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Abstract

Accurate identification of angiotensin-I-converting enzyme (ACE) inhibitory
peptides is essential for understanding the primary factor regulating the renin-
angiotensin system and guiding the development of new drug candidates.
Given the inherent challenges in experimental processes, computational
methods for in silico peptide identification can be invaluable for enabling
high-throughput characterization of ACE inhibitory peptides. This study intro-
duces GRU4ACE, an innovative deep learning framework based on multi-view
information for identifying ACE inhibitory peptides. First, GRU4ACE utilizes
multi-source feature encoding methods to capture the information embedded
in ACE inhibitory peptides, including sequential information, graphical infor-
mation, semantic information, and contextual information. Specifically, the
feature representations used herein are derived from conventional feature
descriptors, natural language processing (NLP)-based embeddings, and pre-
trained protein language model (PLM)-based embeddings. Next, multiple fea-
ture embeddings were fused, and the elastic net was employed for feature opti-
mization. Finally, the optimal feature subset with strong feature representation
was input into a gated recurrent unit (GRU). The proposed GRU4ACE
approach demonstrated superior performance over existing methods in terms
of the independent test. To be specific, the balanced accuracy, sensitivity, and
MCC scores of GRU4ACE reached 0.948, 0.934, and 0.895, which were 6.46%,
8.92%, and 12.51% higher than those of the compared methods, respectively. In
addition, when comparing well-regarded feature descriptors, we found that the
proposed multi-view features effectively captured crucial information, leading
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1 | INTRODUCTION

Hypertension, a prevalent chronic condition, is closely
associated with an elevated risk of cerebrovascular and
cardiovascular diseases. The angiotensin I-converting
enzyme (ACE, EC 3.4.15.1) plays a crucial role in blood
pressure regulation, which can increase blood pressure
via the kallikrein-kinin system (KKS) and the renin-
angiotensin system (RAS) (Xue et al., 2021). ACE can act
on angiotensin I to produce angiotensin II within the
RAS and inactivate bradykinin in the KKS, ultimately
leading to elevated blood pressure (Lee & Hur, 2017; Xue
et al., 2021). Consequently, ACE has become a prime tar-
get for hypertension treatment. In recent years, substan-
tial research has focused on ACE inhibitors, with ACE
inhibitory peptides attracting significant interest due to
their health and safety benefits compared to manufac-
tured inhibitors like captopril and lisinopril, which may
have more severe side effects (Duan et al., 2023; Lee &
Hur, 2017). Through the process of fermentation or enzy-
matic hydrolysis, peptides exhibiting ACE inhibitory
activity are derived from natural proteins. These peptides
are screened and prepared from various protein sources,
including plants like soybeans, rice bran, and zein; ani-
mal sources such as meat, milk, eggs, and fish; as well as
microorganisms (Ding et al.,, 2023; Xue et al., 2021).
There is growing interest in identifying peptides from
plant proteins due to the increasing demand for bal-
anced, healthy diets and their high sustainability
(Rizzello et al., 2016).

Currently, a vast number of novel proteins are being
generated through next-generation sequencing tech-
niques. Among these proteins, there may be several pep-
tide candidates with ACE inhibitory activity. However,
in vitro or in vivo experimental methods are cost-
ineffective, time-consuming, and labor-intensive (Basith
et al., 2020; Du et al., 2024; Kalyan et al., 2021; Kumar,
Chaudhary, Sharma, et al, 2015; Lertampaiporn
et al., 2022; Manavalan et al., 2019; Win et al., 2018; Wu
et al., 2019; Zhuang et al., 2021). To alleviate these limita-
tions, several computational tools have been developed to
identify ACE inhibitory peptides (Kalyan et al., 2021;
Kumar, Chaudhary, Sharma, et al., 2015; Lertampaiporn

to improved ACE inhibitory peptide prediction performance. These compre-
hensive results highlight that GRU4ACE enhances prediction accuracy and sig-
nificantly narrows down the search for new potential antihypertensive drugs.
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et al., 2022; Manavalan et al., 2019; Win et al., 2018; Wu
et al., 2019; Zhuang et al., 2021). According to this study,
Kumar et al. developed the first computational model
(AHTpin) to identify ACE inhibitory peptides using only
sequence information (Kumar, Chaudhary, Singh
Chauhan, et al., 2015). AHTpin was developed based on
the first benchmark dataset, which consisted of 386 ACE
inhibitory peptides and 386 non-ACE inhibitory peptides.
To date, this benchmark dataset remains the most widely
used for developing computational models, such as PAAP
(Win et al., 2018), mAHTPred (Manavalan et al., 2019),
ACHP (Xu et al., 2021), UniDL4BioPep (Du et al., 2023),
and Ensemble-AHTPpred (Lertampaiporn et al., 2022).
Additional details regarding computational tools
designed for identifying ACE inhibitory peptides can be
found in the study by (Basith et al., 2020). However, the
aforementioned computational models were developed
based on incorrect negative samples, which may limit
their predictive capability in some cases. Recently, Du
et al. (2024) established a new dataset containing true
positive and true negative samples. Using this high-
quality benchmark dataset, pLM4ACE was developed
with machine learning algorithms, including random for-
est (RF), support vector machine (SVM), k-nearest neigh-
boring (KNN), logistic regression (LR), and multilayer
perceptron (MLP). The pre-trained protein language
model (PLM) was used as a feature extractor to generate
a high-dimensional feature vector. The pPLM4ACE model
provided reasonable prediction results, with a balanced
accuracy (BACC) of 0.883, sensitivity (SN) of 0.845, and
Matthew's Correlation Coefficient (MCC) of 0.770. How-
ever, this method still has potential limitations: (i) Since
pLM4ACE was developed based using a single feature
descriptor, it has limited discriminative ability to capture
the diverse information of ACE inhibitory peptides.
(ii) The overall predictive performance of pLM4ACE is
still not sufficient for practical implementation in identi-
fying ACE inhibitory peptides.

