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Abstract—Therapeutic peptides play a vital role in de-
veloping peptide-based drugs. Recently, they have been ap-
plied as anti-inflammatory agents for a range of inflamma-
tory conditions, including Alzheimer’s disease and rheumatoid
arthritis. Laboratory-based identification of peptides with anti-
inflammatory properties is a highly time-consuming and labor-
intensive endeavor. To tackle this issue, researchers have devel-
oped computational methods, primarily centered on machine
learning, to streamline the procedure. This paper presents
AIPPT, an intelligent and computationally efficient prediction
tool that introduces a novel stacking framework for the reliable
identification of anti-inflammatory peptides (AIP). The study
specifically employs a combination of four feature encodings,
where their importance is assessed using the LightGBM method
to create an optimal feature subset, which is then input to
the three classifiers. The output probabilities from the three
classifiers are further fed into a meta-classifier, constructing a
two-layer stacking model. Subsequently, the output probabilities
from the three classifiers are incorporated into a meta-classifier,
establishing a two-layer stacking model. Subsequently, the output
probabilities from the three classifiers are incorporated into a
meta-classifier, establishing a two-layer stacking model.

Index Terms—anti-inflammatory peptides, machine learning,
stacking, feature encodings

I. INTRODUCTION

Inflammation constitutes a natural defensive response of
the body to harmful stimuli, such as injuries and infections,
which pose potential harm to affected tissues [1]. Inflammation
serves as the common origin of numerous chronic diseases,
such as cardiovascular disease, autoimmune diseases, rheuma-
toid arthritis and varicose veins. Treatment of inflammatory
disorders typically involves the use of biologic agents and
non-specific small molecule drugs, potentially resulting in
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undesirable side effects [2]. Peptide therapy, under normal
circumstances, is more specific and less toxic than small
molecule drugs. Peptide therapies represent a superior choice
for the treatment of inflammatory and autoimmune diseases,
and they have been widely embraced in medical practice [3].
Anti-inflammatory peptides (AIPs) are an essential constituent
of the immune system in multicellular organisms, including
humans [4]. Anti-inflammatory peptides play a pivotal role
in various infectious diseases, such as systemic inflamma-
tory response syndrome, bronchial asthma, Hepatitis B virus
(HBV) infection, and acute pancreatitis. In conclusion, Anti-
inflammatory peptides exert anti-inflammatory and protective
effects on the body in numerous infectious diseases, offering
an appealing avenue for disease treatment [5, 6].
Researchers in the field have developed several intelligent
predictive models in the literature to distinguish AIPs [7, 8].
Numerous researchers strive to utilize machine learning al-
gorithms in the pursuit of identifying AIP [9]. For instance,
Gupta et al. introduced AntilnFlam [10], a model constructed
by combining TPC and motif features as inputs for SVM
[11]. Manavalan et al. proposed a Random Forest (RF)-
based method [12, 13] called AlPpred for AIP prediction
[14], as DPC-based models demonstrated notably better per-
formance than other combination-based models [15]. Forest-
based random feature selection was employed on the DPC
to identify the most effective features for predicting AIPs.
Khatun et al. also introduced PreAIP using RF and incor-
porated three distinct types of features [16]. Zhang et al.
introduced AlIEpred, which employs Pseudo (PSE) and Dis-
crete Wavelet Transform (DWT) to convert the variable-length
coding matrix into equidimensional features [17]. The method



selects significant features using the t-test. Six distinct feature
datasets are employed to construct various base classifiers,
which are subsequently integrated. Zhao encoded samples with
multiple features, including AAC [18], DDE [15], and GDC
[19]. The optimal feature subset is generated via a two-step
feature selection process. This optimal subset was employed
as the input for developing iAIPs with the RF classifier.
In the recently developed AlPstack [20], peptide sequences
were represented using hybrid features that amalgamated two
amino acid composition descriptors. Subsequently, a stacking
ensemble model was constructed, utilizing random forests and
extremely randomized trees as base-classifiers, with logistic
regression [21] serving as the meta-classifier to aggregate the
outputs from the base-classifiers.

