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A B S T R A C T

The failure of the most potent medicines to eradicate superbugs underscores the urgent need to
develop new antimicrobial drugs. Antibacterial peptides (ABPs) are oligopeptides present in all
multicellular organisms and serve as the first line of defense against pathogens. ABPs provide
several benefits over conventional antibiotics; therefore, they have recently gained significant
attention as an alternative. Finding ABPs in the laboratory is expensive and time-consuming.
Therefore, wet-lab researchers use in-silico tools to discover ABPs from natural sources. The
existing tools available for this purpose suffer from the limitation of being black boxes. In the
present work, we developed XAI-INVENT, an explainable artificial intelligence-based framework
for the rapid discovery of novel antibiotics. For building XAI-INVENT, first, the probability
scores of deep learning models are fused, and then the fused scores are utilized with local
interpretable model-agnostic explanations (LIME) for determining the critical amino acids. The
value of performance metrics, namely Accuracy, Sensitivity, Precision, F1-Score, Specificity, and
Matthews correlation coefficient obtained by the proposed framework for test data is ≈ 96 %,
96 %, 97 %, 96 %, 97 %, and 92 %, respectively. To help wet-lab researchers, XAI-INVENT is
deployed as a web server at https://xai-invent.anvil.app/.

. Introduction

Multiple mutations in the genome of microbes enable them to survive in the presence of drugs, resulting in antimicrobial
esistance (AMR). Antibacterial peptides (ABPs) are molecules present in the immune system that protect the host from infections.
BPs provide many benefits over conventional antibacterial medications. They are naturally occurring, destroy bacteria in various
ays, and have few adverse effects. Because of this, ABPs have recently received a lot of attention as an alternative to the available
ntibiotics [1–4]. As a consequence, peptide-based drugs account for 7% of all drugs authorized by the Food and Drug Administration
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(FDA) in the previous five years [5]. Antimicrobial peptides have been shown to have therapeutic uses by the authors in [6]. The
DA has authorized seven AMP-based drugs so far, and a thorough analysis of those drugs can be found in [7].

The state of the art works [8–13] suffer from the limitation of being black boxes. Therefore, wet-lab researchers cannot interpret
he reason behind the prediction and hence cannot use their domain expertise to modify the peptide sequence and confidently select
he best ABP(s) for wet-lab synthesis. Therefore, adopting explainable AI (XAI) is crucial to uncover the reasons behind AI-driven
ecisions and promoting a deeper understanding of their implications. This not only addresses interpretability concerns but also
mproves the drug discovery process, facilitating more informed decision-making. The XAI has been used in different domains to
nable users to understand the prediction made by the model [14–21]. Most of the works from distinct domains rely on the LIME

algorithm for explainability. In [14] LIME algorithm is utilized for resource management for Enhanced Communication Efficiency
in Hierarchical Federated Learning. In [15] LIME algorithm is utilized for hate speech detection and classification. In [16] LIME
algorithm is utilized for white blood cell classification. In [20] LIME algorithm is utilized in the field of cybersecurity.

For better understanding, we can relate the task of classifying the peptide as ABP/Non-ABP to the sentiment analysis task,
where, given a sentence, the goal is to determine whether the expressed opinion in the sentence is positive or negative. In the
ase of sentiment analysis, we can see that all words do not contribute equally in determining the sentiment of a sentence (some

words have more contribution, some words have less contribution, and even some words have negative contribution). Consider
the statement, ‘‘That was a horrible movie’’. The overall sentiment of this statement is negative. The word that contributed most
towards this negative prediction is ‘‘horrible’’, while the remaining words contributed little or nothing. In the sentiment analysis
task, identifying critical words is possible for humans, but identifying critical amino acids in the case of peptides is not at all possible.

Motivated by this, in the present work, we developed XAI-INVENT, an explainable artificial intelligence-based framework for
rapid discovery of novel antibiotics. The practical implications and potential impact of XAI-INVENT on wet-lab research and
ntibiotic discovery is that ≈ 227 million protein sequences are available in the UniProt database [22], and even a single protein

sequence can have multiple regions with antibacterial properties. Therefore, numerous ABPs can be identified from a single protein
sequence. However, it is not feasible to synthesize and test all of them in vitro. Thus, in such cases, the knowledge of critical amino
acids (amino acids responsible for the antibacterial nature of the sequence) enables wet-lab researchers to interpret the reason behind
the prediction. This, in turn, will help them use their domain expertise to confidently select the best ABPs for wet-lab synthesis.
Moreover, wet lab researchers can further narrow their selection based on their preferences of amino acids (like they may choose
ABP in which their preferred amino acid is available as a critical amino acid).

The current work focuses on sequential data. The bidirectional gated recurrent unit (Bi-GRU), bidirectional long short-term
emory (Bi-LSTM), bidirectional temporal convolutional network (Bi-TCN), and 1D convolutional Neural Network (1DCNN) are
owerful neural network architectures that are designed to handle sequential data effectively. As a result, they are used in current
ork. Moreover, instead of relying on any one of Bi-GRU, Bi-LSTM, Bi-TCN, and 1DCNN, their decisions can be combined to make the

ensemble classifier, which offers several benefits like (i) It aggregates the strengths of different models, which offers more confidence
than the confidence offered by any single model. (ii) Reduces overfitting by balancing out individual model errors, making the
ensemble more generalizable to new data. (iii) Improves robustness, making the model less sensitive to noise and outliers. Based
on the benefits mentioned above, in the proposed framework XAI-INVENT, the probabilistic decisions of Bi-GRU, Bi-LSTM, Bi-TCN,
and 1DCNN have been combined using soft voting to make the ensemble classifier. Then, the fused scores are utilized with local
interpretable model-agnostic explanations (LIME) [23] for identifying critical amino acids.

To get more insights, we conducted a pilot study in which (i) We analyzed all the peptides and determined amino acids that are
present as critical amino acids in most of the ABPs/Non-ABPs. (The top five critical amino acids for ABPs are W, K, R, D, and M,
while E, D, T, S, and 𝑁 are the top five critical amino acids for Non-ABPs). (ii) We analyzed some sample peptides that corresponded
to each of the True Positive, True Negative, False Positive, and False Negative categories and identified critical amino acids (see
Section 3.2.2). (iii) We have also shown that the ABP/Non-ABP can be transformed into Non-ABP/ABP by removing the critical
amino acid(s) (see Section 3.2.3).

