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ABSTRACT Cancer treatment is a challenging endeavor because of the intricacy, heterogeneity, and diversity
of cancer causes. Comprehensive therapeutic approaches are crucial for cancer treatment. Anticancer
peptides (ACPs) present a potentially effective therapeutic option. However, the extensive identification and
synthesis of these peptides present a persistent difficulty that calls for the creation of effective prediction
techniques. Existing techniques either suffer from low accuracy or employ high-dimensional feature sets,
frequently producing sparse features and leading to ineffective model designs. This work presents a novel
set of features and a long-short-term-memory (LSTM)-based classification strategy to create an efficient
model. The suggested feature set includes three new and two modern feature extraction methods. The binary
profile feature and k-mer sparse matrix of the reduced amino acid alphabet are part of the modern feature
set. The combination of the composition of the K-spaced side chain pairs (CKSSCP), the composition of
the K-spaced electrically charged side chain pairs (CKSECSCP), and the combination of [pk(CO2H)] +
[pk(NH2)] + [pk(R)] + [isoelectric point] is used to derive the novel features. The suggested LSTM model
is trained using the combined feature set. The trials are carried out with a k-fold cross-validation method on
benchmark datasets. The results indicate that the proposed model outperforms alternative ACP classification
techniques in terms of Mathew’s correlation coefficient (MCC) and accuracy. The ACP740 dataset with
5-folds yields an MCC score of 75%, which is 12%, 11%, 3%, and 8% greater than those of the ACP-DL,
ACP-DA, ACP-MHCNN, and ACP-KSRC approaches, respectively. For the ACP344 dataset with 10-folds,
the proposedmethod achieves anMCC score of 85.14%,which is 23% and 2%higher than theMCC scores of
ACP-DL and SAPmethods, respectively. Better classification performance offered by the proposed approach
could help identify new ACPs and better understand their structural and chemical characteristics. The source
code and the datasets are available on the author’s GitHub page (https://github.com/Shujaat123/ACP-LSTM-
NFR).
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INDEX TERMS Anticancer peptides (ACPs), composition of K-spaced amino-acid pairs (CKSAAP), long-short-
term-memory (LSTM), composition of the K-spaced side chain pairs (CKSSCP), composition of the K-spaced
electrically charged side chain pairs (CKSECSCP), isoelectric point (pI).

I. INTRODUCTION
Healthy cells in the human body develop and reproduce
through division, an important process for maintaining the
body’s population of healthy cells. Cells die as they age
or become damaged, making room for new, healthy ones.
However, cancer disrupts the process of healthy cell repro-
duction through an uncontrolled expansion of damaged cells.
When damaged, these cells multiply uncontrollably, poten-
tially leading to grave effects, including death [1]. Several
procedures are used to restrict unregulated cell development,
such as surgery, radiation therapy, and chemotherapy [2].
However, these procedures typically have major adverse
effects and can cause severe discomfort [3].
The discovery of peptides significantly advanced the

medical field in the avenues of disease treatment [4] and drug
discovery [5]. Several well-known peptides have emerged,
such as anti-oxidant peptides (AoP) [6], anti-microbial
peptides (AMPs) [7], anti-cancer peptides (ACPs) [8], and
others. These peptides, like others, typically consist of a chain
of several amino acids derived from natural sources such as
animals and plants. Advances in synthetic biology have also
significantly expanded the range and functionality of peptides
used in research and therapeutics. This unique therapeutic
approach is recommended due to its specific targeting of
cancer cells. Unlike chemotherapy, this approach selectively
targets damaged cells, resulting in minimal adverse effects
and excellent precision in treatment [9].

ACPs are difficult to distinguish from other peptides
because of their significant intra-class variability and low
inter-class separability [10]. Given the diversity of amino acid
combinations in ACPs, standard identification procedures
may be inadequate. Developing alternative approaches to
differentiate ACPs from other peptides is critical for cancer
treatment research [11]. Alternative techniques, such as
machine learning-based classification strategies [12], [13],
can improve the efficiency and accuracy of ACP discovery.