In our analysis of the AIP method, we observed that existing
predictors, such as AlPpred, exclusively employ a single fea-
ture encoding, potentially overlooking valuable information.
These methods, including Antilnflam, AIPpred, PreAIP, and
IAIPs, all rely on a single machine learning classifier. Nonethe-
less, ensemble learning offers the advantage of seamlessly
integrating multiple individual models into a unified entity,
resulting in enhanced prediction accuracy, stability, and robust-
ness. However, if the dimensionality of the features used in
the fusion process is excessively high, it can lead to a “dimen-
sional disaster”. Merging multiple features without discretion
can introduce an excess of information, thereby impacting the
prediction’s effectiveness. The hybrid encoding utilized in the
AlPstack method lacks a feature selection mechanism, poten-
tially leading to unwarranted dimensionality. To address the
aforementioned issues, this study developed an intelligent and
computationally efficient predictive tool for anti-inflammatory
peptides. We conducted an extensive exploration of feature
encoders and classifiers, ultimately selecting three machine
learning methods and four distinct feature encodings: AAC,
ASDC [22, 23], DDE, and CTDD [24, 25, 26]. In the context
of various biological problems, it is well-established that
multiple features can effectively discriminate between positive
and negative instances. Subsequently, by employing feature
selection strategies, we identify the most relevant features.
Feature selection serves to eliminate redundancy, decrease
training time, and enhance model accuracy. Ultimately, we
constructed a stacked ensemble model for predictive purposes.
Extensive research has consistently demonstrated the superior
performance of ensemble learning models compared to single
algorithm-based models. Our experimental results unambigu-
ously illustrate the superior performance of the proposed
method in comparison to existing approaches.

II. MATERIALS AND METHODS

Figure 1 illustrates the comprehensive framework of AIPPT
as introduced in this study. Step A involves establishing a
baseline model for assessing the performance of the algorithms
and encodings. During Step B, LightGBM [27] is employed
to assess the importance of features obtained from the com-
bination of the four encodings, facilitating the selection of
the optimal feature subset. Step C involves feeding the output
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probabilities from the first layer into the second-layer meta-
classifier, which is LR, for prediction purposes. Step D entails
the evaluation of the model’s prediction results.

A. Dataset preparation

Obtaining a benchmark dataset is essential for training
our intelligent computational model. This acquisition ensures
accurate evaluation of our proposed method’s predictive per-
formance and enables equitable comparisons with existing
models. We employed the dataset from the recently proposed
method “AlPstack”. The dataset was initially sourced from the
IEDB database [28]. Sequences with a similarity exceeding
80 percent are excluded. The training dataset comprises 1511
AlIPs and an equal number of non-AIPs samples. The test
dataset consists of 168 AIPs and an equivalent number of
non-AlIPs instances. The independent dataset encompasses 187
AIPs and an equal number of non-AIPs samples. Additionally,
we utilized the test dataset of the Manavalan2018 dataset.
The Manavalan2018 dataset enjoys widespread use, and we
employ its test dataset to compare performance against some
prior methods. Table I displays the sample distribution for each
dataset.

TABLE I
THE NUMBER OF SAMPLES OF THE DATASET USED FOR THIS EXPERIMENT
Positive ~ Negative
BD1-training 1511 1511
BD1-testing 168 168
BDI-ind 187 187
Manavalan2018-test 420 629

B. Feature encoding scheme

We employed thirteen sequence-based feature codes in this
study to represent peptides. These feature encodings encom-
pass AAC, ASDC, APAAC, CTDC, CTDT, CTDD, DDE,
DPC, GAAC, GDPC, GTPC, KSCird, and CTirad. The de-
scriptions and dimensions for each of these feature encodings
are presented in Table II. We generated these descriptors using
both the iFeature and Pfeature toolkits [29].

C. Machine learning method

In machine learning, predictive performance hinges not only
on feature encoding but also on classifier selection. In this
study, we utilized eight distinct machine learning classifiers:
Adaptive Boosting (AdaBoost) [35], Random Forest (RF),
Gradient Boosting Decision Tree (GBDT) [36], K-Nearest
Neighbor (KNN) [37], Support Vector Machines (SVM),
Logistic Regression (LR), Light Gradient Boosting Machine
(LightGBM), and eXtreme Gradient Boosting (XGBoost) [38].
We implemented all classifier models using Scikit-learn ver-
sion 1.1.1. For hyperparameter optimization, we utilized both
grid search and Bayesian search techniques. Additionally, we
employed 10-fold cross-validation. In each cross-validation
fold, diverse hyperparameter combinations were explored for
each machine learning classifier, and we selected the best
hyperparameters based on the highest accuracy (ACC).
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Fig. 1. The overall framework of our proposed approach.

