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A new technique for gram-negative bacteria to deliver proteins to host cells has been presented. 
Although the number of whole-genome sequences has significantly increased, effective prediction of 

T3SEs remains challenging. This delivery system, the type ⅲ secretion system (T3SS), uses an effector 

(T3SE) released by T3SS to enter the host cell and perform harmful modifications within the cell. 
Several experiments have demonstrated that T3SEs have some important biological activities and help 
control interactions between pathogens and hosts. To better understand the pathogenic mechanism of 
bacteria, accurate identification of T3SE is necessary. The challenge, however, is that these 
experimental methods are more time-consuming and expensive. 
To recognize T3 proteins from high-throughput sequences, we propose a novel computational model 
named 2DCNNT3. We extracted the features and effect of discriminating the two-dimensional 
distinguishing features that were found using the system for identifying the type III secretion. We 
suggested a model called DDE for identifying three types of features that were retrieved from the 
Dipeptide Deviation from Expected Mean (DDE) vector score matrix with Two-dimensional CNN that 
usually requires an image as input. Therefore we regard the DDE vector score with a 20×20-pixel matrix 
as an image. After connecting the DDE profile to the 2DCNN, we adjusted a series of parameters to 
improve the performance of the model. Based on the results of the 10-fold cross-validation process, we 
used a hyperparametric optimization technique to select the best model for the dataset. To test the 
predictive power of the existing model, a separate data set was used. 
The accuracy, specificity, and sensitivity of the model were 0.83%, and the sensitivity, specificity, and 
accuracy of the model were 92.2%, 91.2%, and 91.8%, respectively. Traditional convolutional neural 
networks perform better than the latest and most advanced neural networks.  
Conclusions: We provide a useful tool for T3 protein research and highlight the potential for deep 
learning to be widely used in biomedical research.  

Keywords: Type III proteins, 2DCNN, Deep learning, DL optimizers, Proteins sequences, DDE, Computational Method 

 
INTRODUCTION 

The type III secretion for this study consisted 
of many bacterial secretion systems that are used 
to deliver proteins to host cells, thereby affecting 
the cell and its surrounding environment. This 
method can be dealt with by eight different 

secretion systems, which fall into eight categories: 
T1SS to T8SS (Desvaux, M. et al. 2006). These 
SEC systems (also known as type I and III 
secretion systems) do not require signal 
sequences, whereas type II and IV SUP systems 
(also known as type II and IV secretion systems) 
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require signal sequences. The SEC-dependent 
secretion system produces proteins, most of 
which are composed of n-terminal hydrophobic 
amino acids (Lloyd et al. 2002). The signal 
peptide is cleaved after the protein reaches the 
periplasm. Secreted proteins are processed into 
smaller sizes before entering the periplast (type II 
and TYPE IV secretory systems). Its outer 
membrane permeates through different 
mechanisms. The Type IV secretion system, also 
known as the Type II secretion system, involves 
the secretion of proteins from the outer membrane 
cells to help secrete proteins from the outer 
membrane. Whether secreted proteins are 
retained in the peripheral body is not obvious 
because the terminal amino acids of the released 
proteins are not processed by the type I and/or III 
secretion system. The type I secretion system 
uses a secretion signal composed of about 60 
amino acids in the C-terminal region of a protein.  

This protein complex is a transmembrane 
channel produced by the multi-component Type III 
secretion system and is widely distributed in 
Gram-negative bacteria such as Escherichia, 
Shigella, Yersinia, Salmonella, and Pseudomonas 
( He, et al. 2004). Numerous scholars have 
considered the implications of secrete proteins 
and have introduced these pathogenic proteins 
(Simons et al. 2000, Kufer, T. A. 2008) into host 
cells. It has long been recognized that the Type III 
secretion system (T3SSs) is critical to the 
pathogenicity of pathogens in a wide range of 
human diseases.  Current studies appear to 
support the notion that Vivo and in vitro studies 
have helped determine whether T3SEs occur; 
however, these experiments are time-consuming 
and difficult. 

