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a b s t r a c t
Pattern recognition receptors (PRRs) play crucial roles in the innate immune system, and are able to identify
pathogen-associated molecular patterns and damage-associated molecular patterns. Accurate identiﬁcation of
PRRs is essential for understanding their functions. In the present work, a random forest based method was proposed to identify PRRs, in which the sequences were formulated by using the optimal features. In the 10-fold
cross validation test, an accuracy of 80.95% was obtained in identifying PRRs. We wish that the proposed method
will become a useful tool, or at least play a complementary role to the existing predictors for identifying PRRs.
© 2020 Elsevier B.V. All rights reserved.

1. Introduction
Pattern recognition receptors (PRRs), mainly expressed by cells of
the innate immune system, are able to identify pathogen-associated
molecular patterns and damage-associated molecular patterns [1]. According to their ligand speciﬁcity and function, PRRs can be classiﬁed
into four families, namely Toll-like receptors (TLRs), NOD-like receptors
(NLRs), RIG-1-like receptors (RLRs), and C-type lectin receptors (CLRs),
each of them has their speciﬁc functions [2].
PRRs play crucial roles in the innate immune system, such as activation of complement, phagocytosis, initiation of cell activation [3] and inﬂammatory signal transduction [4], induction of apoptosis [5]. Recent
studies have also demonstrated that PRRs are associated with a series
of diseases, such as rheumatic disease [6], cancer, Alzheimer's disease
[7], acute myeloid leukemia [8], asthma [9], etc. However, our knowledge about the functions of PRRs and their mechanisms associated
with diseases are far from satisfactory.
Identifying PRRs is beneﬁcial to reveal their functions and mechanisms. Although a series of experimental methods have been proposed
to identify PRRs, such as immunoﬂuorescence [10] and PAMP binding
assay [11], they are still time consuming and costly. It should be pointed
out that the experimental methods provided invaluable data for building computational methods. Beneﬁting from these experimental data,
a database called PRRDB 2.0 was constructed by Kaur et al., which
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specially deposits pattern-recognition receptors and their ligands [12].
Recently, based on PRRDB 2.0, Kaur et al. developed a computational
method, called PRRpred, to predict PRRs [13]. However, sequences in
the dataset used to train their models share similarities greater than
40%, which might lead to the overestimation of the prediction performance. Therefore, it's necessary to develop a new model based on a
high quality dataset.
In this work, we proposed a random forest based method to identify
PRRs based on the optimal features obtained by using the feature selection method. The rest of the work is organized as following: (1) construct a benchmark dataset; (2) formulate the sequences in the
dataset by using sequence encoding scheme; (3) determine the optimal
features by using feature selection method; (4) evaluate the performance of the proposed method.
2. Materials and methods
2.1. Dataset
Based on the PRRDB 2.0 database [12] and the curated protein sequence database Swiss-Prot [14], Kaur et al. built a dataset including
179 PRRs and 274 non-PRRs, which was used to train and test their
method [13]. However, by performing the sequence clustering program
CD-HIT [15] on this dataset, it was found that there exist sequences with
identify N40%. As indicated in the previous work [16], if a predictor was
trained on a dataset containing redundant sequences, it might yield
misleading results with overestimated accuracy [17]. Therefore, we
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deleted those sequences with identify N40% and obtained a new dataset
containing 109 PRRs and 185 non-PRRs, which was used to train and
test the method proposed in the present work.
2.2. Amino acids composition
Considering the distinct amino acids composition between PRRs and
non-PRRS, the amino acids composition (AAC) [18] was employed to
encode the sequences in the dataset, which is deﬁned in Eq. (1).

F ¼ ½ f 1 f 2 …f i …f 20 

T

ð1Þ

where T is the transpose operator, fi is the frequency of the i-th (i = 1, 2,
3, …, 20) amino acid in a sequence.
2.3. Composition transition distribution
The Composition Transition Distribution (CTD) describes the amino
acid distribution in terms of the structural or physicochemical property
in the sequences [19]. At present, 13 kinds of physicochemical properties have been used for computing CTD, namely normalized Van der
Waals Volume, polarity, polarizability, charge, secondary structures, solvent accessibility and 7 types of hydrophobicity.
For each kind of the property, the 20 amino acids can be divided into
three groups, i.e. hydrophobic, neutral and polar. The composition
(CTD-C) is the frequency value of hydrophobic, neutral and polar groups
in a sequence [20]. The transition (CTD-T) is the frequency of an amino
acid of one speciﬁc group followed by an amino acid of another kind of
group. The distribution (CTD-D) represents the distribution of each
property in a sequence. Five values can be yielded for each of the
three groups, namely the ﬁrst residue, 25% residues, 50% residues, 75%
residues, and 100% residues in a sequence of a given speciﬁc property.
Accordingly, we can obtain a 39, 39 and 195 dimensional feature vector
based on CTD-C, CTD-T and CTD-D, respectively. In the present study,
the iFeature [20] was to calculate the CTD.
2.4. Random Forest
The Random Forest (RF) is a meta-learning algorithm. Owing to its
merits, namely easy training and fast prediction, RF is widely used for
classiﬁcation in bioinformatics [21–25]. RF consists an ensemble of separately decision trees trained on a subset of randomly selected instances
from the given training set. The prediction results of RF are based on the
ensemble of those decision trees. In the present work, the RF was performed by using WEKA [26].
2.5. Feature selection
Although we can include more information through a highdimension feature vector by using different kind of features, such a vector often includes redundant or irrelevant information which might lead
to over-ﬁtting problems and reduce the generalization capacity of the
model [27–29]. In order to solve such problems, a series of feature selection methods have been proposed to select optimal features, such as
analysis of variance (ANOVA) [30–32], diffusion maps, maximum relevance maximum distance (MRMD), and so on. Compared with the
other feature selection methods, MRMD can not only provide the contributions of each feature, but also reported the predictive accuracy based
on the optimal feature set. Therefore, in the present work, the MRMD
was used to select the optimal features. The main idea of MRMD is to
measure the feature redundancy and determine the relevance between
the features and target class. More detail about the MRMD algorithm
can be found in Zou et al.'s work [33,34].