We also identified ABPs in bacteriocin obtained from the ESKAPEE group of bacteria. We chose the ESKAPEE group of
bacteria because they are highly threatening, drug-resistant, World Health Organization (WHO) critical priority I and II pathogens
that develop resistance mechanisms in response to environmental threat rapidly and thus pose a significant threat among the
drug-resistant microbes [24,25].

The details of XAI-INVENT are shown in Fig. 1, which contains three major components: (i) Extraction of peptides from
roteins: Substrings of length ∈[5,50] are generated to obtain peptides from the input protein sequence. (ii) Ensemble of base
lassifiers: Corresponding to each peptide, the probability scores provided by Bi-GRU, Bi-LSTM, Bi-TCN, and 1DCNN are fused using
oft voting. (iii) Explanation for the prediction using LIME: Corresponding to each peptide, the fused score obtained from the
nsemble classifier is provided to LIME, which provides a heatmap representing the critical amino acids in it. Wet lab researchers

can combine the information from this heatmap with their domain expertise to make certain decisions.
The main contributions of our paper are summarized as follows:

1. We proposed an explainable artificial intelligence-based framework named XAI-INVENT for the rapid discovery of novel
antibiotics.

2. To the best of our knowledge, proposed framework XAI-INVENT is the first of its kind, which not only identifies potent ABPs
from protein sequences but also provides information about the amino acids that play an essential role in classifying a peptide.

3. Using XAI-INVENT, we identified ABPs in bacteriocin obtained from the ESKAPEE group of bacteria, which are highly
threatening drug-resistant WHO priority I and II pathogens.
2 
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Fig. 1. Details of XAI-INVENT.

4. To help researchers find new ABPs from protein sequences, the model has been set up as a web server and is freely accessible
online at https://xai-invent.anvil.app/.

The remaining sections of this work are organized as follows. Section 2 contains details about the dataset and the suggested
framework. Section 3 presents the experiments and results. Identification of ABPs in bacteriocin obtained from the ESKAPEE is
provided in Section 4. Section 5 provides the conclusion and future work.

2. Materials and methods

2.1. Dataset

We prepared dataset 𝐷𝑠 containing 20,648 peptides (ABPs: 10,324, Non-ABPs: 10,324). These peptides have length ∈ [5,50]
and are made up of natural amino acids only. The ABPs, available in 𝐷𝑠, were obtained by compiling the data from the DBAASP
v3 database. First, we queried the DBAASP v3 database for ABPs, which provided us with 131 097 ABPs. Then, the ABPs with non-
natural amino acids were removed, and out of 131 097 ABPs, 100 089 ABPs were left. Afterward, the ABPs that had lengths of more
than fifty and less than five were removed, and we were left with 93 625 sequences. After that, we removed the duplicate sequences
and were left with 10 324 ABPs. Thereafter, an equal number of Non-ABPs were obtained from the Swiss-Prot database [26]
using the similar approach used in the previous works [27–33]. Specifically, for obtaining Non-ABPs from Swiss-Prot, it was
queried for the reviewed, manually annotated proteins that did not contain any of the following keywords: antioxidant, anticancer,
defensin, bacteriocin, antiviral, anti-protist, antiendotoxin, antiparasitic, antitumor, antiprotozoal, antimicrobial, anti-inflammatory,
antibiotic, antibacterial, anti-gram +, anti-gram-, insecticidal, cytokine, antimalarial, anti-MRSA, antifungal, anti-diabetic, anti-TB,
anti-HIV, antibiofilm, anti-toxin, secreted, excreted, effector.

We further divided the 𝐷𝑠 into three sets, namely Training set (𝑆𝑇 𝑟𝑎𝑖𝑛), Test set (𝑆𝑇 𝑒𝑠𝑡), and Validation set (𝑆𝑉 𝑎𝑙). 𝑆𝑇 𝑟𝑎𝑖𝑛 (defined
by Eq. (1)) composed of around 60% peptides, 𝑆𝑉 𝑎𝑙 (defined by Eq. (2)) composed of around 20% peptides, and 𝑆𝑇 𝑒𝑠𝑡 (defined
by Eq. (3)) composed of remaining 20% peptides.

𝑆𝑇 𝑟𝑎𝑖𝑛 = 𝑆𝑇 𝑟𝑎𝑖𝑛
𝐴𝐵 𝑃 𝑠 ∪ 𝑆𝑇 𝑟𝑎𝑖𝑛

𝑁 𝑜𝑛−𝐴𝐵 𝑃 𝑠
where,

𝑆𝑇 𝑟𝑎𝑖𝑛
𝐴𝐵 𝑃 𝑠 ∩ 𝑆𝑇 𝑟𝑎𝑖𝑛

𝑁 𝑜𝑛−𝐴𝐵 𝑃 𝑠 = ∅
|𝑆𝑇 𝑟𝑎𝑖𝑛

𝐴𝐵 𝑃 𝑠| = 6195
|𝑆𝑇 𝑟𝑎𝑖𝑛

𝑁 𝑜𝑛−𝐴𝐵 𝑃 𝑠| = 6195
𝑇 𝑟𝑎𝑖𝑛

(1)
|𝑆 | = 12390
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𝑆𝑉 𝑎𝑙 = 𝑆𝑉 𝑎𝑙
𝐴𝐵 𝑃 𝑠 ∪ 𝑆𝑉 𝑎𝑙

𝑁 𝑜𝑛−𝐴𝐵 𝑃 𝑠
where,
𝑆𝑉 𝑎𝑙
𝐴𝐵 𝑃 𝑠 ∩ 𝑆𝑉 𝑎𝑙

𝑁 𝑜𝑛−𝐴𝐵 𝑃 𝑠 = ∅
|𝑆𝑉 𝑎𝑙

𝐴𝐵 𝑃 𝑠| = 2065
|𝑆𝑉 𝑎𝑙

𝑁 𝑜𝑛−𝐴𝐵 𝑃 𝑠| = 2064
|𝑆𝑉 𝑎𝑙

| = 4129

(2)

𝑆𝑇 𝑒𝑠𝑡 = 𝑆𝑇 𝑒𝑠𝑡
𝐴𝐵 𝑃 𝑠 ∪ 𝑆𝑇 𝑒𝑠𝑡

𝑁 𝑜𝑛−𝐴𝐵 𝑃 𝑠
where,
𝑆𝑇 𝑒𝑠𝑡
𝐴𝐵 𝑃 𝑠 ∩ 𝑆𝑇 𝑒𝑠𝑡

𝑁 𝑜𝑛−𝐴𝐵 𝑃 𝑠 = ∅
|𝑆𝑇 𝑒𝑠𝑡

𝐴𝐵 𝑃 𝑠| = 2064
|𝑆𝑇 𝑒𝑠𝑡

𝑁 𝑜𝑛−𝐴𝐵 𝑃 𝑠| = 2065
|𝑆𝑇 𝑒𝑠𝑡

| = 4129

(3)