This combination of techniques includes NB, 
ANN, SVM, and RF, and Nave Bayes (Arnold et 
al. 2009). Recent research has shown that 
artificial neural network (ANN) (Russell S, et al. 
2003), Support vector machine (SVM) (Vapnik  
(1995), and Random Forest (RF) (Breiman  2001) 
have all been successfully used to predict T3SEs. 
Due to their inherent limitations, features must be 
established in advance, and the flexibility of model 
changes or updates is limited (Xue et al. 2019). It 
is generally agreed that machine learning models 
can make accurate predictions, but they need to 
define known features in advance, and the 
accuracy of the predictions depends on the 
feature sets used. Finally, it is difficult to adjust 
machine learning models when new information is 
available (Hong et al. 2020). LSTM (Hochreiter, et 
al. 1997), VGG16 (Qassim et al. 2018), and many 

other listed methods are proposed for deep 
learning, such as LSTM (Hochreiter, et al. 1997), 
VGG16 (Qassim et al. 2018), which can be 
applied to bioinformatics and related fields (Miotto, 
et al. 2018). Current research seems to indicate 
that using DeepT3 as the model and using only 
one thermal code as the model feature input, and 
deep CNN training using DeepT3 successfully 
produced accurate predictions. This strategy can 
improve the prediction of T3SE. 

Current theories hypothesize that the use of 
2DCNN (Ghualm, et al. 2020), which uses 
dipeptide deviation from expected mean (DDE) 
spectra can be used to identify T3 proteins. 
Previous successful detection of T3 proteins (Le 
et al. 2006), Rab GTPases (N.Q.K. Le, et al. 
2018), and T3 proteins serve as the basis of the 
current study. In addition, the molecular 
interaction of T3 protein was studied in detail 
(Punchihewa et al. 2012). Our achievements 
include: (I) developing a machine learning 
framework to recognize T3 functions from protein 
sequences; (ii) conducting computational research 
to test the quality of various 2DCNN architectures 
and the strength of their combined predictions; 
(III) testing and validating the baseline data set for 
T3 proteins, which will provide a foundation for 
future research on T3 proteins; and (iv) providing 
source code and models for subsequent research. 
 
MATERIALS AND METHODS 

We would encourage researchers to examine 
benchmark datasets from the (Li, Jie, et al,). The 
(Li, J.,et al. 2020) was used to collect the 
information for the study carried out. We used the 
search term "T3 protein" to locate T3 proteins; we 
have used the protein sequence as our database 
source (Y. Wang, et al. 2011). The task of this 
study was to dually classify T3 proteins (just T3 
proteins) and general proteins (composed of 
multiple T3 proteins). We then collected a set of 
general proteins as "negative" data. To build an 
accurate model, negative data sets must be 
collected. After that, it became more difficult to 
build an accurate model, but we made a greater 
contribution to forecasting than before. To better 
explain vesicle transport, we used a universal 
protein containing the T3 protein. 

Bioinformatics mostly concerns redundancy; 
authors should concentrate on sequences that are 
at least 30% similar. For this reason, our study 
utilized deep learning to exclude sequences with a 
similarity of 100%. We were able to extract a 
significant amount of hidden information with this 
cutoff level, resulting in advanced neural networks 
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and insights inside the sequences. To carry out 
this process, we employed FASTA, which is a 
common biological sequence clustering tool, and 
the rest of the proteins increased in bacterial type 
III-proteins and non-bacterial type III proteins by a 
total of 318 type III proteins and 397 non-type III 
proteins. We used cross-validation datasets and 
independent datasets were then separated 
datasets. There was 283 T3 protein in the cross-
validation set, and 35 T3-proteins used as 
Independent sets and then 311 non-T3 proteins 
were used in the cross-validation sets and 86 
non-T3 proteins included in the independent set. 
Data details in Table 1 are provided in this study. 
 