Researchers have exploited the widespread applicability of
AI to tackle the vast search space of ACPs. Recently, many
researchers have used machine learning models to classify
and predict protein/peptide sequences [14], [15]. These works
investigated various ways of classifying unknown sequences.
The study in [16] used a long-short-term memory (LSTM)
network in conjunction with k-mer sparse matrix and binary
profile features (bof), achieving promising classification
results. Other strategies used the composition of K-spaced
amino-acid pairs (CKSAAP) as a feature extraction method,
along with other learning algorithms [14], [17], [18]. In a
similar context, multiple ACP classification algorithms were
developed [19], [20], exhibiting promising performance in
ACP prediction. Further research and experimentation are
deemed necessary. For instance, the ACP-KSRC study [19]

uses sparse representation classifier [21] and found that
feature extraction approaches such as CKSAAP significantly
improved performance. However, large feature space dimen-
sions require the use of dimension reduction techniques such
as principal component analysis (PCA), which can be limited
in preserving large variations captured by the CKSAAP
feature set. In contrast, feature extraction approaches such
as k-mer sparse matrix or bpf do not necessarily require
dimension reduction techniques. By adding additional char-
acteristics to these methods, the overall resilience of the
feature set can be improved.

II. PROPOSED APPROACH
The proposed approach is based on the utilization of LSTM
networks, with a focus on feature extraction, aiming to
surpass the performance of existingmachine learningmodels.
This section will comprehensively outline each step of the
classification process, as illustrated in the block diagram in
Fig. 1, while also showcasing the proposed feature extraction
approach.

A. DATASET
Researchers used a variety of datasets, including those pre-
sented in [11], [22], and [23]. We evaluated two datasets and
compared our findings to state-of-the-art approaches using
different evaluation protocols. The first dataset, reported by
Chen et al. [22] and Wei et al. [23], is ACP740. It comprises
740 peptide sequences, with 376 classified as ACPs and the
remaining 364 as non-ACPs. The second dataset, ACP344,
presented in [11], consists of 344 peptide sequences, with
138 labeled as ACPs and the remaining 206 designated as
non-ACPs. The ACP740 dataset was evaluated using a 5-fold
cross-validation protocol. In comparison, the ACP344 dataset
was evaluated using both 5-fold and 10-fold cross-validation.

B. FEATURES ENCODING
There are several approaches to feature-encoding peptide
sequences, and no one approach is superior because they
all have unique characteristics and advantages of their own.
Different strategies might work better with different machine
learning algorithms. For example, a strategy used in the
ACP-KSRC model [19], when applied to LSTM [16], might
not perform well or better as in the ACP-KSRC [19].
All feature encoding techniques, however, contribute to the
advancement of cancer treatment research by improving our
understanding of the characteristics of the ACP sequences,
independent of the classification algorithm employed. Five
feature encoding techniques–some new, some adapted from
previous approaches–are explained in this study and used
in the suggested strategy. These methods are combined to
create an extensive set of features to optimize the overall
performance of the ACP classification.
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FIGURE 1. The flowchart of the proposed approach.

1) BINARY PROFILE
Analyzing the peptide sequence representation before delv-
ing into the composition of the co-joint feature set is crucial.
These sequences are composed of a selection from the
20 available amino acids, each represented by a character
in the alphabet (A, C, D, E, F, G, H, I, K, L, M, N, P, Q,
R, S, T, V, W, and Y). Consequently, a peptide sequence
can be accurately represented using the amino acid alphabet
characters as

P := p1, p2, p3, . . . , pLx . (1)

Here, pn, for n = 1, · · · ,Lx , represents the nth amino
acid in the peptide sequence P of length Lx . Each amino
acid is encoded as a string of 0’s and 1’s in the binary
profile. Specifically, the A amino acid can be encoded as

V (A) = (1, 0, 0, · · · , 0), the C amino acid as V (C) =

(0, 1, 0, · · · , 0), and so forth, until Y is encoded as V (Y ) =

(0, · · · , 0, 0, 1). This encoding furnishes the vector

BP(Lx) := [V (p1),V (p2),V (p3), · · · ,V (pLx )].

It is suggested in [16] to use BP(7) instead of encoding the
entire peptide sequence using BP(Lx). Thus, limiting the fea-
tures for any peptide sequence encoded to a 140-dimensional
vector.

2) K -MER SPARSE MATRIX
The second characteristic incorporated into the co-joint set
is the k-mer sparse matrix [16]. In this encoding, 20 distinct
amino acids are grouped depending on the side chain and
the dipole moments. This leads to the 7 groups [Ala, Gly,
Val], [Ile, Leu, Phe, Pro], [Tyr, Met, Thr, Ser], [His, Asn,
Gln, Tpr], [Arg, Lys], [Asp, Glu], and [Cys] (see [24], [25],
[26]). Consequently, the peptide sequence consists of just
7 group memberships. Next, we iterate through amino acids
in the sequence, replacing each of the 20 amino acids with
the new 7-alphabet set corresponding to the relevant group
membership. An example of k-mers feature extraction with
Lx = 10 sequence length and k = 3 amino-acid groups is
shown in Fig. 2, yielding a 343 × 8 k-mers sparse matrix. In
general, for a peptide sequence of length Lx , there would be
7k possible k-mer and (Lx − k + 1) steps to iterate through
the peptide sequence, transforming it into a 7k × (Lx − k+1)
k-mer sparse matrix S. In this study, we set k = 3 and define
the k-mer sparse matrix S as

