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Gram-negative bacteria can deliver secreted proteins (also known as secreted effectors)
directly into host cells through type III secretion system (T3SS), type IV secretion
system (T4SS), and type VI secretion system (T6SS) and cause various diseases.
These secreted effectors are heavily involved in the interactions between bacteria
and host cells, so their identification is crucial for the discovery and development of
novel anti-bacterial drugs. It is currently challenging to accurately distinguish type III
secreted effectors (T3SEs) and type IV secreted effectors (T4SEs) because neither
T3SEs nor T4SEs contain N-terminal signal peptides, and some of these effectors
have similar evolutionary conserved profiles and sequence motifs. To address this
challenge, we develop a deep learning (DL) approach called DeepT3_4 to correctly
classify T3SEs and T4SEs. We generate amino-acid character dictionary and sequence-
based features extracted from effector proteins and subsequently implement these
features into a hybrid model that integrates recurrent neural networks (RNNs) and deep
neural networks (DNNs). After training the model, the hybrid neural network classifies
secreted effectors into two different classes with an accuracy, F-value, and recall of over
80.0%. Our approach stands for the first DL approach for the classification of T3SEs and
T4SEs, providing a promising supplementary tool for further secretome studies.

Keywords: Gram-negative bacteria, secreted effector, deep learning-artificial neural network, recurrent neural
networks, deep neural networks

INTRODUCTION

Protein secretion plays an important role in coordinating the interactions between bacteria and
their surrounding environment. Through a variety of secretion systems, bacteria can release
different types of proteins into the extracellular environment or even directly inject them into
eukaryotic host cells (Galan and Waksman, 2018; McQuade and Stock, 2018). Since bacterial
secreted proteins are commonly involved in important physiological activities of host cells,
they have become a new research hotspot in recent years. To date, nine different types of
secretion systems have been discovered from Gram-negative bacteria, which are named type I
secretion system (T1SS) to type IX secretion system (T9SS), respectively (Lasica et al., 2017;
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Lauber et al., 2018). Within these secretion systems, T1SS, T2SS,
and T5SS can transport enzymes and other proteins into the
surrounding environment, while type III secretion system (T3SS),
type IV secretion system (T4SS), and type VI secretion system
(T6SS) can transfer various effector proteins into host cells
directly. These secreted effectors released through the latter three
secretion systems are generally referred to as type III secreted
effectors (T3SEs), type IV secreted effectors (T4SEs), and type
VI secreted effectors (T6SEs) (An et al., 2018), and they can
exert the virulence of Gram-negative bacteria in a number of
ways, severely disrupting the normal function of host cells (Kim,
2018). Therefore, an in-depth study of secreted effectors is highly
desirable for understanding the pathogenesis of bacteria and
developing novel anti-microbial agents.

Over the past decade, dozens of machine learning-based
computational approaches have been proposed to identify
different types of secreted effectors (Zeng and Zou, 2019),
including support vector machine (SVM) (Samudrala et al., 2009;
Yang et al., 2010; Wang et al., 2011, 2014, 2017; Dong et al.,
2013; Zou et al., 2013; Goldberg et al., 2016; Esna Ashari et al.,
2019a,b), random forest (RF) (Yang et al., 2013), artificial neural
network (ANN) (Löwer and Schneider, 2009), naive Bayes (NB)
(Arnold et al., 2009), hidden Markov model (HMM) (Xu et al.,
2010; Lifshitz et al., 2013; Wang et al., 2013), logistic regression
(LR) (Esna Ashari et al., 2018), decision tree (DT) (Wang et al.,
2019a), gradient boosting (Chen et al., 2020), deep learning (DL)
(Xue et al., 2018, 2019; Açıcı et al., 2019; Fu and Yang, 2019; Hong
et al., 2020; Li et al., 2020a), and their ensemble methods (Burstein
et al., 2009; Hobbs et al., 2016; Wang et al., 2018, 2019b; Xiong
et al., 2018; Li et al., 2020b). Some of these methods have achieved
relatively high predictive accuracy, while they can recognize only
one type of secreted effector, such as SIEVE (Samudrala et al.,
2009), EffectiveT3 (Arnold et al., 2009), T3_MM (Wang et al.,
2013), GenSET (Hobbs et al., 2016), Bastion3 (Wang et al.,
2019a), DeepT3 (Xue et al., 2019), WEDeepT3 (Fu and Yang,
2019), ACNNT3 (Li et al., 2020a), and EP3 (Li et al., 2020b) for
T3SEs; T4EffPred (Zou et al., 2013), T4SEpre (Wang et al., 2014),
DeepT4 (Xue et al., 2018), PredT4SE-Stack (Xiong et al., 2018),
Bastion4 (Wang et al., 2019b), T4SE-XGB (Chen et al., 2020),
and CNN-T4SE (Hong et al., 2020) for T4SEs; and Bastion6
(Wang et al., 2018) for T6SEs. It is important to note that due
to the small number of T6SEs for model construction, researchers
usually pay more attention to identifying T3SEs and T4SEs rather
than T6SEs. In addition, several multi-label classifiers have been
developed to identify different types of Gram-negative bacterial
secreted proteins simultaneously (Yu et al., 2013; Ding and
Zhang, 2016; Liang et al., 2018; Yu et al., 2018; Kong and Zhang,
2019), but they are not good at distinguishing between T3SEs
and T4SEs. Both T3SEs and T4SEs are non-classical secreted
proteins (without classical N-terminal signal peptides) (Liang
and Zhang, 2018; Zhang et al., 2020), and some of them have
similar evolutionary conserved profiles and sequence motifs (Zou
et al., 2013), so it is difficult to distinguish them accurately using
current methods.