Table 1: Experimental datasets retrieved T3 
protein and non- T3 protein proteins. 

 Cross-Validation Independent 

T3-Protein 283 35 

Non-T3 Protein 311 86 

 
2.2. Feature Extraction 
Means and standard deviations were determined 
through the unique Dipeptide Deviation from 
Expected Mean (DDE) feature descriptor that was 
proposed and developed to successfully identify 
T3-proteins and non-T3 proteins. A trustworthy 
and accurate bioinformatics tool can be 
constructed by incorporating adequate feature 
information into the model. We used feature-
encoding algorithms in this study, such as DDE, to 
have a bearing on the overall protein structure. 
They could be divided into DDE subtypes: a 
divergence (V. Saravanan et al. 2015) of a 
dipeptide from the mean predicted. A sparse, two-

dimensional matrix of 20 x 20 was achieved and 
stretched into a vector score matrix. Instead, an 
efficient measurement vector score matrix was 
chosen to obtain a compact functionality through 
random projection. New technology to remove 
compressive sensing functionality has therefore 
been introduced. 

The study included 2DCNN and the 
characteristic profiles vector score of DDE, and a 
useful approach for classifying T3 proteins was 
created. The system includes four major parts: 
data collection, extraction of features, 2DCNN 
development, and model evaluation. Figure 1 
shows our proposed system framework model 
and provides the following details. The features 
extraction of this study were the extraction vector 
score matrix for 2DCNN and the T3 protein DDE 
matrix. A significant approach for the identification 
and classification of T3 proteins has been created. 
For physical-chemical property-based 
characteristics, the DDE matrix extraction profile 
was processed using DDE-based encodes. 

The sections we studied in (Chen J, et al. 
2007, Singh H, et al. 2013)  found inconsistent 
dipeptide composition between T3 proteins and 
non-T3 proteins. The dipeptide composition 
aspect was used in this study to calculate the 
deviation of the dipeptide mean score from the 
expected mean. For the dipeptide bias, this 
measurement is called the DDE model. Three 
parameters, namely the dipeptide composition 

measurement 𝐷𝐶(𝑖), the theoretical mean value 

(𝑇𝑚) and the theoretical variance, were 
established to calculate the DDE function vector 
graph (𝑇𝑣). 

 
Figure 1:2D-CNN framework model of T3 protein 
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The following are the three factors that were 
mentioned above and the results of the DDE 

calculation. 𝐷𝐶(𝑖) Is a measure of dipeptide i 

composition in peptide P 

𝐷𝑐(𝑖) =
𝑛𝑖

𝑁
                          (1) 

Features with 400-size length dipeptide as (20 × 
20 regular amino acids), but not everything will 
happen at all sequences. Ni is dipeptide I 
frequency, and L-1 is N (i.e., P possible number of 
dipeptides). 𝑇𝑚(𝑖) is given to the theoretical mean 

𝑇𝑀(𝑖) =
𝐶𝑖1

𝐶𝑁

×  
𝐶𝑖2

𝐶𝑁

             (2) 

Means and standard deviations were computed 
using amino acid codon, 𝑪𝒊1 is the number, while 
in the given dipeptide 'I,' the second amino acid 
codons are the number of 𝑪𝒊2 code. CN is the 
total possible codons, except three (i.e., 61) stop 
codons. Since 𝑻𝒎(𝒊) does not depend on peptide 

P, 400 dipeptides were precomputed once in a 
while. 𝑻𝒗(𝒊), dipeptide I theoretical variance is 

indicated 

𝑇𝑣(𝑖) =
𝑇𝑚(𝑖)(1 − 𝑇𝑚(𝑖))

𝑁
                 (3) 

The theoretical average calculation of I is𝑻𝑴(𝒊), 

computed with eq. (2), N2, the T3 protein-peptide 
P is again L-1. Again. In the end, the 

measurement of 𝑫𝑫𝑬(𝑰) is 

𝐷𝐷𝐸(𝑖) =
𝐷𝑐(𝑖) − 𝑇𝑚(𝑖)