In this study, we present a novel deep-learning frame-
work, called GRU4ACE, to enhance the accurate identifi-
cation of ACE inhibitory peptides by leveraging multi-
view information (Figure 1). The major contributions of
our proposed approach can be summarized as follows:
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FIGURE 1

An overview of GRU4ACE framework for identifying ACE inhibitory peptides. It involves the following steps: (i) dataset

preparation, (ii) feature extraction, (iii) feature importance selection, and (iv) model optimization and evaluation.

ii.

iii.

iv.

GRU4ACE is the first approach based on a gated
recurrent unit (GRU) for the identification of ACE
inhibitory peptides.

Recently, an increasing number of prediction models
have been developed using pre-trained protein lan-
guage model (PLM)-based embeddings. Instead of
relying solely on PLM embeddings, GRU4ACE com-
bines multi-source feature embeddings to capture
diverse information from different perspectives,
including sequential, graphical, semantic, and con-
textual information. Specifically, GRU4ACE utilizes
three types of embeddings: PLM embeddings, con-
ventional feature descriptors, and natural language
processing (NLP)-based embeddings.

The elastic net (EN) method was assigned to deter-
mine the optimal feature subset with strong feature
representation, while the synthetic minority over-
sampling technique (SMOTE) was used to address
the imbalanced dataset.

Experimental results demonstrated that the proposed
multi-view features exhibit remarkably superior pre-
dictive performance compared to conventional fea-
ture descriptors.

Through the independent test, GRU4ACE signifi-
cantly outperformed the existing method in terms of
BACC, SN, and MCC. To be specific, GRU4ACE
achieved BACC, SN, and MCC scores of 0.948, 0.934,

and 0.895, respectively, representing improvements
of 6.46%, 8.92%, and 12.51% over the existing
method.

2 | MATERIALS AND METHODS

2.1 | Benchmark dataset

Recently, Du et al. (2024) established a high-quality
benchmark dataset to develop their proposed model
(i.e., pLM4ACE). Specifically, this benchmark dataset
was created by manually curating up-to-date ACE inhibi-
tory peptides (referred to as the positive dataset) from
multiple sources, such as AHTPDB (Kumar, Chaudhary,
Sharma, et al., 2015), BIOPEP-UWM (Minkiewicz
et al., 2019), and a research article (Kalyan et al., 2021).
All ACE inhibitory peptides curated by Du et al. were
experimentally verified with half maximal inhibitory con-
centration (ICsy) values ranging from 0 to 50 pM. Pep-
tides with low or non-ACE inhibitory activity
(ICso > 50 pM) were considered as the negative dataset.
After the screening process, 394 positive samples and
626 negative samples were obtained. Finally, the bench-
mark dataset was split in an 8:2 ratio to construct the
training (318 positives and 498 negatives) and
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independent test (76 positives and 128 negatives) data-
sets. ACE inhibitory peptides typically range from 2 to
12 amino acids, with some extending up to 21 amino
acids (Li et al., 2004). Our dataset includes peptides of 2-
21 amino acids (Table S1), prioritizing experimentally
validated sequences. Over 90% of peptides in both the
positive and negative datasets are shorter than 10 amino
acids. To maintain consistency, the negative dataset was
limited to a similar length distribution, focusing on the
most relevant ACE inhibitory peptides.

2.2 | Peptide feature representation

2.2.1 | Conventional feature encoding

The binary profile (BPF) encodes each amino acid into a
20-D binary vector (Hasan et al., 2020). Specifically,
a binary one-hot vector is used to represent each amino
acid, ensuring a consistent feature dimension. For exam-
ple, Ala is represented as f(A)=[1,0,0,0,...,0,0]. Thus,
for a given protein sequence P, it can be mathematically
defined as follows:

BPF(P) = (f(A).f(C),.f (Y))- 1)

In addition, we employed the recent feature encoding
(FEGS) developed by Mu et al. to provide graphical infor-
mation embedding in peptide sequences (Mu
et al., 2021). FEGS exploits two kinds of information in
peptide sequences, including graphical information and
statistical information. For a given protein sequence P,
FEGS provides a 578-D feature vector.