2.2. Proposed framework

In the current work, we proposed XAI-INVENT, an explainable artificial intelligence-based framework for the rapid discovery of
ovel antibiotics. For building XAI-INVENT, first, the probability scores provided by Bi-GRU, Bi-LSTM, Bi-TCN, and 1DCNN deep
earning algorithms are fused using a soft voting technique, and then the fused scores are utilized with LIME to identify the critical
mino acids. We performed different experiments (related to the dimensionality of the embedding layer, learning rate, number of
ense layers, number of filters, size of filter, number of neurons, etc.) while choosing the architecture of Bi-GRU, Bi-LSTM, Bi-
CN, and 1DCNN. This section provides the optimal architecture obtained for Bi-GRU, Bi-LSTM, Bi-TCN, and 1DCNN after different
xperiments. The size of input and output corresponding to each layer of Bi-GRU, Bi-LSTM, Bi-TCN, and 1DCNN is shown in Fig. 1.

In Bi-GRU, the first layer is the Input layer, which we use to feed the data (peptides). Before feeding peptides, we performed the
following pre-processing steps: (i) Mapped 20 amino acids to numerical values (K: 1, L: 2, R: 3, A: 4, G: 5, I: 6, V: 7, S: 8, T: 9, F:
10, P: 11, N: 12, E: 13, C: 14, Q: 15, D: 16, Y: 17, W: 18, H: 19, M: 20). (ii) Created all peptides of the same length (=50). Following
this, the Embedding layer is used. This embedding layer learns the vector representation of each amino acid, which is present in the
dictionary. The embedding layer can be initialized with pre-trained embeddings or random weights. In the current study, we utilized
the pre-trained embeddings because they realize the concept of transfer learning, which helps this layer to learn better representation
for each amino acid. These pre-trained embeddings were obtained using the word2vec technique (for each amino acid, word2vec
learns a 200-length vector representation). Following the Embedding layer, we used a 256-neuron Bi-GRU layer (128 neurons in
each GRU layer). In subsequent Section 2.3, we described the Bi-GRU layer, which forms the core parts of our proposed model.
Following the Bi-GRU layer, we utilized the GlobalMaxPooling1D (GMP1D) layer, which accomplishes downsampling by taking the

aximum value throughout the time dimension. Following the GMP1D layer, we employed the Independent component (IC) layer.
The IC layer was introduced in [34], where the authors combined batch normalization with dropout. They conducted numerous
trials and discovered that the IC layer leads to a more stable training process, quick convergence, and enhanced generalization.
The output of the preceding IC layer is routed to dense layers 𝐷1, 𝐷2, and 𝐷3, which contain 128, 64, and 8 neurons, respectively.
Following that, we employed an IC layer, followed by an output layer comprised of one neuron.

In Bi-LSTM, the first layer is the Input layer, which we use to feed the peptides to the model. Following the input layer, the
Embedding layer is used, which utilizes a 500-dimensional word2vec embedding vector. After the Embedding layer, we utilized a
56-neuron Bi-LSTM layer (128 neurons in each LSTM layer). In subsequent Section 2.4, we described the Bi-LSTM layer, which
orms the core parts of our proposed model. After the Bi-LSTM layer, we used the GMP1D layer, followed by the IC layer. The output
rom the preceding IC layer is fed to dense layers 𝐷1, 𝐷2, and 𝐷3 comprising 128, 64, and 8 neurons, respectively. Next, we used

the IC layer followed by the output layer comprising one neuron.
In Bi-TCN, the first layer is the Input layer, which we use to feed the peptides to the model. Following the input layer, the

Embedding layer is used, which utilizes a 200-dimensional word2vec embedding vector. After the Embedding layer, we utilized a
256-neuron Bi-TCN layer (128 neurons in each TCN layer). In subsequent Section 2.5, we described the Bi-TCN layer, which forms
the core parts of our proposed model. After Bi-TCN layer, we used the GMP1D layer, followed by the IC layer. The output from the
preceding IC layer is fed to dense layers 𝐷1, 𝐷2, and 𝐷3 comprising 128, 64, and 8 neurons, respectively. Next, we used an output
layer comprising one neuron.

In 1DCNN, the first layer is the Input layer, which we use to feed the peptides to the model. Following the input layer, the
mbedding layer is used, which utilizes a 200-dimensional word2vec embedding vector. After the Embedding layer, we utilized a

256-neuron 1DCNN layer. In subsequent Section 2.6, we described the 1DCNN layer, which forms the core parts of our proposed
model. After 1DCNN layer, we used the GMP1D layer. The output from the preceding GMP1D layer is fed to dense layers 𝐷1 and
𝐷2 comprising 64 and 8 neurons, respectively. Next, we used an output layer comprising one neuron.

We used the rectified linear unit (ReLU) activation function (defined by Eq. (4)) with each of Bi-GRU, Bi-LSTM, Bi-TCN, 1DCNN,
and dense layer.
4 
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𝑅𝑒𝐿𝑈 (𝑥) =
{

0, if 𝑥 ≤ 0
𝑥, if 𝑥 > 0

(4)

The sigmoid (Sig) activation function (defined by Eq. (5)) is used with the output layer of Bi-GRU, Bi-LSTM, Bi-TCN, and 1DCNN.

𝑆 𝑖𝑔(𝑥) = 1
1 + 𝑒−𝑥

(5)

This output layer provides the probability score.
The optimizer used with each of Bi-GRU, Bi-LSTM, Bi-TCN, and 1DCNN is Adam, which uses exponential moving averages 𝑟𝑡

and 𝑠𝑡 of the gradient 𝑔𝑡 and 𝑔2𝑡 . Both 𝑟𝑡 and 𝑠𝑡 are initialized using zero vectors, and their values are updated with each iteration
𝑡. Adam’s parameter update for each iteration 𝑡 is represented by Eqs. (6)–(11) .