√𝑇𝑣(𝑖)

               (4) 

There was a significant difference in mean values 
across the DDE vector score computed for each 
of the 400 dipeptides lengths. The 400- 
dimensional feature vector is as follows, 
 

𝐷𝐷𝐸𝑃 = {𝐷𝐷𝐸(𝑖), … , … 𝐷𝐷𝐸(𝑛)}, 𝑤ℎ𝑒𝑟𝑒 𝑖

= 1,2, … ,400                         (5) 

Proposed 2DCNNT3 Framework 
Structures of tensor flow have been 

established and differentiated from matrices. 
Usually, 2D-CNN T3-protein is employed for 
defining an image pattern with every image map 
converted to the input window, to distance the 
image size and the functional length. For each 
protein of every length to be considered as a 
single channel for all the input features of the 
scalar two-dimensional data, Features already 
expressed in 2D are transformed so that each 
feature (chain) containing the expressed element 
is treated as a single channel. Only a two-
dimensional scalar function (such as sequence 
length) is copied across columns and rows to form 

a two-dimensional matrix of channels (a channel) 
(N. Q. K. Le,et al. 2019). Additional variables were 
derived separately and the secondary protein 
structure was extracted (Y. Liu, et al. 2016). 
Figure 1 shown the simplistic 2DCNNT3 proteins 
framework model. 

The Tensor Flow Backend library (Brownlee, 
J.2016) was used by Kearse (M. Abadi. 2018) in 
the implementation of our profound learning 
architecture. The 2DCNN T3 proteins consist of a 
large number of layers with a specific function that 
makes the input of each layer valuable. There was 
a specific order to combine the architecture of our 
2D-CNN T3 proteins model. The correct 
architecture and hyperparameter should be 
optimized and an efficient model built, as 
demonstrated by various studies in the field (Y. 
Guo, et al. 2019). For different issues and data 
sets, several layers and hyperparameters were 
needed. This process was conducted and 
presented in compliance with this law in this 
review. 

CNN PREDICTION MODEL 
This study provides detailed information on 

proposed method expressions that we were able 
to exactly classify the biological functions of T3 
proteins in a short period. The 2D structural 
information module CNN in the window facilitates 
CNN and discards a lot of relevant information. 
Therefore, we proposed a method to directly 
predict the protein function of a specific score 
matrix (DDE) using amino acid relationships. In 
addition to the standard structural features, a new 
structural feature was presented with the relative 
angles of the amino acids.  Based on the 
knowledge of the bioinformatics field of the CNN 
model, there have been many applications for the 
identification of protein types and binding sites. 

Input layers of two-dimensional convolutional 
neural networks 

The theoretical framework underpinning this 
study is shown in Figure 1 which describes the 
structure of CNN. CNN consists of three layers: 
the input layer, the hidden layer (including the 
convolution layer, the pooling layer, and the full 
connection layer), and the output layer. CNN is 
effective and performs well in many industries [. 
DDE model is used for protein sequence that 
corresponds to the input of CNN. On this basis, a 
method using trap protein vector profile as input 
data was proposed. Using this data set, we 
initially created a grayscale image of 20×20 pixels. 
The DDE model vector profile of 20×20 window 
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length as the matrix was used, and two-
dimensional CNN was used to train the model. 
We then connected the input DDE profile vectors 
score to our 2DCNN, which contains many 
settings to enhance the performance of the model. 
We wanted to extract as much hidden spatial 
information as possible from the DDE matrix, so 
we used 2DCNN. The technique ensures the 
correctness of the characteristics and avoids the 
occurrence of amino acid sequence disorder. 
Increasing the number of hidden layers will lead to 
more hidden features in CNN, especially when 
looking for trap proteins. Here, we used four filter 
layers (32, 64, filters), each with a different kernel 
size. 
 
