas aeruginosa ATCC 27853). The met- Model V.6 0.981 5.7 E. coli (70]
rics include specificity (SPEC), sensitivity (SENS), Youden
Index (Y1), and the optimal decision threshold values for clas- 0.983 97 E. coli B
sification. Specificity reflects the models' ability to correctly E. ool
. . .. . . . AR . - . coli ATCC
identify non-antimicrobial peptides, while sensitivity high- | Our activity 0.995 97 25922 -
lights their effectiveness in accurately detecting active AMPs. preg‘;t"’“ 0.994 o7 Pseud
The Youden Index (Yi) serves as a measure of model perfor- | ™°%®® : seudomonas i
mance ‘by’bal‘ancmg spec1ﬁf:1ty and sensitivity, with hlghc?r 0.991 08 l:;lé(ié)rzrlo;lsass .
values indicating better predictive capability. Lastly, the opti- 7

mal threshold values were calculated for each model, repre-
senting the decision boundary that maximizes the Yi metric.

The data in TABLE 5 demonstrates the strong perfor-
mance of the proposed models, with specificity ranging from
96.51% to 99.13% and sensitivity from 93.85% to 99.50%.
These results highlight the robustness and accuracy of the
models in distinguishing active AMPs from non-active pep-
tides for each target strain.

12

% AUC = Area Under the Curve, ACC = Accuracy, Ref = Reference.

For the model significance, the one-way ANOVA test
shows that the last model is significantly differs from the
others in terms of predictive performance (e.g., MCC), since
the test values came as: F-statistic: 6.21 and p-value: 0.0021
for the null hypothesis "the performance of all the models is
equal”.
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Tukey's Honestly Significant Difference (HSD) test was
conducted to identify which model pairs showed statistically
significant differences. The test revealed that the model
targeting P. aeruginosa ATCC 27853 significantly
outperformed the others in terms of MCC and AUC. This
aligns with empirical evaluation results, where this model
achieved the highest AUC (0.991) and MCC (96.06%).

Finally, Chi Square test for independence result, Chi-
square statistic: 21.45 and p-value: 0.0006, confirms that the
models effectively learned strain-specific features, confirming
the models’ capacity for targeted AMP classification.

vV CONCLUSIONS

The peptide-based drugs usage has increased in treating
diseases caused by antibiotic-resistant pathogens due to their
unique properties compared to antibiotics. However, the
discovery of this type of treatment are expensive and take a lot
of time and effort. In the last decade, several machine learning
methodologies and algorithms have been used to speed up the
validation and selection of the most potential peptide
sequences to nominate them for clinical trials. Nevertheless, it
still required a lot of feature engineering, vast experience, and
knowledge in this domain. Recently, deep learning has proven
its performance in many fields, especially in the drug
discovery and design domain, and has inspired many
researchers to take advantage of this domain due to its
performance and automatic feature extraction advantages, and
high learnability. Unfortunately, most research has tended to
distinguish generally between AMPs and non-AMPs. A few
of them touched on proposing models that differentiate
between AMPs with activity against a specific target bacteria
strain and non-active AMPs.

This work proposed a complete sequence-based AMPs
activity prediction model using CNN, Bi-LSTM, and the self-
attention mechanism that can determine the AMPs have
activity against E. coli, E. coli ATCC 25922, Pseudomonas,
and Pseudomonas ATCC 27853 strains, by collecting the
required AMPs information from different up-to-data
antimicrobial activity databases and integrating them to
establish up-to-date activity datasets for every target strain.
The DBAASP v.3 databases were the top rich, quality ones
and had the most available data about the targeted strains.
However, until now, the explored databases contained neither
experimentally validated negative samples in non-antimicro-
bial peptides nor peptides lacking activity profiles against the
target strains. So, this point needs more work from the
laboratory side by reporting the results of negative
experiments and publishing them in AMPs databases because
the accuracy of deep learning models is affected by negative
data as well as positive sets.

The AMPs activity prediction models demonstrated im-
pressive results, achieving accuracies between 97-98% and
MCC scores ranging from 0.93 to 0.96. Nonetheless, the mod-
els' performance is sensitive to the diversity of training da-
tasets, particularly in terms of sequence length variability and
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amino acid order differences among peptide samples. To en-
hance model robustness, future training datasets should prior-
itize broader coverage of peptide sequences, including outlier
samples and sequences with varying residue orders.

Looking ahead, the findings demonstrate that combining
CNN and Bi-LSTM deep learning architectures with a self-
attention mechanism is highly effective in distinguishing
AMPs active against specific pathogen strains from non-active
ones. As a future direction, we propose exploring the potential
of training large-scale deep learning models on generalized
AMP datasets and fine-tuning them to predict activity for spe-
cific target strains. This approach could address the challenge
posed by the limited availability of AMPs for certain bacteria
while maintaining the precision required for strain-specific ac-
tivity prediction. Moreover, leveraging advanced techniques
such as transfer learning and attention-based architectures of-
fers opportunities to enhance model performance and optimize
computational efficiency. These methods can expand the
scope and adaptability of AMP discovery by enabling scalable
solutions that adapt to diverse datasets and pathogen-specific
requirements.

By incorporating these strategies, future research can ad-
vance peptide-based drug design, paving the way for more ac-
curate, impactful, and innovative solutions in combating anti-
biotic-resistant pathogens.
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