2.2.2 | FastText encodings

In the field of NLP, vector representation of words
(ie., word embeddings) plays an important role in
enabling machines to understand natural language
(Gasparetto et al., 2022; Le & Mikolov, 2014). Addition-
ally, this approach can effectively address the limitations
of manual feature encoding methods. Since protein
sequences and residues are considered as sentences and
words, respectively, NLP-based embedding methods can
be applied to generate sequence embeddings. FastText, a
well-known word representation library, is one such
embedding method that has been applied in bioinformat-
ics and computational biology (Charoenkwan et al., 2021;
Jin & Yang, 2022; Raza et al., 2023). This method is con-
sidered efficient for vector representation as it employs
morphological cues to identify challenging words,
enhancing its generalizability. In particular, FastText

employs single words and custom n-grams as features. By
using n-grams, this method can generate useful represen-
tations for handling unknown words (Umer et al., 2023).
For a given protein sequence P, FastText provides a
100-D feature vector.

2.2.3 | Protein language model

Extracting features from small-scale datasets may not
ensure a high-accuracy and robust prediction model. To
address this limitation, a promising strategy is to leverage
pre-trained PLMs, which have been trained on over a
million protein sequences. Remarkably, these approaches
allow us to capture crucial patterns that might be missed
by small-scale datasets. Recently, many research teams
have worked to develop several versions of pre-trained
PLMs, each based on different architectures and fine-
tuned with various databases. Numerous studies have
indicated that PLMs can reveal information embedded in
protein sequences and effectively generate high-
dimensional representations for downstream tasks.
Therefore, we decided to employ four powerful pre-
trained PLMs to generate high-dimensional and crucial
feature representations embedded in ACE inhibitory pep-
tides, including BERT (Devlin et al., 2018), ProtTrans
(Elnaggar et al., 2020; Raffel et al., 2020), and ESM
(Charoenkwan, Schaduangrat, et al., 2023; Hayes
et al., 2024; Rives et al., 2021).

The first PLM is BERT, developed by Devlin et al.
(2018). BERT is based on a bidirectional transformer pre-
trained with a novel masked language model (MLM)
(Devlin et al., 2018). This design allows the model's
encoding layer to process all words in a sentence simulta-
neously, handling left and right contexts concurrently
through a multi-head self-attention mechanism. The
attention mechanism relies on three key concepts: Value,
Key, and Query. Specifically, Value and Key represent
the original value and key vector representations of each
word in the context, respectively, while Query represents
the target word or the annotated word to be generated.
Because these transformer-based models were trained on
large-scale protein sequences, they can effectively capture
diverse information embedded in protein sequences
(Ghazikhani &  Butler, 2024; Villegas-Morcillo
et al., 2022). Consequently, we utilized two types of
transformer-based models, ProtTrans (Raffel et al., 2020)
and ESM (Charoenkwan, Schaduangrat, et al., 2023;
Rives et al., 2021). ProtTrans are encoder-decoder models
built on several architectures (Raffel et al., 2020). We
selected ProtTrans employing the T5 architecture
(referred to as ProtT5), which was trained on the Big Fan-
tastic Database (BFD) with 3B parameters and
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subsequently fine-tuned using Uniref50. For the ESM
models, we utilized two popular versions, ESM-1b (Rives
et al., 2021) and ESM-2 (Charoenkwan, Schaduangrat,
et al., 2023), both developed by the Meta Fundamental
Al Research Team in 2019. The ESM-1b model is a
transformer-based, 33-layer PLM with 650M parameters,
while the ESM-2 model, selected for its efficiency, is an
8-layer PLM with 8M parameters. Both ESM-1b and
ESM-2 were trained on millions of protein sequences
from UniRef50.

2.3 | Feature selection method

In supervised learning, feature selection aims to identify
an optimal feature subset comprising m out of n features,
where m << n. Several studies have shown that using an
optimal feature subset can enhance prediction perfor-
mance and reduce time complexity (Akbar, Zou,
et al., 2024; Raza et al., 2024; Shoombuatong, Homdee,
et al., 2024; Shoombuatong, Meewan, et al., 2024;
Zou et al., 2016; Zou & Hastie, 2005a). In 1996, Tibshirani
introduced a powerful feature selection method called
LASSO (Tibshirani, 1996), which incorporates the L,
norm into a simple linear model to automatically select
important features. However, LASSO has limitations in
predicting correlated variables. To address this, Zou and
Hastie proposed the elastic net (EN) method by incorpo-
rating both the L; and L, norms into a simple linear
model (Zou & Hastie, 2005b). The simple linear model
and EN method can be defined as

min ) (i —ox;)%, (2)

@ -
i=1

1 2 1 2
min>— y=Xol +usplol, +51-Ploll, ()

where X and y are the feature vector and the class label
(i.e., positives and negatives), respectively, while n and @
indicate the number of samples and the regression coeffi-
cient, respectively.

2.4 | Synthetic minority over-sampling
technique

As mentioned above, the training dataset was imbal-
anced between positive and negative samples, which
could degrade the model performance. To mitigate the
effect of data imbalance, we applied the SMOTE method
to create new minority samples (positive samples)

B ey WILEY-L 2o

(Chawla et al., 2002). To date, this method has been suc-
cessfully applied to various biological and chemical clas-
sification problems (Hassan et al., 2023; Jiang
et al., 2024; Kabir et al., 2018; Schaduangrat et al., 2019;
Zhou et al., 2022). In SMOTE, Euclidean distance is
used to compute the distances between x and the minor-
ity samples to generate new samples according to the fol-
lowing formula:

Xnew =X +rand(0,1) X |x —x,|,i=1,...,h, (4)

where Xxpe, and x are the SMOTE-based and original
positive samples, respectively. After applying the SMOTE
method, the balanced training dataset contained 498 posi-
tive and 498 negative samples.