In this paper, we explore the use of various DL architectures
and feature descriptors to identify and classify T3SEs and T4SEs.
Four different DL architectures are used to build the classification

models, including the convolutional neural networks (CNNs),
recurrent neural networks (RNNs), convolutional-RNNs
(CNN-RNNs), and deep neural networks (DNNs). For the
CNN, RNN, and CNN-RNN architectures, we first characterize
protein sequences using dictionary encoding and then generate
amino-acid character embedding vectors to learn the features
of two types of secreted effectors. The DNN architecture is
designed as a multilayered neural network, whose input layer
is fed traditional features or descriptors, including amino acid
composition (AAC), dipeptide composition (DC), position-
specific scoring matrix (PSSM), and their different combinations.
We carry out extensive experiments for comparison and present
a systematic analysis. Our results show that a hybrid neural
network (architectures: RNN + DNN; features: dictionary
encoding + AAC + DC) performs better than other models
on the test and independent test datasets, enabling accurate
classification of T3SEs and T4SEs. We also achieve interpretable
DL for T3SEs and T4SEs classification via an advanced
dimensionality reduction procedure and visualization, which
unravels the predictions of models. Based on these results,
we develop a DL approach, which is called DeepT3_4, by
implementing both the raw sequence and sequence-derived
features of effector proteins into the hybrid model. DeepT3_4
helps to understand the similar sequences and structures for
some of T3SEs and T4SEs, facilitating the refined studies of
different types of secreted effectors.

MATERIALS AND METHODS

Dataset Collection and Processing
Reliable data are the primary factor in establishing stable and
effective predictors, and all experimental data used in this study
were extracted from the Bacterial Secreted Effector Protein
DataBase (SecretEPDB) (An et al., 2017). SecretEPDB provides
a comprehensive annotation of the T3SEs, T4SEs, and T6SEs,
including sequence, structure, and function annotations for these
secreted effectors. A total of 1230 T3SEs, 731 T4SEs, and 181
T6SEs were collected in this database, and we selected all of the
T3SE and T4SE samples as original data to construct the training
and test datasets.

In order to avoid redundancy and homology bias, all effector
proteins in the original data were aligned by CD-HIT (Huang
et al., 2010) with a maximum sequence identity of 25%. After
that, only 302 T3SEs and 375 T4SEs were kept. Subsequently,
70% of this dataset was randomly selected for building the
benchmark dataset and the remaining 30% was used to establish
the independent test set (Jiang et al., 2017). Finally, the
benchmark dataset contained 211 T3SEs and 263 T4SEs, while
the independent test set was consisted of 91 T3SEs and 112 T4SEs
(Supplementary Table S1).