S : = (qij)7k×(Lx−k+1).

qij : =

{
1, if mjmj+1mj+2 = k-mer(i)
0, otherwise

A low-rank feature set comprising the raw data from
the original sequence can be created by transforming the
resulting S matrix. To further decrease the dimensions of
S, the singular value decomposition (SVD) [27] is applied,
resulting in a 343-dimensional row vector.

3) COMPOSITION OF THE K-SPACED SIDE CHAIN PAIRS
(CKSSCP)
As described in Section II-B1, special alphabet characters
represent each amino acid in protein/peptide sequences [28].
Since there are 20 amino acids in total, there are 202 =

400 potential pairings of the amino acids. Using this
information, we define

ψ̂0 := [ψAA, ψAC , ψAD, . . . , ψYY ]T ∈ R400,

where each component ψxy of the ψ̂0 is a possible pair of
amino acids. However, as was already noted, a vector of that
size becomes problematic if the dimension of the attributes
exceeds the number of samples in the dataset. We remind
that the datasets ACP740 and ACP344 considered here have
740 and 344 samples, respectively. To this end, we use the
side chain feature [29] to separate the amino acids into
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FIGURE 2. Illustration of the k-mers feature extraction for a sequence of length Lx = 10, with k = 3.

FIGURE 3. Illustration of the CKSSCP with k = 1.

4 groups, α = [R,K ,H ,D,E], β = [S,T ,N ,Q], γ =

[C,G,P], and δ = [A, I ,L,M ,F,W ,Y ,V ]. This leads to

ψ0 := [ψαα, ψαβ , ψαγ , · · · , ψδδ]T ∈ R16.

For the gap between the pairs k = 4, we also form

ψ1 : = [ψαxα, ψαxβ , ψαxγ , · · ·ψδxδ]T ∈ R16,

ψ2 : = [ψαxxα, ψαxxβ , ψαxxγ , · · · , ψδxxδ]T ∈ R16,

9k : = [ψ0,ψ1,ψ2, · · · ,ψk ]
T

∈ R16(k+1).

Fig. 3 shows an illustration for ψ1 where k = 1.

4) COMPOSITION OF THE K-SPACED ELECTRICALLY
CHARGED SIDE CHAIN PAIRS (CKSECSCP)
The structure of the CKSECSCP feature is similar to the
CKSSCP feature, but it takes a different approach. This
feature is primarily concerned with determining if amino
acids have positive, negative, or neutral charges. Compared
to CKSSCP, this feature only targets two groups: α1 :=

[R,K ,H ] and α2 = [D,E], where α1 represents positive
charges and α2 represents negative charges [29]. Thus, there
are five groups overall that are created by further classifying
the α group into α1 and α2 based on the side chain groups
α = [R,K ,H ,D,E], β = [S,T ,N ,Q], γ = [C,G,P],
and δ = [A, I ,L,M ,F,W ,Y ,V ].We construct a normalized

TABLE 1. The combination of all possible attributes in ψ̂0.

vector

ψ̂0 :=
1
N0

[
ψα1α1

count(α1α1)
,

ψα1α2
count(α1α2)

, . . . ,
ψδδ

count(δδ)

]T
∈ R25,

where ψxy is the electrical charge of the k-spaced pair, k is
the gap between the pairs and N0 := Lx − (k + 1). The
quantity count(xy) is the total number of occurrences of the
xy pair in the sequence. This formulation produces a vector of
size 25; however, only 16 of these 25 attributes are pertinent,
and the remaining 9 consistently sum to 0, lowering model
performance. For instance, ψγ γ is always 0 because both
groups have no charge. Table 1 facilitates selecting attributes
from the 25-vector.

Table 1 shows just 16 charged pairings (involving α1 and
α2), resulting in a total of 16 characteristics. After normaliz-
ing the new attribute selection, we set

ψ0 :=
1
N0

[
ψα1α1

count(α1α1)
,

ψα1α2
count(α1α2)

, · · · ,
ψδδ

count(δδ)

]T
∈ R16.