2.5 | Gated recurrent unit

Deep learning (DL) models have so far achieved satisfac-
tory prediction results in bioinformatics and related tasks.
One well-regarded DL method is the GRU, which is a
type of long short-term memory (LSTM) and an
improved version of the recurrent neural network (RNN).
The RNN has a limitation known as the vanishing gradi-
ent problem in its network structure. To address this,
GRU was developed with a specialized network architec-
ture that uses a gating mechanism. As a result, GRU can
naturally learn and retain long-term dependency infor-
mation. In GRU, there are two important gates (i.e., the
update gate (z;) and the reset gate (r;)). After obtaining
feature embeddings, each layer of GRU can be computed
as follows:

(i) Update gate: This gate enables the model to decide
the extent of past information (from prior time steps) that
should be retained and carried forward. The formula
used to compute z; at the current time ¢ is defined as
follows:

t=—0 (CZ.[h[_l,xt] + bZ’ (5)

where x; and h;_; represent the input at time ¢ and the
hidden state at time t — 1, respectively. Meanwhile, W is
the weight, and b is the bias. Consequently, z; and r;
determine the information that can be employed as the
final output.

(ii) Reset gate: This gate calculates how much of the
past information is forgotten:

r[:(T(Wr.[htfl,x[]‘Fbr, (6)

(iii) Employing r; to store relevant information from
the past:
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h[ - (1 - Z[) O h[71 +Z[ O ]’;t, (7)

where h, = tanh(W.[r, O hy_1,x;] + b and O represents the
Hadamard product. Finally, the sigmoid activation func-
tion is applied in the final output layer, formulated as
follows:

Sigmoid(x) = m. (8)

2.6 | Performance evaluation

This study used six commonly employed performance
metrics for binary classification tasks, including F1,
BACC, MCC, SN, specificity (SP), and the area under the
receiver operating curve (AUC) (Akbar et al., 2022;
Akbar, Raza, & Zou, 2024; Azadpour et al., 2014), to eval-
uate the performance of the proposed models. SN, SP,
BACC, MCC, and F1 are defined as follows:

TP
N—_ P 9)
(TP +FN)
TN
sp—_ N (10)
(TN + FP)
BACC:SN;SP, (1)

TP x TN —FP x FN

MCC = ,
/(TP +FP)(TP +FN)(TN + FP)(TN + FN)
(12)
TP
Fl=2x— . (13)
2TP+FP+FN

Here, TP and TN refer to the numbers of correctly
predicted positive and negative samples, respectively,
while FP and FN denote the numbers of falsely predicted
positive and negative samples (Amjad et al., 2024; Arif
et al., 2024; Arshad et al.,, 2024; Kanwal et al., 2024,
Kurata et al., 2022; Manavalan et al., 2019).

3 | RESULTS AND DISCUSSIONS

3.1 | Amino acid composition analysis

In this section, we performed amino acid composition
analysis to highlight significant trends in amino acid

preferences. As can be seen in Figure 2, proline
(P) appears more frequently in peptides with higher
activity (16.51%) compared to those with lower activity
(14.32%), suggesting its potential role in enhancing ACE
inhibition. Similarly, glutamic acid (E) shows a marked
contrast, being present in 5.35% of active peptides versus
only 1.15% in inactive ones, underscoring its beneficial
effect on inhibitory activity (Sun et al.,, 2019; Wang
et al., 2021). Additionally, amino acids such as glycine
(G) and serine (S) are more abundant in active peptides,
further supporting their significance in structural config-
urations favorable for ACE inhibition (He et al., 2021;
Liu et al., 2021). On the other hand, amino acids like
tyrosine (Y) and cysteine (C) are more common in less
active peptides, suggesting a potential negative impact on
ACE inhibition (Sarbon, Howell, & Ahmad, 2019; Wang
et al., 2021). The importance of hydrophobic residues at
the N- and C-termini of peptides is also emphasized, with
research indicating that terminal residues such as leucine
(L), isoleucine (I), and proline (P) enhance ACE binding
and inhibitory capacity (Sun et al, 2019; Wang
et al., 2021). Experimentally validated datasets are essen-
tial, as they ensure that predictive models are based on
biological data rather than solely on theoretical or com-
putational assumptions. This makes these datasets indis-
pensable for the rational design of novel ACE inhibitors
for therapeutic applications.