For further evaluating the performance of our method and
comparing with other state-of-the-art approaches, other two
independent test datasets were established by searching publicly
available articles. The independent test dataset 2 contains 108
T3SEs and 30 T4SEs, which were extracted directly from
Bastion3 (Wang et al., 2019a) and Bastion4 (Wang et al., 2019b),
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respectively. The independent test dataset 3 is composed of 35
T3SEs and 75 T4SEs, which were collected from the studies
of Yang et al. (2013) and Wang et al. (2017), respectively.
In addition, other 1319 proteins were randomly selected to
detect the performance of our method for identifying non-
T3SEs and non-T4SEs.

Feature Extraction
Dictionary Encoding
Each amino acid in the protein sequence is represented by an
ordinal number, in which each of the 20 basic amino acids is
assigned a number from 1 to 20 (e.g., alanine is assigned a number
of 1) (Veltri et al., 2018). Thus, each protein is represented by a
one-letter code and transformed into an L-dimensional vector,
where L is the length of the protein.

Amino Acid Composition (AAC) and Dipeptide
Composition (DC)
For each protein sequence, a 20-dimensional vector {d1, d2, . . .,
d20} and a 400-dimensional vector {d1, d2, . . ., d400} are used
to represent the compositions of 20 common amino acids and
all 400 possible amino acid pairs, respectively. The 20 elements
in {d1, d2, . . ., d20} represent the occurrence frequencies of each
amino acid with a protein. The 400 elements in {d1, d2, . . ., d400}
represent the frequencies of dipeptides.

Position-Specific Scoring Matrix (PSSM)
The PSSM profiles contain the evolutionary information of a
protein. Each element in PSSM indicates the substitution scores
of the individual residue at that specific position in the multiple
sequence alignment. To generate PSSM, each protein sequence
in our training and test datasets was searched against the Swiss-
Prot database using the PSI-BLAST (Altschul and Koonin, 1998)
with three iterations and a cutoff E-value of 0.001. The generated
PSSM from PSI-BLAST includes L × 20 elements, where L is
the length of a protein. This original profile is further used to
calculate the PSSM feature by averaging the columns in PSSM
profile and then is scaled to [−1, 1]. Finally, PSSM generates a
20-dimensional feature vector by characterizing a mutation of the
corresponding amino acid type during the evolution process.

Deep Neural Networks
As the most popular machine learning algorithm, DL has
been successfully applied to solve various problems, such as
image recognition, speech recognition, language translation, and
biological data analysis (Jurtz et al., 2017; Tang et al., 2019).
There have been four common variations of DNNs, including
the CNNs, the RNNs, the CNN-RNNs, and the DNNs. The
CNNs have outstanding spatial information analysis capabilities
and have been successfully applied in the prediction of secreted
effectors (Xue et al., 2018, 2019; Açıcı et al., 2019), protein
solubility (Khurana et al., 2018), and crystallization (Elbasir
et al., 2019). Compared to CNNs, RNNs can handle sequential
inputs effectively and recognize sequence motifs of varying
length extraordinarily well, making them the preferred choice
for machine translation, text generation, and image captioning
(Esteva et al., 2019). In order to integrate the advantages of the

CNNs and RNNs, the CNN-RNNs have been developed in recent
years and applied to a variety of biological problems (Quang
and Xie, 2016; Pan et al., 2018; Tayara and Chong, 2019). As
a typical representative of feedforward neural network (FNN),
DNNs are composed of multiple perceptrons of different layers
and are therefore very suitable for solving non-linear problems
and have been widely used in data classification and other fields
(Kruse et al., 2013).

Deep Learning Architectures
To accurately classify the proteins of Gram-negative bacteria into
separate secretion classes, we used DNNs with four different
architectures. For the first three network architectures, including
CNNs, RNNs, and CNN-RNNs, we encode the primary sequence
using a dictionary amino acid representation as input and output
one score between 0 and 1, corresponding to the probability
of an effector protein of interest being a T3SE or a T4SE. The
fourth architecture DNN is a standard multilayer neural network.
The DNN model takes AAC, PSSM, DC, and their different
combinations as inputs to predict the probability scores of two
types of secreted effectors. We describe the overview of different
DL architectures below.