Hence, the feature follows the same process as CKSSCP,
incorporating gaps to produce a larger vector. Here, we set

ψ1 : =
1
N1

[
ψα1xα1

count(α1xα1)
,

ψα1xα2
count(α1xα2)

, · · · ,
ψδxδ

count(δxδ)

]T
∈ R16,

ψ2 :=
1
N2

[
ψα1xxα1

count(α1xxα1)
,

ψα1xxα2
count(α1xxα2)

, · · · ,
ψδxxδ

count(δxxδ)

]T
∈R16,

9k : = [ψ0, ψ1, ψ2, . . . , ψk ]T ∈ R16(k+1).

An illustration of the implementation of these equations for
k = 1 is furnished in Fig. 4.
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FIGURE 4. Illustration of the CKSECSCP with k = 1.

5) ISOELECTRIC POINT FEATURE
In addition to the previously discussed features, the iso-
electric point feature (pI) is quite important. Amino acids
have complex structures and constant parameters [30].
In this feature extraction approach, we use four parameters,
pk(CO2H), pk(NH2), pk(R), and the isoelectric point. Using
these parameters individually results in a huge attribute
size, potentially reducing model performance. To this end,
we define a combination ψx of these parameters as

ψx : = α × [pk(CO2H )]x + β × [pk(NH2)]x
+ γ × [pk(R)]x + δ × [isoelectric point]x .

The combination ψx represents the final value of the
isoelectric point for the amino acid x in the peptide sequence,
where α, β, γ , and δ are constants that can be adjusted to
fine-tune the model. In this study, α, β, γ , and δ are set
to be 1, 2, 4, and 8, respectively. The pI feature vector, 9,
which contains the relative pI value for each amino acid ψx ,
is constructed as

9 :=

[
ψA×NA
Lx

,
ψC×NC

Lx
,
ψD×ND
Lx

, . . . ,
ψY×NY
Lx

]T
∈ R20,

where Nx is the sum of the count of ψx . Fig. 5 illustrates an
example of the pI feature vector 9.

FIGURE 5. Illustration of the calculation for the pI feature.

C. MODEL ARCHITECTURE
Recurrent neural networks (RNNs) have grown in promi-
nence over the past decade. RNNs, like LSTM networks,
have found use in a variety of fields, including speech

recognition and natural language processing (NLP). Neurons
in a typical RNN design are interconnected nodes that
collaborate to accomplish complex tasks; nonetheless, RNNs
have limitations. When incorporating new information,
RNNs often transform current information rather than replace
it entirely whichmay alter the new information in the process.
LSTM operates similarly to RNNs but has a key advantage:
it can overwrite old information as needed, which is useful
in a variety of applications. LSTM operates on the basis of
the forget gate, the input gate, and the output gate, each with
a specialized role. Initially, the model learns to determine
whether the information circulating inside the model should
be discarded or retained. The forget gate analyzes two inputs,
ht−1 and xt , and decides whether to forget or retain the
information if the output equals 0 or 1, respectively. The
output of the forget gate is calculated as

ft := σ (Wf × [ht−1, xt ] + bf ),

whereWf and bf are the weights and bias, respectively. Here,
ht−1 is the output value of the preceding cell, xt is the input
value of the current cell, and

σ (x) =
1

1 + e−x
,

is the sigmoid activation function.
The input gate plays a pivotal role in determining the

relevance of newly introduced information. This process
consists of three sequential steps. The first step functions
similarly to the forget gate, acting as a filter for new incoming
information. The second step generates a vector containing
all potential values that could be written into the state cell.
Finally, in the last step, the outputs from the preceding two
processes are multiplied and then added to the state cell.
Therefore, upon the completion of these steps, the input gate
model, described by the equations

it : = σ (Wi × [ht−1, xt ] + bi),

C̃t : = tanh(Wc × [ht−1, xt ] + bc),

Ct : = ft × Ct−1 + it × C̃t ,

assures that the input information is indeed beneficial. Here,
Wi, Wc, bi, and bc, are weights and bias, respectively. This
process determines the new value of the cell state as

ot : = σ (Wo × [ht−1, xt ] + bo),

ht : = ot × tanh(Ct ),

where ht is the output, andWo and bo are the weight and bias
of the output function, respectively.

Finally, the output gate implementation can be described in
three steps. The first step is to generate a vector to scale the
values in the cell state to the range of−1 to+1 using the tanh
activation function. The second step is to regulate the output
values by establishing a filter using ht−1 and xt . The final step
is to multiply the output values from steps 1 and 2, resulting
in the output value ht .
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The proposed model has 128 neurons in the LSTM layer,
followed by a dense layer with a sigmoid activation function.
To prevent overfitting, a dropout layer with a rate of 0.25 is
added following the LSTM layer. During model compilation,
binary cross-entropy is used as the loss function alongside the
Adam optimizer [31].