𝑔𝑡 =
𝜕 𝐿
𝜕 𝑤

|

|

|𝑤𝑡−1
(6)

𝑟𝑡 = 𝛼 𝑟𝑡−1 + (1 − 𝛼)𝑔𝑡 (7)

𝑟̂𝑡 =
𝑟𝑡

1 − 𝛼𝑡
(8)

𝑠𝑡 = 𝛽 𝑠𝑡−1 + (1 − 𝛽)𝑔2𝑡 (9)

𝑠̂𝑡 =
𝑠𝑡

1 − 𝛽𝑡
(10)

𝑤𝑡 = 𝑤𝑡−1 − 𝜂(
𝑟̂𝑡

√

𝑠̂𝑡 + 𝜖
) (11)

where 𝜖 is used to handle division by zero condition, 𝛼 and 𝛽 are used to handle the decay rates of 𝑟𝑡 and 𝑠𝑡, respectively, and 𝜂
= 10−5) denotes the learning rate. The EarlyStopping approach is used to deal with the problem of overfitting. This technique stops
he training of the model when the validation loss starts increasing. We combined the predictions from the base classifiers utilized
sing the soft voting technique (Algorithm 1) to obtain the final predictions. The LIME algorithm (Section 2.8, Algorithm 2) is then

utilized with this fused score for determining the critical amino acids.

Algorithm 1 : Ensemble of base classifiers
Input: Base classifiers (Bi-GRU, Bi-LSTM, Bi-TCN, 1DCNN), query peptide Q.
Output: Class C (= 0 for Non-ABP and 1 for ABP) and

Probability P (∈ [0,1]) corresponding to ABP
for query peptide Q

/* Probability values ( 𝑃1, .., 𝑃4 ) are provided by Models ( Bi-GRU, Bi-LSTM, Bi-TCN, 1DCNN ) for query sequence 𝑄 */

1: 𝑃1 ← Bi-GRU (Q)
2: 𝑃2 ← Bi-LSTM (Q)
3: 𝑃3 ← Bi-TCN (Q)
4: 𝑃4 ← 1DCNN (Q)
5: P ←

(𝑃1+𝑃2+𝑃3+𝑝4)
4

6: if 𝑃 > 0.5 then
7: C←1
8: else
9: C←0

10: end if
11: Return 𝐶, 𝑃

Algorithm 2 : Local interpretable model-agnostic explanations (LIME)
Input: Ensemble Classifier 𝐸𝑛, query peptide Q
Output: Weights 𝑊𝐿𝑅 learned by the Linear Regression

1: 𝑋𝑙 𝑖𝑚𝑒 ← Perturbations around the query peptide Q
2: 𝑌𝑙 𝑖𝑚𝑒 ← 𝐸𝑛 (𝑋𝑙 𝑖𝑚𝑒)
3: 𝑊𝑃 ← Proximity (Q)
4: 𝐿𝑅 ← Linear Regression.fit(𝑋𝑙 𝑖𝑚𝑒,𝑌𝑙 𝑖𝑚𝑒,𝑊𝑃 )
5: Return 𝑊𝐿𝑅
5 
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2.3. Gated recurring units

The GRU is formed up of repeating cells. Cell accepts 𝑣𝑡 and ℎ𝑡−1 as inputs and produces ℎ𝑡 at each time step 𝑡 (1 ≤ t ≤ 50).
Each cell’s computing steps are described by the Eqs. (12)–(15)

𝑢𝑡 = 𝑠𝑖𝑔 𝑚𝑜𝑖𝑑(𝑊𝑢𝑥𝑡 + 𝑏𝑢) (12)

𝑠𝑡 = 𝑠𝑖𝑔 𝑚𝑜𝑖𝑑(𝑊𝑠𝑥𝑡 + 𝑏𝑠) (13)

𝑐𝑡 = 𝑡𝑎𝑛ℎ(𝑊𝑐 [𝑠𝑡 ⊗ ℎ𝑡−1, 𝑣𝑡] + 𝑏𝑐 ) (14)

ℎ𝑡 = (1 − 𝑢𝑡)⊗ ℎ𝑡−1 + 𝑢𝑡 ⊗ 𝑐𝑡 (15)

In the above equations, ⊗ denotes the element-wise multiplication operation, ∥ denotes the concatenate operator, 𝑣𝑡 represent
embedding vector, 𝑥𝑡 provides the result obtained by concatenating ℎ𝑡−1 and 𝑣𝑡, 𝑢𝑡 represent update gate, 𝑠𝑡 represent reset gate, 𝑐𝑡
represent candidate state, (𝑊𝑢, 𝑏𝑢) represent the weights and biases of the update gate, (𝑊𝑠, 𝑏𝑠) represent the weights and biases of
the reset gate, (𝑊𝑐 , 𝑏𝑐) represent the weights and biases of the candidate state.

2.4. Long short-term memory

The LSTM is formed up of repeating cells. At each time step 𝑡 (1 ≤ t ≤ 50), the input to the cell is 𝑣𝑡, ℎ𝑡−1 and 𝑐𝑡−1 and it provides
ℎ𝑡, 𝑐𝑡 as output. Each cell’s computing steps are described by the Eqs. (16)–(20):

𝑖𝑡 = 𝑠𝑖𝑔 𝑚𝑜𝑖𝑑(𝑊𝑖𝑥𝑡 + 𝑏𝑖) (16)

𝑓𝑡 = 𝑠𝑖𝑔 𝑚𝑜𝑖𝑑(𝑊𝑓𝑥𝑡 + 𝑏𝑓 ) (17)

𝑐𝑡 = (𝑓𝑡 ⊗ 𝑐𝑡−1)⊕
(𝑖𝑡 ⊗ 𝑡𝑎𝑛ℎ(𝑊𝑐𝑥𝑡 + 𝑏𝑐 ))

(18)

𝑜𝑡 = 𝑠𝑖𝑔 𝑚𝑜𝑖𝑑(𝑊𝑜𝑥𝑡 + 𝑏𝑜) (19)

ℎ𝑡 = 𝑜𝑡 ⊗ 𝑡𝑎𝑛ℎ(𝑐𝑡) (20)

In the above equations, ⊗ denotes the element-wise multiplication operation, ⊕ denotes the element-wise addition operation,
𝑣𝑡 represent embedding vector, 𝑥𝑡 provides the result obtained by concatenating ℎ𝑡−1 and 𝑣𝑡, 𝑖𝑡 represent input gate, 𝑓𝑡 represent
forget gate, 𝑐𝑡 represent cell state, 𝑜𝑡 represent output gate, ℎ𝑡 represent hidden state, (𝑊𝑖, 𝑏𝑖) represent the weights and biases of
𝑡, (𝑊𝑓 , 𝑏𝑓 ) represent the weights and biases of 𝑓𝑡, (𝑊𝑐 , 𝑏𝑐) represent the weights and biases of 𝑐𝑡, (𝑊𝑜, 𝑏𝑜) represent the weights
nd biases of 𝑜𝑡.