Multiple hidden layers for deep neural 
networks 

The purpose of the hidden layer is to derive 
the matrix to learn the characteristics passed to 
the output layer. After we laid out the hidden 
layers, we began to discover their different 
sublayers, each with a different set of parameters 
and shapes. Two-dimensional sub references are 
created by using zero-fill, convolution, maximum 
pooling, and a fully connected layer with variable 
quantity filters. All nodes in a deep neural network 
are created by the combination of all the different 
layers. The number of layers and parameters 
determine the quality of the model. The zero-filled 
2D layer, adding zero values at the beginning and 
end of the 20×20 matrix, is the first layer of our 
2DCNN architecture.  

𝑧𝑝 =
𝑘 − 1

2
                        (6) 

The filter size, or K, determines the resolution of 
the image. Then, a two-dimensional convolution 
layer with a kernel size of 3×3 is used, which 
means that the features are learned using a 3×3 
matrix, and the final output is sent to the feature 
extraction process. Then, the weights and biases 
from the previous layer are transferred to the new 
layer, which then begins the training process 
again. The maximum pool uses some factors, 
such as loop size and step size. In our survey, we 
used a stride of 2 to select the maximum in the 
window of 20 and then carried out the maximum 
pool. With this technique, the processing time of 
the next layer can be reduced. 
The convolution layer calculates the output size 
using the above formula. 

𝑂𝑆 =
𝑤 − 𝑘 + 2𝑝

𝑠
+ 1                   (7) 

where w is the input size, k is the filter size, p is 
the padding and s is the stride size. 

Output layers 
Flattening is applied to the initial layer of the 

output layer. When applying the flat layer before 
the fully connected layer, the input matrix is first 
converted to a vector. To ensure that all nodes in 
the subsequent two layers are interconnected, we 
used full connectivity for each node in the first 
layer. In the later days of CNN, fully connected 
layers were often used. To increase their 
knowledge and performance, all layer 1 nodes are 
connected to the flat layer. In addition, we applied 
drop-outs to the model to improve its performance 
results. At the output layer, the model randomly 
deactivates multiple neurons at a specific 
probability. At the hidden layer, the model 
activates neurons at a specific probability. To 
save the next layer of computation, we can reduce 
the leakage value from 0 to 1. Each convolution 
operation is followed by another nonlinear process 
called ReLU (Rectified Linear Element). ReLU is 
defined as follows: 

𝑓(𝑥) = max(0, 𝑥)                                                         (8) 
 
For a neural network, x is the number of inputs. 
To determine the likelihood of each possible 
outcome, the softmax function is used. Function 
"SoftMax" is a logical function that defines the 
collapse of: 

𝜎(𝑍)𝑖 =
𝑒𝑍𝑖

∑ 𝑒𝑍𝑖𝑘
𝑘−1 

                                                           (7) 

The K dimension vector σ (z) is the value in the 
range (0, 1) of the K dimension vector, and the Jth 
class is the expected probability of the K 
dimension vector. In conclusion, a total of 147,682 
trainable parameters were established in the 
model (Table 2). 

Table 2:  Used trainable parameters of the 
2DCNNT3  

Layer (type) 
Output 
Shape 

Param 
# 

conv2d_1 (Conv2D) 
(None, 1, 20, 

32) 
5792 

leaky_re_lu_1 (LeakyReLU) 
(None, 1, 20, 

32) 
0 

max_pooling2d_1 
(MaxPooling2 

(None, 1, 10, 
32) 

0 

max_pooling2d_122 
(MaxPoolin 

(None, 1, 10, 
32) 

0 

dropout_1 (Dropout) 
(None, 3, 12, 

16) 
0 

conv2d_2 (Conv2D) 
(None, 1, 10, 

64) 
18496 

leaky_re_lu_2 (LeakyReLU 
(None, 1, 10, 

64) 
0 

max_pooling2d_2 
(MaxPooling2 

(None, 1, 5, 
64) 