D. EVALUATION PROTOCOL
The performance of the proposed technique is evaluated using
5-fold and 10-fold cross-validation protocols. The ACP740
dataset is subjected to a 5-fold cross-validation protocol,
while ACP344 dataset is subjected to both 5-fold and 10-fold
cross-validation protocols. The performance of the proposed
technique is compared with the state-of-the-art classification
methods in terms of sensitivity, specificity, accuracy, bal-
anced accuracy, Matthew’s correlation coefficient (MCC),
Youden’s index, and F1 Score. These metrics are respectively
defined as

Sn : =
TP

TP+ FN
,

Sp : =
TN

TN + FP
,

Acc. : =
TP+ TN

TP+ TN + FP+ FN
,

Bal. Acc. : =
Sn + Sp

2
,

MCC : =
TPTN − FPFN

√
1

,

YI : = Sn + Sp − 1,

F1 Score : = 2 ∗
Precision ∗ Sn
Precision + Sn

,

where TP and FP are the true and false positives, TN and FN
are the true and false negatives, and

1 : = (TP+ FP)(TN + FN )(TP+ FN )(TN + FP),

Precision : =
TP

TP+ FP
.

III. EXPERIMENTAL RESULTS
This section describes the experiments carried out to assess
the performance of the suggested technique. It also includes
a feature space analysis and relevant experiments to evaluate
the robustness and effectiveness of the different feature
encoding strategies discussed.

A. PERFORMANCE COMPARISION OF FEATURE
ENCODING SCHEMES
We conduct an ablation study to evaluate how different
feature encoding techniques discussed in the previous section
affect the discriminating performance of the proposed model.
The proposed model is trained on individual feature encoding
techniques for the ablation experiment. The performance of
the proposed model is measured, assessed, and compared
to the other feature encoding techniques employed in
this study. Furthermore, the input feature space for each

feature encoding approach is displayed and compared to the
proposed combined feature encoding method.

We performed 5-fold cross-validation on both ACP344 and
ACP740 datasets. Each dataset has seen a total of 6 trials.
The proposed model is trained using various feature encoding
schemes, including k-mer, BPF, CKSSCP, CKSECSCP,
pI, a mixture of CKSSCP and CKSECSCP, and lastly,
a combination of all five schemes mentioned previously. The
performance evaluation methods outlined in Section II-D are
used to compare the results of these experiments.

Table 2 compares the performance of the proposed model
to each feature encoding scheme combination on the ACP344
dataset. Interestingly, the proposed feature encoding strategy
has the highest MCC score of 0.85, resulting in greater
performance over the other feature encoding strategies.
Similarly, the suggested scheme achieves a higher Youden’s
index of 0.84, compared to 0.83 for the CKSSCP + pI +

CKSECSCP features. Since the difference in CKSSCP +

pI + CKSECSCP and proposed feature set is very small,
we perform statistical tests [32]. The t-statistic is the ratio of
the difference in a number’s estimated value from its assumed
value to its standard error. Higher values of the t-score
indicate that a large difference exists between the two sample
sets and generally, a t-statistic of 2 or higher and p-value
of less than 0.05 is considered to be statistically significant.
For the given results we obtain t-statistics of −2.656 and
the p-value of 0.008 suggesting a significant improvement.
Furthermore, the suggested input feature encoding strategy
achieves improved balanced accuracy and sensitivity, which
contributes to better feature representation than the listed
encoding schemes.

TABLE 2. Comparison of different feature encoding schemes for ACP344
database.

The experiment using the ACP740 database shows a
similar performance trend. Table 3 shows the results of an
ablation study on the ACP740 database, subjected to 5-
fold cross-validation. It is worth noting that the performance
of the model trained on the combination of two or more
features is promising as compared to the model trained
on individual features. For example, while the proposed
model performs poorly on individual CKSECSCP features as
compared to all other individual feature encoding schemes,
incorporating the CKSECSCP feature into the combination
of the different encoding schemes contributes to the overall
performance improvements of the proposedmodel. To further
validate the difference in CKSSCP + pI + CKSECSCP and
proposed feature set, we perform statistical tests and for the
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TABLE 3. Comparison of different feature encoding schemes for ACP740
database.

given results we obtain t-statistics of −4.28 and p-value of
1.99 × 10−5 suggesting a significant improvement.