SUMMARY OF 13 SEQUENCE-BASED FEATURE DESCRIPTORS

LogisticRegression

TABLE I

Feature descriptors Description Dimension References
Amino acid composition Appearance number of 20 . .
(AAC) different amino acids 20-dimensional (18]
Adaptive skip dipeptide Adaptive skip dipenfid tiond00-di ional (22, 23]
composition (ASDC) aptive skip dipeptide composition400-dimensiona ,
Amphiphilic Pseudo-Amino
Acid Composition(series) Pseudo-amino acid composition 25-dimensional [30, 31]
(APAAC)
Composition (CTDC) Percentage of particular amino 39-dimensional (24, 25, 26]
acid propert groups
Transition (CTDT) Percentage of mutual conversion 39-dimensional [24, 25, 26]
in amino
Distribution (CTDD) Distribution of amino acid 195-dimensional [24, 25, 26]
properties
Dlpeptld(%;ocn)lposmon Dipeptide composition 400-dimensional [15]
Grouped amino acid composition Physicochemical properties of . .
(GAAC) amino acid 5-dimensional [18, 32, 33]
Dipeptide deviation from Dipeptide deviation from . .
expected mean(DDE) expected mean 400-dimensional [15]
Grouped dipeptide composition Physicochemical properties of . .
(GDPC) dipeptides 25-dimensional [32]
Grouped tripeptide composition Physicochemical properties of . .
(GTPC) tripeptides 125-dimensional [18, 32]
K-spaced conjoint triad .. . . .
(KSCTriad) K-spaced conjoint triad 343-dimensional [32]
Conjoint triad .. . . .
(CTriad) Conjoint triad 343-dimensional [34]
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D. Performance evaluation metrics

Machine learning utilizes a range of performance metrics to
evaluate the predictive accuracy of intelligent models. In this
study, we employ specific performance evaluation metrics to
accurately assess the proposed predictive factors.

Here, TP stands for True Positive, FP for False Positive, TN
for True Negative, and FN for False Negative. We evaluate
the classifier’s performance using six distinct metrics, each
offering a unique perspective. Precision and Sensitivity (SE)
predominantly evaluate the classifier’s capability to predict
positive samples, while Specificity (SP) emphasizes its ability
to predict negative samples. The Matthews Correlation Coef-
ficient (MCC) quantifies the correlation between actual class
labels and predicted labels. AUC represents the Area Under
the ROC Curve, illustrating the relationship between the True
Positive Rate (TPR) and False Positive Rate (FPR) of a model
[39, 40].
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III. RESULTS
A. Baseline model