2.5. Temporal convolutional network

TCNs [35–40] are deep learning architectures that are created by altering Convolutional Neural Networks (CNNs). TCN, as
pposed to ordinary convolution, employs dilated casual convolution. The following are some TCN-related concepts:

(i) Causal convolutional:
For getting the output at time t, the input from time 0 to t is considered (ii) Dilations: The receptive field scales linearly with

depth, which is the major disadvantage of causal convolutional. This requires the employment of multiple layers to extend the
receptive field. This can be fixed by combining dilations (skipping values between convolutional inputs) with casual convolutions.
iii) Receptive Field: The maximum number of steps a filter can take back in time. Let 𝐷(𝑖) signify the dilation corresponding to
ayer 𝑖, 𝐹 (𝑖) represent the number of time steps that the dilated causal convolution layer 𝑖 can perceive, 𝑠 denote the kernel size, and
represents the number of dilations. The receptive field 𝐹 (𝑛) (defined by Eq. (26)) for dilated causal convolutions can be calculated

as follows:

𝐹 (𝑛) = 𝐹 (𝑛 − 1) + (𝑠 − 1)𝐷(𝑛) (21)

𝐹 (𝑛 − 1) = 𝐹 (𝑛 − 2) + (𝑠 − 1)𝐷(𝑛 − 1) (22)

𝐹 (2) = 𝐹 (1) + (𝑠 − 1)𝐷(2) (23)

𝐹 (1) = 1 + (𝑠 − 1)𝐷(1) (24)

Substituting Eqs. (22)–(24) in Eq. (21):

𝐹 (𝑛) = 1 + (𝑠 − 1)(𝐷(1) +⋯ +𝐷(𝑛 − 1) +𝐷(𝑛)) (25)
6 
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If dilation increases exponentially then D(1) = 20, D(2) = 21, D(3) = 22, . . . ., D(n-1) = 2𝑛−2, D(n) = 2𝑛−1. Substituting these values
n Eq. (25) we get:

𝐹 (𝑛) = 1 + (𝑠 − 1)(20 + 21 + 22 +⋯ + 2𝑛−2 + 2𝑛−1)
= 1 + (𝑠 − 1)(2𝑛 − 1) (26)

Residual blocks are utilized in TCN to avoid vanishing and exploding gradient problems. Each block has two identical dilated
causal convolutions. The block’s outputs are obtained by adding the final convolution results to the inputs.

2.6. 1D convolutional neural networks

The convolution operation is the basis of 1D convolutional neural networks (1DCNN). CNN was designed initially to detect
patial patterns in images. This was performed by moving a small window horizontally and vertically across an image, followed
y a convolution operation. In the case of peptides, the convolution operation necessitates that the window evaluates the entire
mbedding vector of each amino acid. As a result, the window’s width becomes fixed, and it can only move in one direction. As a
esult, the convolution operation is referred to as a 1D convolution operation, and CNN is referred to as a 1DCNN.

2.7. Ensemble of base classifiers

Wet-lab researchers employ in-silico tools to select peptides for wet-lab synthesis and analysis. Thus, even marginal enhancements
n the tool’s efficacy can save their time and money. The BiGRU, BiLSTM, BiTCN, and 1DCNN algorithms are heterogeneous.
herefore, peptides misclassified by the classifiers corresponding to any of these algorithms may be accurately classified by
thers. Moreover, the resultant prediction obtained by combining the predictions from these diverse classifiers can enhance overall
erformance. Motivated by this, we ensembled the predictions of BiGRU, BiLSTM, BiTCN, and 1DCNN algorithms using a soft voting
lgorithm (Algorithm 1). This soft voting algorithm considers the probability scores of each base model and calculates the weighted

average of these probabilities to make the final prediction.

2.8. Local interpretable model-agnostic explanations (LIME)

LIME stands for local interpretable model-agnostic explanations. This technique faithfully explains any black-box model’s
predictions by approximating it locally with an interpretable model. To do so, LIME first generates a new dataset by executing
random perturbations around the query point. After this, predictions are made for the newly created dataset using the black-box

odel (for which interpretability is required). In addition to prediction, the newly created samples are weighted according to their
closeness to the query point. Then, an interpretable linear model is trained, and the weights learned are used to unbox the black-box
model for the query point. The algorithm for LIME is given by Algorithm 2. Corresponding to each amino acid of the peptide, LIME
ssociates a weight value w ∈[−ve, 0, +ve]. If w is +ve, then it means that amino acid contributes towards +ve prediction (ABP). If
 is −ve, then it means that amino acid is contributing towards −ve prediction (Non-ABP). For better visualization, these weights
re shown as a heatmap where +ve values are represented by red and −ve values are represented by blue. Our hypothesis is that if
he LIME is working perfectly, then the weightage of red-colored amino acids will be more than the blue-colored amino acids for
he sequences that are predicted as ABP (The red-colored amino acids are known as critical amino acids in this case because these
mino acids are responsible for the prediction of sequence as ABP), whereas the weightage of blue colored amino acids must be

greater than red colored amino acids for the sequences which are predicted as Non-ABP (The blue colored amino acids are known
as critical amino acids in this case because these amino acids are responsible for the prediction of sequence as Non-ABP). To verify
the correctness of LIME, we performed different experimentations as shown in Sections 3.2.2 and 3.2.3.

3. Experiments and results

The results obtained from various experiments conducted before finalizing the ensemble classifier 𝐸𝑛 are presented in this section.
his section also includes the outcomes of different experiments we carried out using LIME. To implement XAI-INVENT, we utilized
he Keras library with Tensorflow as the backend. We used various performance metrics defined by Eqs. (27)–(32) to access the

performance. These metrics are described in terms of the following:

• True Positive (TP): Peptides correctly classified as ABPs.
• True Negative (TN): Peptides correctly classified as Non-ABPs.
• False Positive (FP): Peptides misclassified as ABPs.
• False Negative (FN): Peptides misclassified as Non-ABPs.

Accuracy (𝐴𝑐 𝑐): Ratio of accurately classified peptides to the total number of peptides.

𝐴𝑐 𝑐 = 𝑇 𝑁 + 𝑇 𝑃
𝐹 𝑃 + 𝑇 𝑁 + 𝑇 𝑃 + 𝐹 𝑁 (27)
7 



R. Sharma et al.

p

b

d
B
B
(
e

(
t

Computers and Electrical Engineering 123 (2025) 110098 
Table 1
Result obtained for 𝑆𝑉 𝑎𝑙 from Bi-GRU, Bi-LSTM, Bi-TCN and 1DCNN.