0 

dropout_2 (Dropout) 
(None, 1, 5, 

64) 
0 
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conv2d_3 (Conv2D) 
(None, 1, 5, 

128) 
73856 

leaky_re_lu_3 (LeakyReLU) 
(None, 1, 5, 

128) 
0 

max_pooling2d_3 
(MaxPooling2 

(None, 1, 3, 
128) 

0 

dropout_3 (Dropout) 
(None, 1, 3, 

128) 
0 

flatten_9 (Flatten) (None, 384) 0 

dense_17 (Dense) (None, 128) 49280 

leaky_re_lu_4 (LeakyReLU) (None, 128) 0 

dropout_4 (Dropout) (None, 128) 0 

dense_18 (Dense) (None, 2) 258 

 
PERFORMANCE EVALUATION OF MODEL 

The main purpose of this analysis was to 
determine whether the T3-specific protein 
sequence was T3 protein. T3 proteins were 
defined as "positive" and non- T3 proteins as 
"negative". The model first performed the 10-fold 
cross-validation approach to the training data set, 
according to the results of 10-fold cross-validation, 
using the hyperparameter optimization to find the 
best model of each data set. We have verified 
comprehensively and rigorously evaluate the 
proposed model's performance. We used metrics 
that include sensitivity (SN), specificity (SP), 
accuracy (ACC), -value, and Matthew's correlation 
coefficient (MCC), which were reported based on 
the CV test and the independent test, including 
the correlation coefficient (MCC). The following 
are the specified metrics: 
 

TP
Sensitivity = 

TP FN                                          (9) 

TN
Specificity = 

TN FP                                        (10) 

TP TN
Accuracy = 

TP FP TN FN



                            (11) 

TP* TN FP* FN
MCC = 

(TP FP )(TP FN )(TN FP )(TN FN )



   
               

(12) 
 
 
RESULTS  

2DCNN OPTIMIZATION PROCESS  
Research modeling techniques critical to the 

analysis performed better and more reliably than 
previous studies. Most experiments are generated 
by data evaluation, calculation, and comparison. 
The DDE model is then adapted according to our 
model. 

T3 proteins and non- T3 proteins sequence for 
the amino acid composition 

The frequencies of T3 and non-T3 protein 
sequences were used to assess amino acid 
composition. The amino acid index submitted for 
content analysis is a summary of 20 values 
(ARNDCQEGHILKMFPSTWYV-), reflecting the 
different physicochemical characteristics of amino 
acids. For two independent data sets, twenty 
amino acids were significantly higher. There is no 
fundamental difference between the two data 
types, but there are some exceptions. The 
maximum amino acid concentrations of a protein, 
C and P, can be found along its length. Therefore, 
it is important to find the T3 proteins protein in 
these amino acids. Therefore, using various 
characteristics of these amino acids, our model 
can successfully predict T3 protein. 

2D-CNN TRAIN THE MODE 
The training of model features can explain a 

related idea. In our proposed model, 150 epoch 
lengths were used as training models. This 
feature can return the results of this feature to 2D-
CNN, which enables us to measure the accuracy 
and loss of function of the model during training 
and testing, as shown in the historical accuracy 
and loss of function plotted between training and 
validation. Finally, the 2D-CNN T3 proteins model 
was used for training in 150 epochs, which was 
good because the training accuracy after 150 
epochs was 0.95% and the training loss was 
0.17%, which was very low. Overfitting assumes 
that the network cannot see the hidden data but 
has an excellent memory for the training data. 

An important part of the study is based on the 
quality and consistency of modeling methods. In 
the first phase of our research, we conducted data 
collection experiments, calculated different 
numbers, and made different comparisons in the 
survey results and discussion sections. 