3.2 | Performance of different feature
encodings

As mentioned in Section 2.2, ESM-2, PortT5, ESM-vl,
BPF, FEGS, FastText, and BERT were used to extract
320-D, 1024-D, 1280-D, 560-D, 578-D, 100-D, and 768-D
feature vectors, respectively. To assess the discriminative
ability of these feature encoding methods in identifying
ACE inhibitory peptides, we constructed and evaluated
the performance of GRU models using these feature vec-
tors in a fivefold cross-validation test on the training
dataset. Specifically, we applied seven commonly used
performance measures (i.e., ACC, BACC, SN, SP, MCC,
AUC, and F1) to analyze the performance of each feature
encoding. The detailed prediction results of these encod-
ings based on two standard evaluation strategies are
recorded in Table 1. From Table 1, the MCC scores of
ESM-2, PortT5, ESM-v1, BPF, FEGS, FastText, and BERT
are 0.877, 0.898, 0.875, 0.799, 0.775, 0.505, and 0.864,
respectively. It is notable that the top-three features,
including PortT5, ESM-2, and ESM-v1, were derived from
PLM-based feature encoding methods. In terms of AUC
scores, as depicted in Figure 3, PortT5, ESM-2, and
ESM-vl also outperformed other feature encodings.
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TABLE 1 Performance of seven feature encoding schemes in identifying ACE inhibitory peptides on the training dataset.
Descriptor BACC SN SP MCC F1 AUC
ESM-2 0.938 0.924 0.952 0.877 0.924 0.977
PortT5 0.947 0.922 0.972 0.898 0.935 0.976
ESM-v1 0.937 0.925 0.950 0.875 0.924 0.972
BPF 0.899 0.871 0.926 0.799 0.873 0.955
FEGS 0.888 0.862 0.914 0.775 0.861 0.942
FastText 0.750 0.701 0.799 0.505 0.688 0.837
BERT 0.932 0.919 0.946 0.864 0.917 0.959
Fusion 0.951 0.944 0.958 0.901 0.940 0.980
(a) (b)
ESM-2 BN ESM-v1 FEGS BERT B Fusion
1.0 BN PortTS5 ~ W BPF FastText 1.0 = = —
0.8 3 0.8 ﬁ
[J] o /
£ g
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0.2 B FEGS (AUC = 0.942)
FastText (AUC = 0.837)
BERT (AUC = 0.959)
0.0 = Fusion (AUC = 0.980)
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FIGURE 3 Performance comparison of seven feature encoding schemes on the training (a,b) and independent test (c,d) datasets.

Interestingly, the best-performing feature was obtained
from PortT5, achieving a BACC of 0.947, SN of 0.922, SP
of 0.972, MCC of 0.898, F1 of 0.935, and AUC of 0.976.
This indicates that PLM-based feature embeddings might

be beneficial for capturing crucial information in ACE
inhibitory peptides. Although PortT5 provides reasonable
results, its generalizability remains unsatisfactory. Rather
than selecting a single best feature encoding to develop
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the model, we combined multiple feature representations
to provide more comprehensive information. Herein, we
combined ESM-2, PortT5, ESM-v1, BPF, FEGS, FastText,
and BERT to generate fused features with a 4630-D fea-
ture vector (Fusion). As can be seen from Table 1, fusion
outperformed other feature representations in terms of
BACC, SN, MCC, F1, and AUC scores.

3.3 | Analyzing the effect of the data
balancing technique on predictive
performance

Since the number of positive samples in the training
dataset is less than that of negative samples, models
trained with this dataset tend to be biased toward the
negative class (Bourel et al., 2021; Mahmud et al., 2021).
Herein, the SMOTE technique was thus applied to gener-
ate positive samples that were equivalent in number to
the negative samples. In addition, we applied an under-
sampling technique to address the imbalance problem.
The training datasets (positive and negative) generated
using the SMOTE and under-sampling techniques con-
sisted of (498 and 498) and (318 and 318) samples, respec-
tively. The performance of models trained with three
different training datasets is provided in Table 2, where
the control refers to the original training dataset. Table 2
shows that the model trained with the SMOTE-based bal-
anced training dataset achieved the highest MCC scores
across both evaluation strategies. On the independent test
dataset, the SN, SP, MCC, F1, and AUC scores of this
model were 0.816, 0.906, 0.726, 0.827, and 0.918, respec-
tively. Altogether, we employed the SMOTE-based bal-
anced training dataset to develop the new model
proposed in this study.

3.4 | Analyzing the impact of the feature
selection method on predictive
performance

Although the SMOTE technique improved the SN score
on the training dataset, its SN score on the independent
test dataset was lower than that of the under-sampling
technique. The possible reason is that the number of fea-
tures was larger than the size of the training dataset,
potentially leading to dimensionality issues and overfit-
ting (Chowdhury et al., 2017; Mahmud et al., 2021). To
solve this problem while improving prediction perfor-
mance, we applied five commonly used feature selection
methods to determine the optimal feature subsets, includ-
ing LASSO (Mahmud et al., 2024; Tibshirani, 1996), EN
(Arif et al., 2021), mRMR (Zou et al., 2016), PCA (Yan