Algorithm 𝐴𝑐 𝑐 (%) 𝑆𝑛 (%) 𝑃𝑟 (%) 𝐹𝑠 (%) 𝑆𝑝 (%) MCC (*100)

Bi-GRU 95.37 94.91 95.79 95.35 95.83 90.75
Bi-LSTM 95.22 94.62 95.78 95.20 95.83 90.46
Bi-TCN 95.64 95.69 95.59 95.64 95.59 91.28
1DCNN 95.03 95.10 94.97 95.03 94.96 90.07

Table 2
Results obtained for 𝑆𝑉 𝑎𝑙 from the ensemble classifiers constructed by combining any two of the Bi-GRU, Bi-LSTM, Bi-TCN, and
1DCNN algorithms.

Algorithm 𝐴𝑐 𝑐 (%) 𝑆𝑛 (%) 𝑃𝑟 (%) 𝐹𝑠 (%) 𝑆𝑝 (%) MCC (*100)

LG-SV 95.44 94.76 96.07 95.41 96.12 90.90
LT-SV 96.00 95.54 96.43 95.98 96.46 92.01
LC-SV 95.64 94.72 96.49 95.60 96.56 91.29
GT-SV 96.02 95.73 96.29 96.01 96.31 92.05
GC-SV 95.81 95.35 96.23 95.79 96.26 91.62
TC-SV 95.49 95.35 95.62 95.48 95.63 90.99

Table 3
Result obtained for 𝑆𝑉 𝑎𝑙 from the ensemble classifiers constructed by combining any three of the Bi-GRU, Bi-LSTM, Bi-TCN, and
1DCNN algorithms.

Algorithm 𝐴𝑐 𝑐 (%) 𝑆𝑛 (%) 𝑃𝑟 (%) 𝐹𝑠 (%) 𝑆𝑝 (%) MCC (*100)

LGT-SV 96.19 95.49 96.85 96.17 96.89 92.40
LGC-SV 96.24 95.35 97.09 96.21 97.14 92.50
LTC-SV 95.90 95.30 96.47 95.88 96.51 91.82
GTC-SV 95.93 95.35 96.47 95.90 96.51 91.86

Sensitivity (𝑆𝑛): Correct prediction ratio of positive samples. It is also known as recall or TPR.

𝑆𝑛 =
𝑇 𝑃

𝐹 𝑁 + 𝑇 𝑃 (28)

Precision (𝑃𝑟): Ratio of accurately classified ABPs to the total peptides that were classified as ABPs. It is also known as the
ositive predictive value (PPV).

𝑃𝑟 =
𝑇 𝑃

𝑇 𝑃 + 𝐹 𝑃 (29)

F1-Score (𝐹𝑠): Harmonic mean of 𝑆𝑛 and 𝑃𝑟.

𝐹𝑠 =
2 × 𝑆𝑛 × 𝑃𝑟
𝑆𝑛 + 𝑃𝑟

(30)

Specificity (𝑆𝑝): Ratio of accurately classified Non-ABPs to the actual Non-ABPs present in the dataset. It is also known as true
negative rate (TNR).

𝑆𝑝 =
𝑇 𝑁

𝑇 𝑁 + 𝐹 𝑃 (31)

Matthews correlation coefficient (MCC): Provides the correlation between actual and predicted values and is regarded as the
est metric to evaluate the performance of the model on an imbalanced dataset.

𝑀 𝐶 𝐶 =
(𝑇 𝑃 × 𝑇 𝑁) − (𝐹 𝑃 × 𝐹 𝑁)

√

(𝑇 𝑁 + 𝐹 𝑃 ) × (𝑇 𝑃 + 𝐹 𝑁) × (𝑇 𝑃 + 𝐹 𝑃 ) × (𝑇 𝑁 + 𝐹 𝑁)
(32)

3.1. Results from various experiments performed before arriving at ensemble classifier 𝐸𝑛

We developed an ensemble classifier 𝐸𝑛 by employing a soft voting technique with the Bi-GRU, Bi-LSTM, Bi-TCN, and 1DCNN
eep learning algorithms. Before arriving at this decision, we conducted the following experiments: (i) Build classifiers using Bi-GRU,
i-LSTM, Bi-TCN, and 1DCNN algorithms taking one at a time (ii) Build ensemble classifiers by combining 2 of Bi-GRU, Bi-LSTM,
i-TCN and 1DCNN algorithms (iii) Build ensemble classifiers by combining 3 of Bi-GRU, Bi-LSTM, Bi-TCN and 1DCNN algorithms
iv) Build ensemble classifiers by combining all Bi-GRU, Bi-LSTM, Bi-TCN and 1DCNN algorithms. For conducting the aforementioned
xperiments 𝑆𝑇 𝑟𝑎𝑖𝑛 was used as training data, and 𝑆𝑉 𝑎𝑙 was used as validation data.

The results obtained from Bi-GRU, Bi-LSTM, Bi-TCN, and 1DCNN taking one at a time are shown in Table 1 and their comparison
in terms of composite metrics is provided in Fig. 2. As can be seen from this figure, Bi-TCN performed the best.

The results obtained by combining any 2 of Bi-GRU, Bi-LSTM, Bi-TCN, 1DCNN algorithms using soft voting (Where LG-SV, LT-SV,
LC-SV, GT-SV, GC-SV, TC-SV represent soft voting used with (Bi-LSTM and Bi-GRU), (Bi-LSTM and Bi-TCN), (Bi-LSTM and 1DCNN),
Bi-GRU and Bi-TCN), (Bi-GRU and 1DCNN), (Bi-TCN and 1DCNN), respectively) are shown in Table 2 and their comparison in
erms of composite metrics is provided in Fig. 3. As can be seen from this figure, GT-SV performed the best.
8 



R. Sharma et al. Computers and Electrical Engineering 123 (2025) 110098 
Table 4
Result obtained for 𝑆𝑉 𝑎𝑙 from the ensemble classifier constructed by combining Bi-GRU, Bi-LSTM, Bi-TCN and 1DCNN algorithms.

Algorithm 𝐴𝑐 𝑐 (%) 𝑆𝑛 (%) 𝑃𝑟 (%) 𝐹𝑠 (%) 𝑆𝑝 (%) MCC (*100)

LGTC-SV 96.29 95.39 97.14 96.26 97.18 92.60

Table 5
Results obtained for 𝑆𝑇 𝑒𝑠𝑡 by the selected ensemble classifier (LGTC-SV).