2.6. Evaluation matrix
The proposed method was evaluated by the commonly used four
metrics [35–37], namely Sensitivity (Sn), Speciﬁcity (Sp), Accuracy
(Acc), and Mathew's correlation coefﬁcient (MCC), which are deﬁned
as following,
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where TP, TN, FP and FN represent true positive, true negative, false positive, and false negative, respectively.
Furthermore, the area under the ROC curve (auROC) was also used
to evaluate the performance quality of the proposed method [38]. Its
value of 0.5 is a random prediction, while a value of 1 represents a perfect prediction.
3. Result and discussion
3.1. Comparison of different features for identifying PRRs
In order to demonstrate the effectiveness of different features for
identifying PRRS, we ﬁrstly compared the prediction performance of
AAC, CTD-C, CTD-T, and CTD-D by using RF. The 10-fold cross validation
test results were listed in Table 1. It was found that the model based on
AAC yielded the best accuracy of 78.91%. The model based on CTD-D obtained the lowest accuracy of 69.73% for identifying PRRs. Considering
the dimension of the CTD-D derived feature is higher than that of the
other kinds of features, we omitted it the following analysis.
3.2. Performance of fusing multiple features
To demonstrate whether the feature fusion strategy could improve
the performance for identifying PRRs, we built another RF based
model by combining the three kinds of features, namely AAC, CTD-C
and CTD-T. In order to reduce the feature dimension and to build a robust and efﬁcient predictive model, we used the MRMD method together with the Incremental Feature Selection (IFS) strategy to select
optimal features.
The 98 features were ﬁrstly ranked by using the MRMD method. The
98 ranked features were then added one by one from higher to lower
rank. We repeated this procedure 98 times. For each time, a RF model
was built and was evaluated by using the 5-fold cross-validation test.
A IFS was plotted, in which the abscissa is the number of features and
the ordinate is the corresponding accuracy. The optimal features were
obtained when the accuracy reaches its maximum. As shown in Fig. 1,
when the top ranked 33 features were used to encode the samples,
the accuracy reaches its maximum of 81.63%. Therefore, a computational model was built based on these 33 optimal features. In the 10fold cross validation test, the proposed method obtained an accuracy

Table 1
Predictive results for identifying PRRs by using different features.
Features

Sn (%)

Sp (%)

Acc (%)

MCC

AUC

AAC
CTD-C
CTD-T
CTD-D

55.96
55.05
44.04
43.12

92.43
89.73
87.03
85.41

78.91
76.87
71.09
69.73

0.54
0.49
0.35
0.32

0.82
0.80
0.77
0.73
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Table 2
Comparison of different methods for identifying PRRs.

Fig. 1. The IFS curve for determining optimal features for identifying PRRs. The abscissa is
the number of features and the ordinate is the corresponding accuracy.

of 80.95% with the sensitivity of 62.39%, speciﬁcity of 91.89%, MCC of
0.58, and AUC of 0.84. The result thus obtained is better than that of
the model based on a single kind of feature. However, the sensitivity is
still unsatisfactory. The lower sensitivity might be due to the limited
number of PRRs in the dataset.
3.3. Feature contribution analysis
In order to provide an overview of the contributions of the features
for identifying PRRs, the features together with their scores obtained
by MRMD method was illustrated in Fig. 2. It was found that 17 of the
20 AAC, 15 of the CTD-C, and 1 of the CTD-D are the optimal features
for the model, which were highlighted in red, orange and green, respectively. These results indicate that amino acid composition and their
physicochemical properties make great contributions for
identifying PRRs.

Algorithm

Sn (%)

Sp (%)

Acc (%)

MCC

AUC

BayesNet
Native Bayes
J48
LogitBoost
Logistic
RF

66.06
67.89
55.05
60.55
64.22
62.39

76.76
72.97
77.84
82.70
85.41
91.89

72.79
71.09
69.39
74.49
77.55
80.95

0.42
0.40
0.33
0.44
0.51
0.58

0.78
0.77
0.66
0.78
0.81
0.84

a comparison was performed between the proposed RF based method
and the commonly used machine learning algorithms, namely
BayesNet, Native Bayes, J48, LogitBoost, Logistic. All these algorithms
were implemented in WEKA [39] with the default parameters. The 10fold cross validation test results of these methods for identifying PRRs
in the benchmark dataset was reported in Table 2. Although the sensitivity obtained by BayesNet, Native Bayes and Logistic is higher than
that of RF, the other metrics deﬁned in Eq. (2) yielded by those algorithms are all lower than that of RF for identifying PRRs. These results indicate that our proposed method is promising for identifying PRRs.
4. Conclusion
In this work, we proposed a machine learning based method to identify PRRs, in which the amino acid composition and the composition
transition distribution (CTD) were used to encode the sequences in
the dataset. In order to remove redundant and noise features, the
MRMD method [33] was performed to select the optimal features. Comparative results demonstrated that the proposed RF based method is superior to the other machine learning methods for PRRs. However, it
should be point out that the sensitivity of the current method is still unsatisfactory. In the future, we will try to improve the performance by
collecting the samples from different resources to enlarge the data
size and also adopt the deep learning method [40–44] to develop computational models.
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