MODEL EVALUATION 
Results are shown in Figure 2 which 

represents our proposed model with the DDE 
model obtaining the T3 datasets test accuracy of 
0.9983 and obtaining a test loss of 0.0037 scores. 
The accuracy of the examination was surprising. 
This model is also well compared with the deep 
learning model. When we consider the dropout 
rate as a hierarchy, the results are less surprising. 
During training, a small number of neurons that 
quit will appear at random, reducing the 
dependence on the training.  
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Figure 2: Predicted validation accuracy and validation loss plots with DDE features 
 
The modifiable hyperparameter defines the 
number of parts of the neuron to be deleted. 
During this phase, the network stops storing 
training data by turning off inactive neurons, as 
these cells aren't taking part in the learning 
process. Then we develop, build and retrain 
networks, but the dropout rate is not taken into 
account. We run the network in batches of 10 and 
150. 

Amino acid composition of T3 and non-T3 
proteins 

We found that although the amino acid 
content of the T3 proteins sequences was similar 
and the amino acid composition of the non-T3 
proteins sequences was significantly different. 
The two datasets shown in Figure 2 have 
significant contributions to the highest frequency 
amino acids in the dataset. It was not clear how E, 
K, and L appeared with the highest frequency 
around T3 proteins, but now we know that they 
often appear around these molecules. Similarly, 
concentrations of G and P amino acids are 
highest around non-T3 proteins. This conclusion 
is supported by evidence that these amino acids 
have an important function in recognizing T3 
proteins. By observing the characteristics of 
amino acid contributions, our model can 
accurately predict T3 proteins. 
 
Calculated performance metrics for 
identification T3 proteins with 2DCNN 

A possible interpretation of this finding is that 
compared to the results of earlier studies that 

used the Keras package and Tensorflow as the 
back end, we built the 2DCNNT3 system. First, 
we experimented with four optional filter sizes: 32, 
64, to determine the ideal set of hidden layers. 
The results of cross-validation sets for different 
filter layers are shown in Table 3.We note that the 
model with 400 filters successfully distinguished 
these sequences in a 10x cross-validation, which 
attempted to identify traps with an average 
accuracy of 88.2%. Compared with the results of 
other filters, the performance is higher. 

Therefore, we created our model by using 256 
filters in the hidden layer. Then different 
optimization techniques are used to optimize the 
neural network, as shown in Figure. 3 including 
RMSprop, Adam, Nadam, Sgd, and Adadelta. As 
a means of maintaining a fair comparison 
between different optimizers, the model is re-
initialized (that is, a new network is formed) after 
each round of optimization. We found, after many 
tests, that NADAM, a stable optimizer, performed 
best. The experiment adopted the following 
Settings: the default learning rate (float, default 
value =0.001 steps), the batch size was set to 10, 
and the dropout rate was set to 0.2. Then you set 
it randomly for each of the 100 to 150 iterations. 
Next, we ran a separate set of tests to verify our 
model's ability to correctly predict the new data. 
The results were compared with those of other 
models. Figure 3 shows that after EPOCH 150, 
the accuracy of model validation based on training 
accuracy is enhanced. We changed the 
parameters of the training program (Table 4) to 
reduce training time and prevent over-fitting to 
achieve optimal performance on the data set. In 
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other words, our training is done at level 150 to 
shorten the training time and minimize the 
assembly. The most striking difficulties with 
machine learning are that its classification only 
works in training techniques. In addition, if there is 
an undetectable data set, the situation maybe 
even worse. To verify that our model is still 
suitable for blind data sets, we conducted an 
independent test. 

Our dataset included 103 T3 proteins and 848 
Non-T3 proteins. The samples used in the training 
set are listed below. In Figure 4, two complex 
matrices are compared, and the results are more 
detailed. The results yielded additional evidence 
of supports the results of cross-validation as well 
as the results of our independent test datasets. 
The accuracy of 85.8%, the sensitivity of 82.2%, 
specificity of 69.2%, and MCC of 0.70% in our 
model were very impressive in independent tests. 
Compared to the cross-validation results, the 
differences in the results were not too great, 
suggesting that our model may not have been 
overfitted. A different theory is that dropouts are 
being exploited and that our CNN copy of the 
show is effectively blocked. 