The CNN consists of an embedding layer, a convolutional
layer, a pooling layer, a fully connected layer, and an output
layer. The first embedding layer transforms the input into a
256-dimensional vector representation. This transformation can
best be thought of as a one-dimensional signal (over sequence
position) spanning all amino acid signal channels. The input
sequence is 1500 amino acids long, a number that was chosen to
fit out dataset’s longest sequence. If the length of the sequence
exceeds 1500 amino acids, the excess will be ignored; otherwise,
the “X” character (unknown residue) will be padded at the tail
of the sequence to fit the 1500 length. The second convolutional
layer has 250 filters, where the filter width is set to five. The
convolutional layer is then followed by a max-pooling layer with
a non-overlapping window of size 2 to halve the size of the input.
Subsequently, a fully connected layer consisted of 650 neurons
with a dropout ratio of 20% is chosen to receive the flattening
results of the pooling layer (Bogard et al., 2019). All layers
whose activation is not specified explicitly use rectified linear unit
(ReLU) activations. Finally, the output layer employs the sigmoid
activation function to provide the predicted probability score for
the test sequence.

The RNN is made up of three types of layers: an embedding
layer, a biLSTM layer, and an output layer. The bidirectional
long short-term memory (biLSTM) is an enhanced version of
general RNNs in which the scalar-valued hidden layer of RNNs
is replaced by a biLSTM memory block. The biLSTM layer is a
forward–backward structure along the input sequence consisting
of two relatively separated RNN layers. We explored biLSTM
layers with 32, 64, 128, and 256 neurons and from one to four
layers deep. A biLSTM layer with 64 neurons and one layer of
depth gave the best performance. Dropout of 20% is applied
to biLSTM layer to prevent overfitting. The final output layer
utilizes a sigmoid activation function to process the output of the
biLSTM layer and gives a value (the probability score) for each
protein sequence.
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The CNN-RNN incorporates an embedding layer with
embedding size 256 along with a 1D convolutional layer with
filter size = 5. The max-pooling layer subsamples the 1D signal
by a factor of two. The flattened pooling output is passed to
a biLSTM layer of 64 hidden neurons, which finally connects
to a sigmoid activation function that outputs the predicted
probability score.

The DNN is constructed from three fully connected layers
with decreasing sizes of features vectors (e.g., 400, 200, and 100
for the DC) to reduce feature dimensions toward convergence
of model training. As an additional precaution, a dropout
probability of 20% is used in each layer.

The same RNN and DNN architectures are used to construct
the hybrid model. The RNN and DNN models are trained
separately, and their last hidden layers are further concatenated
and inputted into a sigmoid activation node. The RNN
architecture consists of an embedding layer and a biLSTM layer.
The biLSTM layer has 64 hidden units followed by a dropout rate
of 20%. The DNN model has three fully connected layers with
420, 210, and 105 neurons, respectively.

Performance Evaluation
For evaluation, we used standard performance quantification
metrics such as Recall (Sensitivity), Precision (PRE), Accuracy
(ACC), F-value, and Matthew’s correlation coefficient (MCC),
which are defined as follows:

Recall =
TP

TP + FN
(1)

PRE =
TP

TP + FP
(2)

ACC =
TP + TN

TP + FP + TN + FN
(3)

F − value = 2×
TP

2TP + FP + FN
(4)

MCC =
TP × TN − FN × FP

√
(TP + FN)× (TN + FP)× (TP + FP)× (TN + FN)

(5)

where TP, FP, TN, and FN stand for true positive, false positive,
true negative, and false negative, respectively.

Implementation
All DNNs were implemented by using autoBioSeqpy (Jing
et al., 2020). The autoBioSeqpy is an easy-to-use DL tool for
biological sequence classification. The main advantage of this
tool is its simplicity. Users only need to prepare the input
dataset. After that, data encoding, model development, training,
evaluation, and figure generation workflows can be run through
the command line interface, by which users can modify the
parameters of the workflows easily. In addition, autoBioSeqpy is
designed to separate the data encoding and model configuration
into two relatively independent parts. The DL models can be built
using python code (i.e., written in.py files) or json files (saved by
Keras), so that the model can be flexibly adjusted according to
user needs. Currently, the tool has been upgraded to version 2.0,

which supports more complex network models and incorporates
model visualization function. For example, layerUMAP is a
portable command-line tool included in the autoBioSeqpy tool
suite, written in python, that makes use of the uniform manifold
approximation and projection (UMAP) for visual understanding
of DL models (Melville, 2019).