During model construction, we utilized a total of 8 machine
learning (ML) algorithms and 13 peptide sequence descriptors.
For assessing the discriminative ability of these algorithms
and descriptors in AIP classification, we created 104 baseline
models on the training dataset, without hyperparameter tuning,
and assessed their performance on the testing dataset. Figures
2 and 3 depict the AUC scores acquired from both the training
and testing datasets. Tree-based models, such as RF, Light-
GBM, and XGBoost, exhibit strong performance. Particularly
noteworthy is the baseline model, which employed the RF
algorithm in conjunction with the CTDD descriptor, achieving
the highest performance on the training dataset with an AUC
of 0.8264. The second-best performance on the training dataset
was accomplished by the baseline model utilizing XGBoost,
which also incorporated the CTDD descriptor, resulting in
an AUC of 0.821. Furthermore, with the inclusion of the
CTDD descriptor, LightGBM and XGBoost exhibited superior
performance compared to other descriptors. Moreover, within
the ensemble model utilizing LightGBM, XGBoost, and RF
as the base classifiers, we identified the most effective encod-
ings, namely ASDC, AAC, and DDE, in addition to CTDD.
Consequently, we selected DDE, AAC, CTDD, and ASDC for
further investigation.
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Fig. 2. The performance results of the baseline model on the training dataset.
In the figure, the horizontal axis represents eight machine learning models,
and the vertical axis represents 13 feature encodings, collectively constituting
104 (8 x 13) baseline models.
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Fig. 3. The performance results of the baseline model on the testing dataset.In
the figure, the horizontal axis represents eight machine learning models, and
the vertical axis represents 13 feature encodings, collectively constituting 104
(8 x 13) baseline models.
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Hybrid Encoding may encompass high-dimensional fea-
tures, leading to information redundancy that can adversely
impact the model’s performance and increase computational
complexity. Consequently, a two-step feature optimization
methodology is utilized to identify the most appropriate subset
of features. Initially, the feature sorting process employs the
LightGBM method to rank feature importance. Subsequently,
we apply the Incremental Feature Selection (IFS) strategy,
guided by accuracy, to determine the optimal feature subset.
We calculated the feature importance of the 1015-dimensional
features using the LightGBM algorithm. Figure 4 presents the
importance scores for the top 30 dimensions features. The
optimal feature dataset consists of 194 dimensions of features,
used for training XGBoost, LightGBM, and RF classifiers. The
optimal feature dataset consists of 194 dimensions of features,
used for training XGBoost, LightGBM, and RF classifiers.
Table III illustrates a performance comparison before and after
feature selection.

TABLE III
COMPARISON OF THE PERFORMANCE OF THE THREE MODELS BEFORE
AND AFTER FEATURE SELECTION ON THE TEST DATASET

Methods Se Sp Pre ACC  AUC  MCC
Before RF 0.726  0.773  0.762  0.750  0.818  0.500
feature LightGBM  0.732  0.767 0.759 0.750 0.826  0.500
selection XGBoost  0.750  0.761  0.759 0.755 0816 0.511
After RF 0.761 0.755 0.757 0.758 0.833 0517
feature LightGBM  0.761  0.773  0.771  0.767 0.830  0.535
selection ~ XGBoost 0.761 0.785 0.777 0.767 0.834 0.536
TABLE IV

COMPARISON OF THE OPTIMAL SINGLE CLASSIFIER XGBOOST AND THE
ENSEMBLE MODEL AIPPT BEFORE AND AFTER

Methods Se Sp Pre Acc Mcc  AUC
XGBoost  0.761  0.785 0.777 0.767 0.834  0.536
AIPPT 0.761  0.785 0.780 0.773  0.838  0.547
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C. Stack model

Following the acquisition of the optimal feature dataset, we
utilized the stacking method to construct the final model[37].
Concretely, we concatenated the output probabilities of the
three classifiers (RF, XGBoost, and LightGBM) that were
based on the optimal feature dataset, creating a new 3-
dimensional feature vector that conveyed multi-view infor-
mation. Subsequently, this 3-dimensional vector was fed into
an LR classifier to establish the ultimate predictor named
AIPPT. We compared the ensemble model AIPPT with the
best-performing individual model XGBoost, as shown in Ta-
ble IV. It is evident that the ensemble model demonstrates
improvements in Precision, ACC, MCC, and AUC.

D. Comparison of current study with previous predictors

The training dataset is identical to AlIPstack. Firstly, let’s
compare with existing methods on the test dataset. This is
depicted in Figure 6, and in line with our findings, our predic-
tive factors surpassed previous methods across all evaluation
metrics, achieving SE of 0.761, SP of 0.785, Precision of
0.780, ACC of 0.773, AUC of 0.838, and MCC of 0.547.
This is depicted in Figure 6, and in line with our findings,
our predictive factors surpassed previous methods across all
evaluation metrics, achieving SE of 0.761, SP of 0.785,
Precision of 0.780, ACC of 0.773, AUC of 0.838, and MCC

of 0.547.
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Fig. 5. Comparison of performance on AlPstack and AIPPT on the test
dataset.
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Fig. 6. Comparison of performance on AlIPstack and AIPPT on the indepen-
dent dataset.