We also performed a visualization analysis of the specified
feature encoding schemes for the ACP344 database. Because
the input feature space has a large dimension, we use the
t-stochastic neighbor embedding (tSNE) [33] to generate
its 2-dimensional projection. Figure 6 illustrates tSNE
scatter plots for different input feature encoding schemes.
It is evident from the Figs. 6a, 6b, 6c, and 6d that the
respective tSNE projections of k-mer, BPF, CKSSCP, and
CKSECSCP have little to no class separation. However, the
tSNE projections resulting from the combination of multiple
feature encoding schemes show adequate class separability;
see Figs. 6f and 6g. Particularly, the feature space shown
in Fig. 6f has adequate inter-class separation but also
exhibits slightly higher intra-class disparities compared to the
proposed feature encoding scheme as depicted in Fig. 6g. The
analysis in Fig. 6 aligns with the findings in Table 2.
The input feature space tSNE presented in Fig. 6f and

Fig. 6g look somewhat visually similar, however, it is worth
noting that these tSNE embeddings present the input space.
To ascertain the performance of the proposed method, the
tSNE embeddings of the latent space for these two cases was
also plotted and presented in Fig. 7. It can be observed that
the train and test sets in Fig. 7b are linearly separable while
the train and test latent spaces presented in Fig. 7a, although
separate, do not follow a similar linear separability compared
to the proposed technique.

B. ACP CLASSIFICATION PERFORMANCE EVALUATION
This section describes various experiments carried out to val-
idate our approach. The ACP740 and ACP344 datasets [19]
have been used to test the proposed method. Each dataset
has its own set of parameters, optimized for the best
performance. The ACP344 dataset is evaluated using 5-fold
and 10-fold cross-validation protocols. The ACP740 dataset
is evaluated using 5-fold cross-validation. Both CKSSCP and
CKSECSCP employed a single gap parameter, resulting in
two parameters. On the other hand, α, β, γ , and δ were the
parameters used for the pI feature. Furthermore, the timestep
and the sigmoid activation function were used in the deep
LSTM algorithm.

Table 4 provides an overview of the hyper-parameters
taken into account in the proposed method. Here, n denotes
the number of folds in the k-fold cross-validation experiment.
The parameters for the CKSSCP and CKSECSCP features

are shown in columns gap1 and gap2, respectively. Both
datasets maintain the same timesteps and epoch values. The
batch size varies due to the variation in the sample sizes of
the datasets. For both datasets, a sigmoid activation function
was employed. Finally, the four parameters in the isoelectric
point feature were kept identical for both datasets.

TABLE 4. Summary of the hyper-parameters.

1) ACP344 DATESET
The initial experiment on the ACP344 dataset used a 5-fold
cross-validation. Table 5 summarizes the findings. The mean
accuracy was determined to be 92.74%, with a standard
deviation of 2.23%. Similarly, the mean MCC was calculated
to be 85.00%, with a standard deviation of 4.00%.

TABLE 5. 5-fold cross-validation for ACP344.

In Table 6, the results of the 5-fold cross-validation exper-
iment are compared with other contemporary techniques.
The performance of the proposed method was better or
comparable to the listed techniques. In terms of accuracy, the
proposed method performs better than the ZH method [11],
the AntiCP(model2) [34], and the ACP-KSRC [19] with
margins of 3.32%, 6.72%, and 3.02%, respectively. Similarly,
in terms of the MCC, the proposed method performs better
than the ZH method, AntiCP(model2), and ACP-KSRC with
margins of 8.97%, 19.72%, and 4.94%, respectively. It is
noteworthy, nevertheless, that the Li method [35], the IACP
[35], and the EnACP [35] performed marginally better than
the proposed method in terms of the MCC.

TABLE 6. Comparison of the proposed method with contemporary
methods on ACP344 dataset using 5-fold cross-validation.

Similarly, ACP344 dataset was also subjected to a 10-fold
cross-validation, and the specific outcomes are presented
in Table. 7. In the 10-fold cross-validation experiment, the
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FIGURE 6. Feature embedding visualization of ACP344 dataset using (a) k-mers, (b) binary-profile features (BPF), (c) CKSSCP, (d) CKSECSCP,
(e) pI, (f) CKSSCP + pI+ CKSECSCP, and (g) the proposed feature set.

TABLE 7. 10-fold cross-validation for ACP344.

suggested approach outperformed the 5-fold cross-validation
experiment.