We sampled a variety of hyperparameter sets for different DL
models, including embedding dimension (32, 64, 128, and 256),
dropout rate (10, 20, 30, and 40%), batch size (25, 50, 75, and
100), epoch number (20, 40, 60, and 80), learning rate (0.001,
0.005, 0.01, 0.05, and 0.1), convolution kernel size (3, 5, 7, 9,
and 11), number of filters (50, 100, 150, 200, and 250), and
number of neurons in BiLSTM (32, 64, 128, and 256). We took
the sampled parameter set with best performance (mean MCC
score) and varied each parameter individually while keeping
the rest constant.

During the training process, we used binary_crossentropy as
loss function of the network and it has been optimized using the
Adam optimizer approach with a learning rate 0.001. We trained
all models with 40 epochs and a batch size of 25. The weights of
the parameters were updated within 40 epochs, and at the end of
each epoch, the intermediate validation metric is calculated. After
the training, the optimized parameters were evaluated by the
predictions from the test dataset. All the training was conducted
on a Windows 10 workstation with an NVIDIA GTX 1060 GPU
with CUDA 10.2.95. To interpret the model, we visualized the
decision map of model in two dimensions. We used the output of
the last hidden layer of the model as the extracted output features,
which were then projected into a 2D manifold via UMAP. Next,
we used a two-color scheme to refer to T3SE and T4SE based on
the extracted output features.

RESULTS

Overview of the Deep Learning Models
We first used a DL classification tool (autoBioSeqpy) (Jing et al.,
2020) to design and evaluate all 11 DL classifiers. Classifiers are
divided into three categories: (1) different model architectures but
with the same model inputs (CNN, RNN, and their combination
CNN-RNN); (2) the same model architecture but with different
model inputs (DNN); and (3) a hybrid architecture combining
the above two categories (RNN and DNN). Figure 1 depicts
all DL architectures in the effector classification. Details of the
methods are reported in Section “Materials and Methods.”

Effect of Model Architectures and
Features on Performance
We analyzed the performance of 11 different models (CNN,
RNN, CNN-RNN, seven DNN models with different input
features, and a hybrid model) on our held-out test set. The
benchmark dataset comprised 474 proteins, 70% of which was
randomly extracted for establishing the training set, 20% for
the test set, and the remaining 10% for the validation set. We
performed an extensive random hyperparameter search for each
model on the validation set, and then the top-performing tuned
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FIGURE 1 | Schematic illustration of the deep neural network architectures.

models were evaluated on the test set. A summary of our results
is provided in Figure 2.

Since CNN, RNN, and CNN-RNN have the same model
inputs, we first compared these three DL architectures. The
RNN model afforded the best training performance with the
highest scores of Recall (72.9%), PRE (77.0%), ACC (77.5%),
MCC (0.546), and F-value (74.4%). The CNN model followed
with an ACC of 76.6% and an MCC of 0.528. The CNN-
RNN model showed the lowest performance (ACC = 74.9% and
MCC = 0.496), which were lower than those of the RNN model as
2.6% and 0.050 on ACC and MCC, respectively.

Based on AAC, DC, PSSM, and their different combinations,
seven different features were employed to build the DNN models.
From Figure 2, it can be seen that DNN models trained by
the single feature group (only AAC, PSSM, or DC) tended to
obtain the relatively poor results, whereas those trained by a
combination of features (AAC+PSSM, AAC+DC, PSSM+DC,
and AAC+PSSM+DC) seemed to achieve better performance.
For the seven DNN models, the model with AAC+DC yielded
the best performance, and gave the highest scores of Recall
(76.3%), F-value (77.0%), and MCC (0.578). The PSSM+DC
model offered the highest ACC score (79.3%), but other four
parameters were lower than the AAC+DC model. Although
the model with AAC+PSSM+DC learns the most information,
its overall predictive performance was also weaker than that
of the model with AAC+DC. Surprisingly, the comprehensive
performance of the model with single feature DC was almost
comparable to those models trained with the combined features.
This result indicates that DC is a very important feature for
making a distinction between T3SEs and T4SEs.