et al., 2024), and MRMRD (Zou et al., 2016). The num-
bers of selected important features obtained by LASSO,
EN, mRMR, PCA, and MRMRD were 264, 325, 200, 1000,
and 100, respectively. We then input these optimal fea-
ture subsets into GRU models and evaluated their perfor-
mance in terms of F1, AUC, BACC, MCC, SN, and SP
across both evaluation strategies, as summarized in
Figure 4 and Table 3. As can be seen, the cross-validation
MCC scores of LASSO, EN, mRMR, PCA, and MRMRD
are 0.964, 0.929, 0.904, 0.898, and 0.842, respectively. This
suggests that LASSO achieved the best performance, with
EN and the control obtaining the second and third high-
est MCC scores, respectively. Although EN's cross-
validation MCC score was slightly lower than that of
LASSO (0.964 versus 0.929) and the control (0.935 versus
0.929), its prediction results on the independent test data-
set outperformed those of the other methods across all
performance metrics. Remarkably, the BACC, SN, SP,
MCC, F1, and AUC scores of EN were 0.948, 0.934, 0.961,
0.895, 0.934, and 0.983, which were 7.84%, 8.66%, 11.84%,
5.47%, 16.91%, 10.75%, and 6.50% higher than the control,
respectively, highlighting the contribution of the optimal
feature subset obtained by EN in precisely identifying
ACE inhibitory peptides on both the training and inde-
pendent test datasets. Therefore, we applied the optimal
feature subset obtained by EN to construct our proposed
model. As shown in Figure 5, this optimal feature set
consists of 325 features derived from 32 ESM-2, 73 PortT5,
36 ESM-v1, 119 BPF, 43 FEGS, 6 FastText, and 16 BERT
features. This indicates that the top four important fea-
ture descriptors are from BPF, PortT5, FEGS, and ESM-
v1, accounting for 36.62%, 22.46%, 13.23%, and 11.08%,
respectively. This finding reaffirms the value of PortTS5,
FEGS, and ESM-vl in capturing critical information
about ACE inhibitory peptides. These results are consis-
tent with previous work (Du et al., 2024), where the LR
classifier coupled with ESM-2 feature embedding demon-
strated superior performance.

3.5 | Multi-view features contribute to
performance improvement

As aforementioned, we combined different sources of
information to generate multi-view features, enabling the
capture of critical information about ACE inhibitory pep-
tides. To demonstrate the impact of combining different
perspectives, we first compared the performance of our
proposed features with that of their constituent feature
descriptors (i.e., ESM-2, PortT5, ESM-vl, BPF, FEGS,
FastText, and BERT). Table S2 summarizes the predic-
tion results of our proposed features and their constituent
feature descriptors. From Table S1, our proposed features
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TABLE 2 The influence of different data balancing methods over the cross-validation and independent tests.
Evaluation strategy Method BACC SN SP
Cross-validation Control 0.951 0.944 0.958

Under-sampling 0.942 0.940 0.944

SMOTE 0.967 0.982 0.952

Independent test Control 0.851 0.803 0.898

Under-sampling 0.842 0.855 0.828

SMOTE 0.861 0.816 0.906
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FIGURE 4 Performance comparison of different feature selection methods on the training (a) and independent test (b) datasets.
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achieved the best prediction results in terms of BACC,
SN, MCC, AUC, and F1, as indicated by the cross-
validation strategy. Furthermore, when comparing the
best-performing individual feature descriptor (PortT5) on
the independent test, our proposed features demonstrated
significantly superior predictive performance, with 9.46%

(a) (b)
ESM-2 32 BERT  FastText
PortTs 73
ESM-v1 36
BPF 119
FEGS 43
FastText 6
BERT{ 16
0 50 100
Number W ESM-2 M ESM-v1 FEGS BERT
PortT5 M BPF FastText
FIGURE 5 Analysis of the optimal feature set. The number

(a) and proportion (b) of each type feature embedding selected from
the optimal feature set.

higher BACC, 15.79% higher SN, 17.11% higher MCC,
and 11.48% higher F1. Additionally, to intuitively analyze
the discriminative ability of our multi-view features, we
projected both our proposed features and the constituent
feature descriptors into a 2-D feature space using the
well-known feature reduction method (t-Distributed Sto-
chastic Neighbor Embedding (t-SNE)) (Boschin
et al., 2014). Figure 6 displays the t-SNE visualization of
ESM-2, PortT5, ESM-vl, BPF, FEGS, FastText, BERT,
and our proposed features. As shown in Figure 61, the
two classes are clearly distinguishable through the multi-
view features.

Secondly, we conducted ablation experiments to
investigate how different views of features contribute
to performance improvement. The ablation experiments
were performed by designing and testing several variants
of GRU4ACE. Taking ESM-2 as an example, GRU4ACE
trained solely on 32 ESM-2 features was defined as
GRU4ACE_ ESM-2. Herein, the performance of seven
variants of GRU4ACE was assessed using two standard
evaluation strategies, with the prediction results recorded
in Table S3. It could be observed that GRU4ACE signifi-
cantly outperformed its variants in both cross-validation
and independent tests. Impressively, the BACC and AUC

FIGURE 6
ability of different feature embedding
by t-distributed stochastic neighbor
embedding (t-SNE).

Analysis of feature
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achieved by GRU4ACE were 20.19%-44.76% and 15.84%~—
43.17% higher, respectively, than those of all the variants
in the independent test. Altogether, the combination of
different views of information enables the model to cap-
ture critical and diverse information about ACE inhibi-
tory peptides, thereby contributing to the improved
performance of ACE inhibitory peptide prediction.