A comparison of the 10-fold cross-validation experiment
results for the proposed and state-of-the-art approaches is

TABLE 8. Comparison of the proposed method with contemporary
methods on ACP344 dataset using 10-fold cross-validation.

shown in Table 8. It is observed that the suggested approach
performs better than existing methods in terms of the MCC
and that its accuracy and Youden’s index results are at par
with the approach outlined in [19].
Since the ACP detection is primarily a classification

problem, the area under the curve (AUC) of the receiver
operating characteristics (ROC) curve can also be used
to evaluate the performance of the classification model.
AUC serves as a comprehensive metric to evaluate the
overall classification performance. Figs. 8a and 8b presents
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FIGURE 7. Latent-space feature embedding visualization of different
classifiers trained on ACP344 dataset using (a) CKSSCP + pI+ CKSECSCP,
and (b) the proposed feature set.

the AUC-ROC curves and AUC scores for the 5-fold and
10-fold cross-validation experiments carried out on ACP344
dataset. Interestingly, both the experiments achieved the same
AUC score of 97.8%. This may be due to the reason that
both the experiments achieved almost the same average
performance in-terms of sensitivity and specificity as listed
in Tables 5 and 7.

2) ACP740 DATASET
Using 5-fold cross-validation, the suggested approach is
verified on the ACP740 dataset, by recording every fold in
the study. The complete experimental findings are shown
in Table 9, which include mean and standard deviation for
each of the seven assessment criteria: sensitivity, specificity,
accuracy, balanced accuracy, MCC, Youden’s index, and
F1 Score. In particular, the mean accuracy was 87.25% on
average, with a standard deviation of 5.83%, and the MCC
value was 75.00% on average, with a 6% standard deviation.

Table 10 compares the performance of the proposed
method with the state-of-the-art techniques on the ACP740
dataset. With a sensitivity score Sn that is just 1.89% lower
than ACP-MHCNN [20], the proposed method had the

FIGURE 8. Receiver operating characteristics curves for (a) 5-fold and
(b) 10-fold cross-validation on ACP344 dataset.

TABLE 9. 5-fold cross-validation for ACP740.

second-best score. However, it outperformed the listed meth-
ods on other evaluation criteria. In particular, the accuracy of
the proposedmethodwas superior to that of theACP-DL [16],
ACP-DA [39], ACP-MHCNN [20], and ACP-KSRC [19] by
margins of 7.3%, 6.58%, 1.66%, and 4.19%, respectively.
Likewise, the suggested approach demonstrated superior
MCC performance compared to the ACP-DL, ACP-DA,
ACP-MHCNN, and ACP-KSRC, by margins of 19.05%,
17.19%, 4.16%, and 11.94%, respectively. Table 10 compares
the ACP prediction methods across all 7 evaluation criteria.
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TABLE 10. Comparison of the proposed method with contemporary
methods on ACP740 dataset using 5-fold cross-validation.

We also present the AUC-ROC curve for the 5-fold
cross-validation experiment conducted on ACP740 dataset.
The AUC-ROC curve is presented in Fig. 9, where the
proposed method achieved an AUC score of 94% for 5-fold
cross-validation experiment on ACP740 dataset.

FIGURE 9. Receiver operating characteristics curves for 10-fold
cross-validation on ACP740 dataset.

C. ABLATION STUDY
1) COMPARISON WITH BASELINE CLASSIFIERS
In this section, we compare the performance of the newly
designed feature set using the proposed LSTM-based model,
and several baseline machine learning and deep learning
classifiers. The comparison is performed on the ACP344
and ACP740 datasets, using both 5-fold and 10-fold cross-
validation experiments. The baselinemodels include Random
Forest [40], Support Vector Machine (SVM) [41], Logistic
Regression [42], Multilayer Perceptron (MLP) [43], Naïve
Bayes [44], K-Nearest Neighbors (KNN) [45], and Decision
Tree [46]. The detailed metrics, including Sensitivity (Sn),
Specificity (Sp), Accuracy (Acc), Balanced Accuracy (Bal.
Acc), Matthews Correlation Coefficient (MCC), Youden’s
Index (YI), F1-score, and Area Under the Curve (AUC), are
presented in Tables 11, 12, and 13.

The proposed method significantly outperforms the base-
line classifiers across several key metrics. For instance,
on the ACP344 dataset, the proposed LSTM-based method
achieves the highest AUC of 0.978 in both 10-fold and
5-fold cross-validation experiments, demonstrating superior
discriminative ability compared to other models like Random
Forest (AUC: 0.969) and SVM (AUC: 0.974). The proposed

TABLE 11. Comparison with baseline machine learning and deep
learning classifiers on the ACP344 dataset using a 10-fold
cross-validation experiment.

TABLE 12. Comparison with baseline machine learning and deep
learning classifiers on the ACP344 dataset using a 5-fold cross-validation
experiment.

TABLE 13. Comparison with baseline machine learning and deep
learning classifiers on the ACP740 dataset using a 5-fold cross-validation
experiment.

method also excels in terms of Accuracy, with values of
93.02% (in 10-fold) and 92.71% (in 5-fold), outperforming
other models such as the MLP (92.73%) and Logistic
Regression (88.66%).