After careful analysis of above results, we proposed a hybrid
model to integrate the advantages of the RNN and best DNN
models. This hybrid DNN model yielded the best overall
prediction performance for the test dataset, and provided the
highest scores of Recall (77.9%), PRE (83.3%), ACC (83.1%),
MCC (0.663), and F-value (81.0%). Therefore, we chose this

hybrid model as the final prediction model for this study. The
receiver operating characteristic (ROC) curve, precision recall (P-
R) curve, and accuracy-loss (acc-loss) curve were exploited to
evaluate the performance of the hybrid model (Figure 3). Area
values under the ROC curve (auROC) and P-R curve (auPRC)
for the hybrid model were 0.877 and 0.832, respectively. We
also trained the RNN and DNN (AAC+DC) models separately
to evaluate the robustness of the models, showing auROCs of
(0.804 and 0.847) and auPRCs of (0.795 and 0.794), respectively
(Supplementary Figures S1, S2). The results suggest that the
RNN and DNN (AAC+DC) models learned different sets of
features that complement each other for the task of distinguishing
between two types of secreted effectors.

Visualizing and Understanding Deep
Learning Models
To investigate the ability of DL models to distinguish two
types of secreted effectors, we analyzed the features extracted
from the last hidden layer of three classification models [RNN,
DNN (AAC+DC), and RNN and DNN (AAC+DC)]. Figure 4
shows a UMAP (McInnes and Healy, 2018) for dimension
reduction projection of these features. The points are color-
coded based on the true class label. Therefore, T3SEs and T4SEs
are characterized by purple and red points, respectively, with
each point representing an effector. As shown in Figure 4, the
features clearly distinguish the different secreted effectors. In
the RNN architecture, some T3SEs are distributed across the
T4SE cluster with no obvious pattern. The DNN and hybrid
architectures have the advantage of very clearly clusters, which
is consistent with the above classification results. Furthermore,
studies have confirmed that T3SS could be divided into two
subgroups, including the injectisome (non-flagellar) system and
the fagellar system (Blocker et al., 2003; Puhar and Sansonetti,
2014). Therefore, as the secretory products of the T3SS, T3SEs
could also be classified into two subtypes, which are shown
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FIGURE 2 | Performance comparison of different model architectures and features on the test dataset.

by the two sub-populations in Figure 4. Thus, this result
implies that T3SEs do have different sequences and conserved
patterns as well.

Performance of Different Model
Architectures and Features on the
Independent Test Set
To test model performance on external data, an independent test
set was obtained whose data were never used for training and
testing. We used this dataset to further compare the predictive
performance of models established by different architectures
and features, and the results are shown in Figure 5. For the
three DL architectures whose inputs are dictionary-encoded
sequences, the RNN model also yielded the best overall prediction
performance, achieving the highest scores of Recall (75.3%),
PRE (79.4%), ACC (80.0%), MCC (0.596), and F-value (77.2%).
The CNN-RNN model got the worst predictive performance,
including the lowest scores of Recall (72.6%), ACC (75.6%),
MCC (0.508), and F-value (72.7%). The AAC+DC model also
afforded the best overall predictive performance among the seven
DNN models, receiving the highest scores for ACC (80.0%),
MCC (0.597), and F-value (77.5%). Finally, the hybrid RNN and
DNN (AAC+DC) model obtained the best overall predictive
performance on the independent test set, providing the highest
scores for Recall (81.2%), PRE (80.0%), ACC (82.3%), MCC
(0.645), and F-value (80.5%), respectively. We then evaluated
the performance of RNN, DNN (AAC+DC), and their hybrid
model using ROC, PR, and acc-loss curves (Supplementary
Figures S3, S4 and Figure 6). In terms of auROC and auPRC,
the hybrid model also performed better than other two models.
These results further suggest that combining learned features of

RNN and DNN models can deliver a better model compared with
individual models.

Development of DeepT3_4 and
Comparison With Other Existing
Methods
To further evaluate the performance of our hybrid DL model
(named DeepT3_4), we used other two independent test datasets
to compare the performance of DeepT3_4 with other three
state-of-the-art approaches, including a typical T3SE predictor-
Bastion3 (Wang et al., 2019a) and two representative T4SE
classifiers-Bastion4 (Wang et al., 2019b) and CNN-T4SE (Hong
et al., 2020). For the independent test dataset 2, all prediction
results are listed in Table 1. As shown in the table, Bastion3
correctly identified all 108 T3SEs, but 12 T4SEs were incorrectly
predicted as T3SEs; 29 T4SEs were correctly identified by
Bastion4, but 25 T3SEs were incorrectly predicted as T4SEs.
CNN-T4SE correctly identified the maximum number of T4SEs
(29), but got the minimum number of T3SEs (59). When using
DeepT3_4, 101 T3SEs and 26 T4SEs were correctly identified,
and seven T3SEs and four T4SEs were misclassified. Although
DeepT3_4 did not obtain the highest Recall for T3SEs and the
highest PRE for T4SEs, it yielded the best overall prediction
performance here. DeepT3_4 gave the highest scores of ACC
(92.0%), MCC (0.775), and F-value (94.8%), which provided a
0.7%, 0.1%, and 0.040 improvement in ACC, F-value, and MCC,
respectively. These results indicate that DeepT3_4 is stable and
reliable in distinguishing T3SEs and T4SEs.