Algorithm 𝐴𝑐 𝑐 (%) 𝑆𝑛 (%) 𝑃𝑟 (%) 𝐹𝑠 (%) 𝑆𝑝 (%) MCC (*100)

Bi-GRU 95.08 94.52 95.59 95.05 95.64 90.17
Bi-LSTM 95.34 95.00 95.65 95.33 95.69 90.70
Bi-TCN 95.54 95.63 95.45 95.54 95.44 91.08
1DCNN 95.34 95.00 95.65 95.33 95.69 90.70
LGTC-SV 96.17 95.63 96.66 96.15 96.70 92.35

Fig. 2. Comparison of results obtained from Bi-GRU, Bi-LSTM, Bi-TCN and 1DCNN taking one at a time.

The results obtained by combining any 3 of Bi-GRU, Bi-LSTM, Bi-TCN, and 1DCNN algorithms using soft voting (Where LGT-SV,
LGC-SV, LTC-SV, GTC-SV represent soft voting used with (Bi-LSTM, Bi-GRU, and Bi-TCN), (Bi-LSTM, Bi-GRU, and 1DCNN), (Bi-LSTM,
Bi-TCN, and 1DCNN), (Bi-GRU, Bi-TCN, and 1DCNN), respectively) are shown in Table 3 and their comparison in terms of composite
metrics are provided in Fig. 4. As can be seen from this figure, LGC-SV performed the best.

The results obtained by combining all Bi-GRU, Bi-LSTM, Bi-TCN, and 1DCNN algorithms using soft voting are shown in Table 4
(LGTC-SV)

The best results from all the cases (Bi-TCN, GT-SV, LGC-SV and LGTC-SV) are compared in Fig. 5. As can be seen from this figure,
LGTC-SV performed the best. Therefore, we have considered this as our classifier in the proposed framework.

𝑆𝑇 𝑒𝑠𝑡 was not utilized for hyperparameter tuning or training. Therefore, it was used to access the actual performance of LGTC-SV,
and the results obtained are provided in Table 5. As can be seen from this table, the performance obtained by LGTC-SV for 𝑆𝑇 𝑒𝑠𝑡
is almost similar to that obtained for 𝑆𝑉 𝑎𝑙. The reason for the better performance of 𝐸𝑛 and similar performance attained by 𝐸𝑛
for both 𝑆𝑇 𝑒𝑠𝑡 and 𝑆𝑉 𝑎𝑙 is its stability (The deep learning algorithms which are utilized in 𝐸𝑛 are heterogeneous. As a result, the
peptide that got misclassified by one model got correctly classified by another. Therefore, the aggregate result of multiple models
is less noisy than that of the individual model, leading to model stability and robustness).

3.2. Results from various experiments conducted using LIME

3.2.1. Global predictions based on LIME
We applied LIME to peptides in 𝐷𝑠 and identified amino acids that are present as critical amino acids in most of (i) ABPs: obtained

by calculating the mean of positive weights attained by each amino acid (see Fig. 6). (ii) Non-ABPs: obtained by calculating the
mean of negative weights attained by each amino acid (see Fig. 7). The top five critical amino acids for ABPs are W, K, R, D, and
M, while E, D, T, S, and N are the top five critical amino acids for Non-ABPs. We discovered that certain amino acids are working
as critical amino acids in both ABPs and Non-ABPs (like D is present in the top 5 critical amino acids for both ABPs and Non-ABPs).
The reason for this can be understood by considering the following two sentences from the sentiment analysis task: (i) This movie
9 
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Fig. 3. Comparison of results obtained by combining any two of Bi-GRU, Bi-LSTM, Bi-TCN and 1DCNN.

Fig. 4. Comparison of results obtained by combining any three of Bi-GRU, Bi-LSTM, Bi-TCN and 1DCNN.

Fig. 5. Comparison of the best results obtained for all the cases.
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Fig. 6. Mean contribution of amino acid towards ABP class.

Fig. 7. Mean contribution of amino acid towards Non-ABP class.

is not bad, and (ii) This movie is not good. The word ‘‘not’’ contributes towards positive sentiment in (i), whereas it contributes
towards negative sentiment in (ii).

3.2.2. LIME for representative peptides
The predictions made by LIME for sample peptides from each of the True Positive, True Negative, False Positive and False

Negative categories are shown in Fig. 8(A), (B), (C) and (D), respectively. From Fig. 8(A), we can see that the weightage of
red-colored amino acids is high compared to blue-colored amino acids. Therefore, the model has classified the peptide as ABP.
Similarly, Fig. 8(C) shows the high weightage of red-colored amino acids compared to blue-colored amino acids, leading to the
wrong prediction of Non-ABP as ABP.

From Fig. 8(B), we can see that the weightage of blue-colored amino acids is high compared to red-colored amino acids.
Therefore, the model has classified the peptide as Non-ABP. Similarly, Fig. 8(D) shows the high weightage of blue-colored amino
acids compared to red-colored amino acids, leading to the wrong prediction of ABP as Non-ABP.

3.2.3. Transformation of ABP/Non-ABP to Non-ABP/ABP
By eliminating red-colored amino acid(s) (responsible for moving the peptide prediction towards ABP), the ABP can be converted

to Non-ABP. Fig. 8(A) shows a heatmap of predictions made by LIME for sample ABP, and Fig. 9(A) shows a heatmap of predictions
made by LIME for the same ABP after removing critical amino acid (s). The critical amino acids removed from 1st peptide are R
and C, present at positions 1 and 3, respectively. The critical amino acids removed from 2nd peptide are H, L, and K, present at
positions 8, 9, and 11, respectively. The critical amino acid removed from the 3rd peptide is W, present at position 1. The critical
11 
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Fig. 8. Predictions made by LIME for sample peptides from each of (A) True Positive, (B) True Negative, (C) False Positive and (D) False Negative categories.

amino acids removed from the 4th peptide are K, and K, present at positions 1, and 7, respectively. The critical amino acid removed
from the 5th peptide is W, which is present at position 3. The probability values obtained from the ensemble classifier 𝐸𝑛 for these
five peptides before and after removing the aforementioned critical amino acid(s) are (0.98, 0.85, 0.93, 0.94, 0.98) and (0.39, 0.06,
0.40, 0.13, 0.27), respectively. These probability scores (for each of the five peptides, initially, the probability score was greater
than o.5, and after the removal of critical amino acids, the probability score for each of the peptides became more than 0.5) show
the transformation of ABPs to Non-ABPs on the removal of critical amino acid(s).