Acc

Employing an independent dataset for evaluation enables
us to validate the model’s predictive performance on novel
and unseen data while assessing its real-world applicability.
To fulfill this objective, we used a test dataset to compare
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its generalization ability with that of existing methods. This
is illustrated in Figure 7, where our approach demonstrated
strong performance, achieving SE of 0.748, SP of 0.721,
Precision of 0.729, ACC of 0.725, AUC of 0.826, and MCC
of 0.470. Remarkably, our method consistently outperformed
existing models in five of the six evaluation metrics, except
for SP. These results strongly indicate that our model exhibits
robust generalization capability and effectively discriminates
anti-inflammatory peptides in practical predictions.

In this study, we also employed the test dataset from
Manavalan2018 to assess our model’s performance. The fig-
ure below provides a comparison of different models us-
ing this dataset. The results depicted in the figure indicate
that our approach achieved Se=0.800, Sp=0.801, ACC=0.800,
MCC=0.593, and AUC=0.787 on this dataset, attaining the
highest scores in SE, ACC, and MCC. This demonstrates
that the proposed method can perform effectively on various
datasets.

TABLE V
COMPARISON OF AIPPT AND EXISTING METHODS ON THE
MANAVALAN2018 TEST DATASET

Methods Se Sp Acc McC  AUC
Antilnflam (LA)  0.258  0.892  0.638  0.197  0.647
Antilnflam(MA)  0.786 0.417 0.565 0.210 0.706

AlEpred 0.555 0.899 0.762 0495 0.767

AlPpred 0.741 0.746 0.744 0479 0.813

iAIPs 0.567 0.874 0.751 0471 0.822
AIPPT 0.800 0.801 0.800 0.593 0.787

E. Limitations of the study

A limitation of this study is the exclusive use of machine
learning classifiers, without incorporating deep learning mod-
els. Deep learning requires extensive datasets, but the available
data for AIP is rather constrained [41]. Another limitation
is the sole exploration of a single feature selection method,
without conducting comparisons with multiple methods. The
third limitation is the lack of a web server development for
practical deployment.

IV. DISCUSSION

Extensive research is conducted on anti-inflammatory pep-
tides for the development of innovative bioactive compounds
and pharmaceuticals. Nevertheless, the precise identification
of potential anti-inflammatory peptides remains a challenging
task. We introduce a novel sequence-based approach called
AIPPT. Comprehensive experiments have shown that our pro-
posed feature representation model effectively distinguishes
between AIP and non-AIP within the feature space.

We investigated eight distinct ML algorithms and thirteen
feature encoding methods. Among these, the combination of
AAC, ASDC, DDE, and CTDD encoding techniques exhib-
ited excellent performance. To handle the increased feature
dimensions arising from the hybrid features, we utilized the
LightGBM algorithm for feature selection to identify the most
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significant ones. In contrast to the prevailing reliance on RF
in the construction of models in existing methods, we adopted
a stacking ensemble approach. This approach utilizes Light-
GBM, RF, and XGBoost as base classifiers, with LR serving
as the meta-classifier. Based on the experimental results, the
ensemble approach outperformed individual machine learning
models.

The final model demonstrated noteworthy enhancements,
with a 3.8-point increase in ACC and a 2.5-point increase in
AUC on the test dataset, surpassing existing methods across
all six evaluation metrics. Similar improvements were noted
during the independent dataset evaluation. Additionally, AIP
surpassed existing methods on the Manavalan2018 dataset.
Additionally, AIP surpassed existing methods on the Man-
avalan2018 dataset. The exceptional performance on unfamil-
iar datasets demonstrated its robustness and reliability.

The theoretical basis for the enhanced AIP performance can
be summarized as follows:

o Exploring a wider range of feature encoding methods,
including those not previously employed.

o Employing a broader range of machine learning methods
for comparison, facilitating the identification of more
suitable approaches.

o Implementing feature selection techniques to choose op-
timal feature subsets and enhance model performance.

o Employing the stacking ensemble method for further
performance enhancement.

The results confirm the enhanced capability of our novel
model in identifying anti-inflammatory peptides, as it sur-
passes other methods in discrimination. Further research and
work are necessary in the future. We plan to develop a
web server for this method and integrate more promising
algorithms, including advanced deep learning methods, to
enhance anti-inflammatory peptide prediction.
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