For the independent test dataset 3, all results are shown in
Table 2. As we can see from this table, Bastion3 acquired the best
overall prediction performance with the highest scores of ACC
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FIGURE 3 | ROC, PR, and acc-loss curves generated by autoBioSeqpy tool for the hybrid deep learning model on the test dataset.

(95.5%), F-value (93.0%), Recall (94.3%), and MCC (0.896). The
performance of DeepT3_4 is slightly lower than that of Bastion3,
and afforded the second highest scores of ACC (94.5%), F-value
(91.4%), Recall (91.4%), and MCC (0.874). Though Bastion4 and
CNN-T4SE got the highest score of PRE (100.0%), their overall
prediction performances were worse than those of Bastion3 and
DeepT3_4. It is noteworthy that for most of query sequences
(known secreted effectors) in the independent test dataset 3,
Bastion3 and Bastion4 did not provide the prediction results,
but directly gave the search results of BastionDB and all results
were marked as Exp. If both of Bastion3 and Bastion4 give
the prediction results for all query sequences, we believe that
DeepT3_4 will perform better than them.

Model Robustness Evaluation
To assess the effect of data scale on the predictive performance of
DeepT3_4, we calculated and plotted learning curves to observe
the relationship between the performance and data size. To
generate learning curves, an external resampling mechanism with
replacement was used to generate subsets with five different
scales: 20, 40, 60, 80, and 100%. After resampling, the subset
was split into five training-test groups for cross-validation. Each
resampling was repeated 10 times to measure the robustness of
the DL model. Thus, a total of 250 models (10 replicates ∗ five
scales ∗ five folds) were built for predicting the generated test
sets. Supplementary Figures S5, S6 show the learning curves
of the DeepT3_4 model using the ACC and MCC metrics. The
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FIGURE 4 | UMAP visualization of learned features.

DeepT3_4 model becomes relatively stable when the scale of
the dataset reaches 60% (about 325 samples). On this scale, the
ACC and MCC scores in cross-validation are 81.0 ± 3.0% and
0.620± 0.060, respectively. Except for the learning curve, we also
used fivefold cross-validation on a 100% scale dataset to further
evaluate the generalizability of the model. The detailed results
are shown in Supplementary Table S2. The DeepT3_4 achieves
the average scores of 83.9 ± 2.6% for ACC and 0.677 ± 0.052
for MCC, which is consistent with the results of 10-time test

(Figure 2). All together, these results illustrate the robustness of
DeepT3_4, even on the small sample dataset.

DISCUSSION

In recent years, many excellent works have been done in the field
of secreted effector prediction, such as Bastion3 (Wang et al.,
2019a) and DeepT3 (Xue et al., 2019) for T3SEs and Bastion4
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FIGURE 5 | Performance comparison of different model architectures and features on the independent test set.

(Wang et al., 2019b) and CNN-T4SE (Hong et al., 2020) for
T4SEs. Different from these studies, we developed a hybrid DL
approach by integrating RNN and DNN architectures to classify
T3SEs and T4SEs in this work. We have carried out extensive
experiments for comparison and have presented an in-depth
analysis. For both the benchmark and independent test sets, the
hybrid DNN model shows a consistently better performance than
the others. The innovations of this study are as follows: (i) to
the best of our knowledge, this is the first study to use DL to
classify T3SEs and T4SEs; (ii) different DL architectures and
features are employed to construct the predictors; (iii) clustering
and visualization of model-extracted features using UMAP;
(iv) the experimental results confirm that some of T3SEs and
T4SEs may have similar evolutionary conservatism profiles and
sequence motifs, which leads to limitations in the classification
performance of computational methods.