Identification of T3 protein between 2DCNN 
and shallow neural networks 
We did a study to see which machine learning 
classifiers work best for T3 proteins. We 
compared our model results using four different 

classifiers (such as CNN, DNN, kNN, and SVM) 
and 2DCNN results to evaluate our model. All 
studies used appropriate parameters for accurate 
comparisons. In Table 5. As shows the 
performance results of our machine learning 
algorithm relative to other algorithms. The results 
show that our 2DCNN performs well in the same 
experimental environment as other classical 
machine learning techniques. Our 2DCNN 
algorithm achieves the greatest success when 
applying independent data sets. 
 
Comparison of identifying T3 protein between 
2DCNN and DDE  

To make our predictions more convincing, we 
focus on subunits with and without traps. This is a 
step in the process (if present) to ensure that the 
initial differential match is not a trap (sialic acid-
binding peptide-protein). We compared the results 
in Table 5 with previous DDE benchmarks using 
T3 protein Fasta and found that they were almost 
identical. 

It is not hard to see how we can achieve 
higher performance by building profiles with DDE 
classifiers. Similarly, Fasta can search for the 
motif of a sequence, but it cannot find the 
information hidden in the sequence. These results 
suggest that a more powerful 2DCNN 
classification and with strong features encoded 
algorithm such as r such as DDE vector profiles. 

 
Table 3: The DDE model predicts the performance of several filter T3 proteins. 

 

Filter                           Cross-Validation Independent 

 Sens Spec Acc MCC Sens Spec Acc Mcc 

32 0.8177 0.8381 0.8279 0.6593 0.6233 0.68 0.6516 0.3203 

32-64 0.8416 0.7842 0.8129 0.6298 0.5533 0.6833 0.6183 0.2705 

 
Table 4: Experimental learning values for hyperparameters optimization 

 

Used Hyperparameter Values 

Number of epochs 80 

Learning Rate 0.001 

Batch size 10 

Kernel 3 

Dropout rate 0.4 

Optimizer Adam 
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Figure 3: Obtained validation accuracy prediction score for T3 proteins with various optimizers 

 

 
Figure 4: Predicted labels using DEE model confusion matrix (a) cv testing matrices and (b) 
independent testing. 
 
 
 

Table 5: Comparison results of 2DCNN with other ML Classifiers 

Classifier                                 Cross-Validation Independent 

 Sens Spec Acc MCC Sens Spec Acc Mcc 

KNN 0.9285 0.3650 0.6467 0.3591 0.2666 0.8333 0.55 0.1380 

SVM 0.7427 0.8672 0.805 0.6264 0.2 0.7 0.45 0.1497 

DNN 0.7912 0.769 0.7445 0.6919 0.6166 0.65 0.6333 0.2697 

2DCNN 0.8006 0.7803 0.7905 0.5827 0.6333 0.7166 0.675 0.3512 

 
CONCLUSION 

We proposed a Prediction Framework for 
2DCNNT3 Secret Effector Based Bacterial Type 
III, based on a deep neural network. T3 secreted 
protein association prediction with 2DCNN based 
on the DDE feature encoding algorithm was 
introduced. By incorporating the DDE retrieved 

from the source protein sequence with Fasta as 
the feature input, we were able to improve the 
model's ability to learn unique preferences for type 
III secreted proteins. In most cases, our method is 
superior to other existing methods. In our 
comparison of features and network models, this 
method proves its superiority. Overall, it has an 
advantage over other classification methods 
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because it can more accurately predict and 
identify T3SE in an independent test set. 
2DCNNT3 was not observed in the syringaceae 
dataset and it was slightly higher than the 
previous ACC and MCC methods. Our next steps 
will focus on improving the quality of experimental 
results for various experimental measures and 
using other large-scale data sets as predictive 
models. 
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