3.6 | Comparison of GRU4ACE with
well-regarded machine learning and deep
learning methods

Selecting a suitable classifier is crucial for obtaining reli-
able and stable and prediction models (Basith et al., 2020;
Charoenkwan et al., 2021; Charoenkwan et al., 2022;
Manavalan et al, 2019; Shoombuatong, Homdee,
et al., 2024; Shoombuatong, Meewan, et al., 2024). To
confirm the effectiveness of GRU, we compared its per-
formance with popular ML and DL classifiers using two
standard evaluation strategies. In this study, the classi-
fiers used for comparative analysis included 5 DL
classifiers (i.e., CNN-BiGRU, DNN, CNN-GRU, LSTM,
and GAN) (Table S4) and 12 ML classifiers (i.e., MLP,
RF, LR, SVM, light gradient boosting machine (LGBM),
partial least squares (PLS), k-nearest neighboring (KNN),
extremely randomized trees (ET), naive Bayes (NB), deci-
sion tree (DT), AdaBoost (ADA), and extreme gradient
boosting (XGB)) (Table S5). For a fair performance com-
parison, all ML and DL models were constructed based
on the selected 325 features, and their prediction perfor-
mance was evaluated using five-fold cross-validation and
independent tests on the same benchmark training

(a)
GAN- 0.953 0.922 0.984 0.976 0.988 0.996
LSTM- 0.985 0.990 0.980 0.970 0.985 0.996
GRU4ACE -  0.964 0.978 0.950 0.929 0.965 0.991
CNN-GRU - 0.938 0.950 0.926 0.939 0.978
MLP - 0.937 0.961 0.913 0.939 0.985
DNN - 0.937 0.944 0.930 0.937 0.982
LR- 0.938 0.944 0.931 0.938 0.984
SVM- 0.934 0.930 0.933 0.983
CNN-BiGRU - 0.910 0.919 0.910 0.974
LGBM j ): !

ET

XGB

GBDT

RF

ADA

KNN

NB

DT

g v"o B & é‘é’ & v‘)(/
FIGURE 7
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and independent test datasets, respectively (as described
in Figure 7 and Table 4, along with Table S6). Among the
18 classifiers, the top-five were GAN, LSTM, GRU, CNN-
GRU, and MLP, as indicated by cross-validation MCC
scores. This demonstrates that DL methods are well-
suited for identifying ACE inhibitory peptides. The MCC
scores of the top-five classifiers were 0.976, 0.970, 0.929,
0.876, and 0.876, respectively (Figure 7a and Table S6).
On the independent test dataset, the highest MCC scores
of 0.895, 0.874, 0.872, 0.864, and 0.853 were obtained by
GRU, CNN-GRU, CNN-BiGRU, MLP, and LR, respec-
tively (Figure 7b and Table 4). By considering both evalu-
ation strategies, GRU, CNN-GRU, and MLP exhibited
stable performance on both the training and independent
test datasets. Furthermore, compared with other classi-
fiers, GRU achieved the best BACC, MCC, and AUC
across both standard evaluation strategies, highlighting
that GRU not only has high prediction accuracy but also
excellent generalization ability. Therefore, we selected
GRU in conjunction with the selected 325 features to
construct the proposed GRU4ACE model.

3.7 | Comparison of GRU2ACE with the
existing methods

To demonstrate the superiority of the proposed
GRU4ACE model, we compared its performance with
state-of-the-art methods. Although many computational
models have been developed to predict ACE inhibitory
peptides, these models are often trained on datasets with-
out a clear bioactivity threshold (Du et al., 2024).
Recently, Du et al. (2024) established a reliable and

(b)
GAN - 0.900 0.945 0.810 | )rA) 0.958
LSTM - 0.915 '0.868 @ 0.961 0.898 0.982
GRU4ACE - 0.948 0.961 0.895 0.934 0.983
CNN-GRU - 0.937 0953 | 0.874 0.921 0.972
MLP-  0.920 0.984 0.864  0.909 0.980
DNN - 0.908 0.961 0.890 0.970
LR- 0.916 0.977 0.903 0.980
SVM - 0.896 0.977 0.879 0.985
CNN-BIGRU - 0934 | 0.872 0.938 0.988
LGBM 0.938 0.703 0.928
ET 0.953 0.673 0.914
XGB - 0.938 0.724 0.932
GBDT 0.930 0.724 0.933

RF 0.938 0.660
ADA £ 0.648
KNN 0.828 0.586

NB 0.898 0.582

DT 0.813 0.413

& & K & <& Y

Heat-map of the prediction performance of different ML and DL classifiers in terms of the cross-validation (a) and
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Method BACC SN SP MCC
DT 0.702 0.592 0.813 0.413
NB 0.778 0.658 0.898 0.582
KNN 0.796 0.763 0.828 0.586
ADA 0.810 0.697 0.922 0.648
RF 0.811 0.684 0.938 0.660
GBDT 0.853 0.776 0.930 0.724
XGB 0.850 0.763 0.938 0.724
ET 0.812 0.671 0.953 0.673
LGBM 0.837 0.737 0.938 0.703
CNN-BiGRU 0.936 0.938 0.934 0.872
SVM 0.896 0.816 0.977 0.822
LR 0.916 0.855 0.977 0.853
DNN 0.908 0.855 0.961 0.831
MLP 0.920 0.855 0.984 0.864
CNN-GRU 0.937 0.921 0.953 0.874
LSTM 0.915 0.868 0.961 0.842
GAN 0.900 0.855 0.945 0.810
GRU (GRU4ACE) 0.948 0.934 0.961 0.895
m
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FIGURE 8 Performance comparison of GRU4ACE with the

existing method over the independent test.

up-to-date dataset for constructing pLM4ACE. To make a
fair comparison, we compared the performance of our
model against pLM4ACE. Since three models were devel-
oped in pLM4ACE (i.e., pPLM4ACE (ESM-LR), pLM4ACE
(ESM-SVM), and pLM4ACE (ESM-MLP)), we compared

F1 AUC TABLE 4 Performance comparison
of GRU4ACE with conventional ML

0.621 0.702 and DL methods over the

0.719 0.829 independent test.