The secretion signal of T3SEs is generally located at the
N-terminal sequences (Yang et al., 2013), while the secretion
signal of T4SEs is commonly found in the C-terminal sequences
(Nagai et al., 2005). Therefore, some state-of-the-art methods
choose only 50–100 N-terminal amino acid residues to identify
T3SEs (Wang et al., 2013; Yang et al., 2013; Xue et al., 2019), or
only 100 C-terminal amino acid residues to predict T4SEs (Zou
et al., 2013; Wang et al., 2014; Xue et al., 2018). In order to assess
the role of N-terminal or C-terminal sequence features in the
classification of T3SEs and T4SEs, we calculated the sequence-
based features within the first 100 N-terminal residues, the last
100 C-terminal residues, and the whole protein sequences using
the best hybrid model, and further compared their performance
using the independent test set consisting of 91 T3SEs and 112
T4SEs. All test results are listed in Supplementary Table S3.
As can be seen from the table, the hybrid model trained by
the full protein sequences achieved the best overall prediction

performance and afforded the highest scores of Recall (81.2%),
PRE (80.0%), ACC (82.3%), MCC (0.645), and F-value (80.5%).
However, the performance of the hybrid models trained on
the first 100 N-terminal and last 100 C-terminal residues is
lower than that of the full-length sequence. These results suggest
that the full sequences can better characterize the two types of
secreted effectors.

We further developed DeepT3_4 to be able to predict non-
T3SEs and non-T4SEs. To further estimate the performance of
DeepT3_4, we employed a new dataset for a ternary classification,
which is composed of 1319 other proteins. When tested on
the new test set 10 times, DeepT3_4 obtained an overall
average ACC of 88.2%, which is higher than that of the binary
classification (ACC = 82.3%), suggesting that the addition of
other types of protein sequences does not affect the predictive
performance of our method.

In order to gain insight into the pathogenesis of bacteria
and to effectively develop new drugs, an increasing number
of studies have been conducted on various secreted effectors.
Although DeepT3_4 can distinguish between T3SEs and T4SEs,
there is still some room for further improvement. Moreover,
there are still many issues to be solved in the study of secreted
effectors. For example, T6SEs are widespread in various Gram-
negative bacteria, but only a few computational methods are
currently available to accurately identify them (Wang et al.,
2018, 2020; Sen et al., 2019). The T3SS and T4SS can be
divided into different subgroups (Costa et al., 2015), and thus
their secretory products, T3SEs and T4SEs are also classified
into different subfamilies (Bi et al., 2013; Zou et al., 2013).
However, more detailed studies of the subfamilies of T3SEs
and T4SEs are still rare. In addition, a new predictor has been
built to recognize potential non-classical secreted proteins of
Gram-positive bacteria recently (Zhang et al., 2020), which may
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FIGURE 6 | ROC, PR, and acc-loss curves generated by autoBioSeqpy tool for the hybrid deep learning model on the independent test set.

TABLE 1 | Performance Comparisons of DeepT3_4 with other three methods on
the independent test dataset 2.

Model TP TN FN FP ACC F-value Recall PRE MCC

(%) (%) (%) (%)

Bastion3 108 18 0 12 91.3 94.7 100.0 90.0 0.735

Bastion4 83 29 25 1 81.2 86.5 76.9 98.8 0.621

CNN-T4SE 59 29 49 1 63.8 70.2 54.6 98.3 0.427

DeepT3_4 101 26 7 4 92.0 94.8 93.5 96.2 0.775

spark a wave of researches on bacterial non-classical secreted
proteins. Overall, we propose an effective computational method
to accurately differentiate between T3SEs and T4SEs in this work,
and hope it could facilitate more relevant researches on bacterial
secreted effectors.

TABLE 2 | Performance Comparisons of DeepT3_4 with other three methods on
the independent test dataset 3.

Model TP TN FN FP ACC F-value Recall PRE MCC

(%) (%) (%) (%)

Bastion3 33 72 2 3 95.5 93.0 94.3 91.7 0.896

Bastion4 27 75 8 0 92.7 87.1 77.1 100.0 0.835

CNN-T4SE 28 75 7 0 93.6 88.9 80.0 100.0 0.855

DeepT3_4 32 72 3 3 94.5 91.4 91.4 91.4 0.874
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