Similarly, by eliminating the blue-colored amino acid(s) (responsible for moving the peptide prediction towards Non-ABP), the
Non-ABP can be converted to ABP. Fig. 8(B) shows a heatmap of predictions made by LIME for sample Non-ABP, and Fig. 9(B)
shows a heatmap of predictions made by LIME for the same Non-ABP after removing critical amino acid (s). The critical amino
acids removed from 1st peptide are D and P, present at positions 9 and 13, respectively. The critical amino acids removed from
the 2nd peptide are S and D, present at positions 2 and 6, respectively. The critical amino acids removed from the 3rd peptide
are T and E, present at positions 2 and 8, respectively. The critical amino acids removed from the 4th peptide are Q, D, P, and D,
present at positions 2, 4, 16, and 18, respectively. The critical amino acids removed from the 5th peptides are T, G, and T, present
at positions 3, 8, and 12, respectively. The probability values obtained from the ensemble classifier 𝐸𝑛 for these five peptides before
and after removing the aforementioned critical amino acid(s) are (0.31, 0.16, 0.36, 0.25, 0.08) and (0.97, 0.93, 0.99, 0.95, 0.94),
respectively. These probability scores (for each of the five peptides, initially, the probability score was less than o.5, and after the
12 
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Fig. 9. (A) Conversion of ABP to Non-ABP after removing critical amino acid (s) (B) Conversion of Non-ABP to ABP after removing critical amino acid (s).

removal of critical amino acids, the probability score for each of the peptides became more than 0.5) show the transformation of
Non-ABPs to ABPs on the removal of the critical amino acid(s).

4. Prediction of ABPS in the bacteriocin obtained from the ESKAPEE group of bacteria

Corresponding to bacteriocin obtained for each bacteria from the ESKAPEE group (details are provided in Table 6), we proposed
one ABP using the following steps: (i) Utilized XAI-INVENT, which provided probability score and heatmap corresponding to each
ABP identified from the protein sequences. (ii) Considered the ABPs from the previous step which have length ∈ [20, 30] and
then sorted them in decreasing order of probability (iii) Obtained the helical wheel representation (generated using the HeliQuest
web server [41] available at https://heliquest.ipmc.cnrs.fr/) and structure (obtained from PEP-FOLD3 web server [42] available
at https://bioserv.rpbs.univ-paris-diderot.fr/services/PEP-FOLD3/) for the ABPs obtained from the previous step (iv) Identified
the topmost ABP from the previous step, which displays good helical wheel representation and structure both. (v) Proved the
novelty of the ABP obtained from the previous step. For this, we first performed the protein–protein BLAST (Blastp) of the
peptide identified in (iv) with respect to the available ABPs. Then, we used the commonly used alignment tool accessible at
https://www.uniprot.org/align/ to align the highest-ranked ABP produced by Blastp with the corresponding query ABP. We noticed
that 100% alignment is not there, confirming the uniqueness of our peptide.

To aid wet-lab researchers, we made XAI-INVENT available as a web app at https://xai-invent.anvil.app/. The web server accepts
as input the protein sequence and length ∈ [5, 50] (on the basis of which the peptide library is generated) and returns ABPs with
probability scores and a heatmap produced from LIME for the top peptide. Fig. 10 shows the output from the web server for the
sample bacteriocin protein of Enterococcus faecium.

5. Conclusion and future perspective

The failure of antibiotics underscores the necessity for the development of new antimicrobial medications. Antimicrobial peptides
(ABPs) are present in all multicellular animals and offer various advantages over conventional antibacterial drugs. Therefore, they
have garnered considerable attention as an alternative . However, the process of identifying ABPs from natural sources is time-
consuming and labor-intensive. Thus, wet-lab researchers use in-silico tools to detect ABPs. But, the current tools available for this
purpose are black boxes. Therefore, in this study, we introduce XAI-INVENT, an explainable artificial intelligence-based framework
for the rapid discovery of novel antibiotics. To construct XAI-INVENT, we first combine the probability scores generated by deep
learning algorithms using a soft voting technique. Subsequently, these combined scores are fed into the LIME algorithm to identify
the critical amino acids. The performance metrics of the proposed framework on test data, namely 𝐴𝑐 𝑐 , 𝑆𝑛, 𝑃𝑟, 𝐹𝑠, 𝑆𝑝, and MCC,
are approximately 96, 96, 97, 96, 97, and 92, respectively. Using the proposed model, we detected ABPs in the bacteriocin of the
ESKAPEE group of bacteria. Additionally, to assist wet-lab researchers, we have made XAI-INVENT accessible as a web application
at https://xai-invent.anvil.app/.

Antibiotic resistance is a severe worldwide health concern that reduces the effectiveness of conventional medications against
common bacterial infections. ABPs offer numerous advantages over traditional antibiotics, which has led to a significant surge in
13 
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Table 6
Antibacterial peptides derived from bacteriocin of the ESKAPEE group of bacteria and proposed for wet-lab synthesis and experimentation.
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Fig. 10. Web server corresponding to XAI-INVENT.

attention towards them as viable alternatives to existing antibiotic options. As a result, the amount of experimentally validated ABP-
related data is steadily expanding. The main drawback of the proposed system is its inability to learn continually from new data.
As a result, it will become obsolete with time. Therefore, the proposed framework can be improved in the future by incorporating
the concept of continual learning, in which a model continuously learns from ABP-related data over time. This will enable the
framework to incrementally acquire, update, and exploit knowledge throughout its lifetime and prevent it from becoming obsolete
over time.

Another limitation of the current study is that bacteria-specific information is not considered. As a result, the proposed framework
will not provide the effectiveness of the identified ABP on the particular bacteria (i.e., at what concentration will the ABP be effective
on specific bacteria). In the future, this work can be expanded to create a two-stage cascade model. The first stage will identify the
novel ABP, while the second stage will provide information about the concentration at which the identified ABP will be effective
on specific bacteria.

The current work can be enhanced in the future by incorporating a more thorough analysis of the following : (i) Positional
importance: Examining whether the ABP classification exhibits positional preferences (e.g., if beginning or ending peptide segments
are more influential). (ii) Higher-level structure: Although the current analysis concentrates on the contributions at the amino
acid level, the examination of sub-sequence structures could provide more valuable insights. (iii) Automated transformation: The
development of a deep learning-based approach to identify the minimal number of mutations necessary to convert non-ABPs to
ABPs (and vice versa).
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