0.744 0.858

0.763 0.907

0.765 0.918

0.819 0.933

0.817 0.932

0.767 0.914

0.800 0.928

0.938 0.988

0.879 0.985

0.903 0.980

0.890 0.970

0.909 0.980

0.921 0.972

0.898 0.982

0.878 0.958

0.934 0.983

GRU4ACE with these three pLM4ACE models. The per-
formance of GRU4ACE and three pPLM4ACE models was
evaluated based on the independent test. As shown in
Figure 8 and Table 5, GRU4ACE outperformed the three
PLM4ACE models in terms of BACC, SN, SP, MCC, and
AUC. To be specific, the MCC score of our model was
0.895, which was 18.41%, 15.51%, and 12.51% higher than
pLM4ACE (ESM-MLP), pLM4ACE (ESM-SVM), and
PLM4ACE (ESM-LR), respectively. In addition, the
BACC, SN, and SP scores of our model were higher than
those of the three compared models by ranges of 6.46%—
9.26%, 8.92%-11.92%, and 4.09%-6.59%, respectively.
Taken together, the comparative results showed that
GRU4ACE outperformed existing methods and achieved
significantly better performance, especially in terms of
SN and MCC. This evidence is sufficient to indicate that
GRU4ACE can effectively reduce the number of false
negatives, which is beneficial for the prioritizing candi-
date ACE inhibitory peptides.

4 | CONCLUSIONS

Accurate and cost-effective identification of peptides
with ACE inhibition ability plays a significant role in
expediting the discovery of new potential antihyperten-
sive drugs. Therefore, an innovative GRU-based compu-
tational framework, GRU4ACE, was developed to
identify ACE inhibitory peptides through the
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TABLE 5 Performance comparison of GRU4ACE with the baseline models and existing predictors on the independent dataset.
Method BACC SN Sp MCC AUC
PLM4ACE (ESM-LR) 0.883 0.845 0.920 0.770 0.960
pLM4ACE (ESM-SVM) 0.867 0.825 0.910 0.740 0.955
pLM4ACE (ESM-MLP) 0.855 0.815 0.895 0.711 0.951
GRU4ACE 0.948 0.934 0.961 0.895 0.983

integration of multi-source feature embeddings, includ-
ing conventional feature descriptors, NLP-based embed-
dings, and pre-trained PLM-based embeddings.
Through a series of comparative experiments, we found
that the proposed multi-view features exhibited remark-
ably outstanding prediction performance compared to
single feature descriptors. When compared with well-
regarded ML and DL methods, GRU4ACE attained the
best predictive performance in terms of BACC, MCC,
and AUC scores across both standard evaluation strate-
gies. In the independent test, GRU4ACE significantly
outperformed pLM2ACE in terms of BACC, SN, and
MCC scores. Specifically, the BACC, SN, and MCC
scores of GRU4ACE are 0.948, 0.934, and 0.895, which
are 6.46%, 8.92%, and 12.51% higher than those of
PLM2ACE, respectively. Experimental results showed
that GRU4ACE was highly effective and outperformed
other models in identifying ACE inhibitory peptides,
attributed to the following factors: (i) GRU4ACE was
developed and optimized using a reliable and high-
quality benchmark dataset. (ii) GRU4ACE exploited
multi-source feature embedding methods to encode the
information embedded in ACE inhibitory peptides. The
resulting feature embeddings effectively captured cru-
cial information, including sequential, graphical,
semantic, and contextual information. This approach
contrasts with the existing method (pLM2ACE), which
relied on a single PLM embedding (ESM-2). (iii) Several
well-known feature selection methods were applied and
tested to determine the optimal feature subset for this
prediction task. We anticipate that GRU4ACE will con-
tribute to community-wide efforts for high-efficiency
detection and assessment of peptides with ACE inhibi-
tion ability, accelerating the discovery of new potential
antihypertensive drugs.

Although GRU4ACE significantly improved the iden-
tification of ACE inhibitory peptides, there are still some
limitations. Firstly, to enhance the interpretability of
GRU4ACE, we plan to apply a propensity score represen-
tation learning scheme (Charoenkwan, Chumnanpuen,
et al., 2023; Charoenkwan, Pipattanaboon, et al., 2023) to
generate propensity scores of amino acids and dipeptides
and integrate these scores into GRU4ACE. Secondly, we

aim to extract structural information by converting
FASTA-formatted ACE inhibitory peptides into their cor-
responding SMILES format (Charoenkwan,
Kongsompong, et al., 2023; Shoombuatong, Meewan,
et al., 2024; Wei et al., 2021). Then, we will employ popu-
lar molecular encoding methods, such as PubChem,
AP2D, CDK, KR, FP4C, and MACCS, to generate molec-
ular fingerprints. Finally, we will develop an online web
server for GRU4ACE to enable rapid identification and
detailed profiling of ACE inhibitory peptides.
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