The MCC score for the proposed method also indicates
strong classification performance, particularly when com-
pared to baseline classifiers. For instance, the MCC reaches
0.86 in the 10-fold cross-validation on the ACP344 dataset,
outperforming models such as SVM (0.828) and KNN
(0.804). These improvements across multiple metrics suggest
that the integration of multiple feature encoding schemes
within the LSTM architecture provides a robust approach for
anticancer peptide classification, enhancing both sensitivity
and specificity.

2) ANALYZING THE EFFECT OF LARGE NEGATIVE SET ON
THE PERFORMANCE OF THE PROPOSED TECHNIQUE
In this section, we analyze the effect of increasing the number
of negative samples on the performance of the proposed
LSTM-based method. The experiments are conducted using
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TABLE 14. Effect of negative samples on the performance of the
proposed technique. The experiment is performed using positive
sequences from the ACP740 dataset and negative samples from
mACPpred 2.0 [47] (Without SMOTE).

TABLE 15. Effect of negative samples on the performance of the
proposed technique. The experiment is performed using positive
sequences from the ACP740 dataset and negative samples from
mACPpred 2.0 [47] (With SMOTE).

376 positive sequences from the ACP740 dataset and
3760 negative samples from (training and independent)-
sets of mACPpred 2.0 [47]. The results are shown in
Tables 14 and 15, where we examine how different negative-
to-positive ratios influence themodel’s sensitivity, specificity,
and other key metrics.

As the negative-to-positive ratio increases, the sensitivity
(Sn) decreases, indicating that the model becomes more
inclined to classify negative samples correctly at the expense
of positive samples. For example, with a 1:1 ratio, sensitivity
is 0.864, but it drops to 0.585 when the negative ratio
increases to 1:9. However, specificity (Sp) improves signif-
icantly as the model becomes more effective at identifying
negative samples, rising from 0.832 to 0.950 as the negative
ratio increases.

To handle this imbalance between positive and negative
samples, we employed the SVM-SMOTE technique [48],
[49], which synthetically generates positive samples to
balance the dataset. After applying SVM-SMOTE, the
sensitivity improves, particularly for higher negative-to-
positive ratios. For instance, at a 1:9 ratio, the sensitivity
increases from 0.585 (without SMOTE) to 0.628 (with
SMOTE), and the AUC shows corresponding improvements,
reflecting the model’s enhanced ability to generalize across
imbalanced data. The use of SVM-SMOTE also stabilizes

the balanced accuracy (Bal. Acc), preventing the model from
becoming overly biased towards the negative class. However,
model is still biased towards negative samples indicating the
need for more ground truth positive samples.

IV. CONCLUSION
In this study, we proposed a novel long-short-term-memory
(LSTM)-based anticancer peptide (ACP) classification tech-
nique in which we integrated multiple feature encoding
schemes to enhance the discriminative power of the model.
We designed a strong feature representation by combining the
advantages of several feature encoding approaches, including
k-mer, BPF, CKSSCP, CKSECSCP, and pI. We demon-
strated the efficacy of the proposed method using extensive
experimentation and ablation studies.

The experimental findings on the ACP344 and ACP740
datasets demonstrated that the proposed method works better
than individual feature encoding schemes. In particular,
it achieved better accuracy, sensitivity, and Matthews cor-
relation coefficient (MCC) than other modern techniques.
The performance improvements were particularly notable
when multiple feature encoding schemes were combined,
highlighting the importance of feature integration in the
ACP classification tasks. The results of the combined
feature encoding strategy in improving class separability and
lowering intra-class variability were further validated by the
t-stochastic neighbor embedding (tSNE) visualizations of
the feature space. Furthermore, 5-fold and 10-fold cross-
validation protocols were used to assess the robustness of
the proposed approach. The results showed consistent and
dependable performance of the proposed method across sev-
eral validation configurations, confirming its generalizability.

As a future direction, we aim to investigate the use
of Transformers, such as BioBERT or protein-specific
pretrained models, for ACP classification. A comparative
analysis with LSTM in terms of accuracy, scalability, and
computational cost will provide further insights into the
trade-offs between these architectures.

In summary, the performance of the ACP classification
models can be significantly improved by the integration
of different feature encoding approaches. The proposed
method for ACP classification is promising and has potential
applications in the broader field of peptide-based therapeu-
tics. To further enhance performance, future research could
investigate applying this technique to different peptide clas-
sification applications and include different feature encoding
approaches.
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