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Abstract: Nascent protein translated inside cells is controlled by a signal peptide to various cellular 
compartments, including the secretory protein. A preproprotein sequence has a signal peptide 
flanking it at the N-terminus. To distinguish the signal peptide from proteins that migrate to other 
compartments, several state-of-the-art tools have been developed. Because the signal peptide and 
the transmembrane protein are too close to each other, problems have arisen. In addition, several 
proteins can be found in multiple locations. Therefore, we proposed to use the integrated approach 
to bootstrap the performance of the traditional prediction method. The combination of SignalP and 
DeepLoc can provide a better result than any single predictor alone. This study was conducted using 
the protein sequences from the recently reviewed database and applied the scoring indices derived 
from the confusion matrix. In terms of recall and F1 score, the results show that the integrated 
method outperforms the individual predictors. Some indices are slightly different from those of the 
single predictor. Moreover, the integrated method increases the detection rates while decreasing the 
false discovery rates. It can be shown that the combination of multiple predictor algorithms outper-
forms the conventional predictor method. 
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1. Introduction 
Every protein in the cell must be directed to a specific cellular compartment to per-

form its functions. This includes secretory proteins that are located outside the cell. A sig-
nal peptide is the most important element in a protein sequence to indicate its pathway. 
A preprotein is the nascent protein from a translation that contains the signal peptide. In 
secretory proteins, the enzyme signal peptidase in the lumen of the endoplasmic reticu-
lum (ER) cleaves the signal peptide from the nascent preprotein as it travels to its destina-
tion. The ER divides its membrane to form a transport vesicle toward the Golgi network 
for packaging and delivery outside the cell once the protein is properly folded [1]. 

 

Copyright: © 2021 by the authors. 

Submitted for possible open access 

publication under the terms and 

conditions of the Creative Commons 

Attribution (CC BY) license 

(http://creativecommons.org/licenses

/by/4.0/). 

S4-P-05 



BMB conference 2021. 2 of 7 
 

 

In eukaryotes, the signal peptide is flanked at the N terminus of a preprotein se-
quence. It consists of 1-5 positively charged amino acids followed by 7-15 hydrophobic 
acids and 3-7 polar amino acids. Notably, the proteolytic cleavage site is located at the end 
of the polar region, between positions -3 and -1 [2]. Problems have arisen because the sig-
nal peptide is very similar to the integral membrane protein that spans the lipid bilayer of 
the cell and organelle and is called transmembrane protein. The hydrophobic portion of 
the transmembrane protein sequence is entangled with the more abundant positively 
charged region. The transmembrane protein differs in that it lacks a proteolytic cleavage 
site [3]. 

Once the properties of secretory proteins were introduced, many tools were devel-
oped to distinguish the signal peptide from other types of proteins. Secretory proteins can 
be predicted in 2 ways, by the presence of a signal peptide or by extracellular localization. 
SignalP, the latest version 5.0, combines a deep recurrent neural network with an opti-
mized transfer learning algorithm. The use of two deep learning models led to improved 
results compared to the previous computational model [4]. DeepLoc 1.0 is a predictor of 
subcellular localization that uses a deep recurrent neural network. DeepLoc 1.0 also uses 
a feed-forward neural network with an attention mechanism to decode features and clas-
sify them into 11 different localization types, including extracellular. DeepLoc 1.0 outper-
forms previous homology-based predictors by using a neural network as a computational 
model. [5]. A single predictor, on the other hand, may incorrectly predict an outcome. 
Moreover, multiple proteins can be found in multiple locations. Proteins secreted to out-
side the cell may be incorporated inside the cell and enter the cytosol and nucleus. For this 
reason, we recommend using the integrated method to bootstrap predictive performance. 
The combination of SignalP 5.0 and DeepLoc 1.0 could be more effective than either pre-
dictor alone. This study was performed using protein sequences from a recently reviewed 
database and scoring indices derived from binary classification. 

2. Materials and Methods 
2.1 Evaluation indices 

The study is evaluated using the confusion matrix, a 2x2 contingency table of actual 
and predicted classes consisting of true positive (TP), false positive (FP), true negative 
(TN), and false negative (FN). TP is a sample that was correctly predicted and labeled 
positive. FP is a negative sample that was predicted to be positive. TN is a negative sample 
that was correctly predicted and labeled as negative. FN is a positive sample that was 
predicted to be negative. The calculation derived from the confusion matrix used in this 
study is precision, recall, false positive rate of transmembrane for prediction as signal pep-
tide (FPRTM), F1 score and Matthews Correlation Coefficient (MCC) [6,7]. Precision 
measures how many selected elements are relevant and is calculated by the proportion of 
a sample set that is correctly predicted as signal peptide (TP) and the sum of positive 
samples including TP and FP as shown in equation (1). 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =		
𝑇𝑃

𝑇𝑃 + 𝐹𝑃 (1) 

Recall, or sensitivity or true-positive rate (TPR), refers to how many relevant elements are 
selected, or the accuracy of the positive class, and is calculated by the proportion of sam-
ples that are correctly predicted to be a signal peptide (TP) and the sum of the ground 
truth, which includes TP and FN, as shown in equation (2). 

𝑅𝑒𝑐𝑎𝑙𝑙 = 		
𝑇𝑃

𝑇𝑃 + 𝐹𝑁 (2) 
The properties of signal peptide and transmembrane proteins are very similar. The false 
positive rate of transmembrane proteins for prediction as signal peptide (FPRTM) is calcu-
lated by equation (3), where the false positive rate of transmembrane proteins is denoted 
as FPTM, and a total number of transmembrane proteins, which are denoted as NTM. 

𝐹𝑃𝑅!" =		
𝐹𝑃!"
𝑁!"

 (3) 
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F1-Score refers to the harmonic mean of Precision and Recall and is usually optimized to 
balance Precision and Recall. The F1-Score is calculated according to the following equa-
tion (4). 

𝐹1	𝑠𝑐𝑜𝑟𝑒 = 	
2	 × 𝑇𝑃

2	 × (𝑇𝑃 + 𝐹𝑁 + 𝐹𝑃) (4) 

MCC measures the quality of binary classification originated by Matthews (1975) [8]. 
MCC is calculated by equation (5), where the worst value leads to the best value from 0 to 
1, respectively. [7,9]. 

𝑀𝐶𝐶 =	
𝑇𝑃	 × (𝑇𝑁 − 𝐹𝑃) × 𝐹𝑁

(𝑇𝑃 + 𝐹𝑃) × (𝑇𝑃 + 𝐹𝑁) × (𝑇𝑁 + 𝐹𝑃) × (𝑇𝑁 + 𝐹𝑁) (5) 

The measurement of MCC and F1 score may sometimes disagree, especially in a highly 
skewed dataset or in an outcome set that does not have a good ratio of positive and neg-
ative classes. Therefore, the measurement of F1-Score alone may indicate exaggerated re-
sults [9]. Moreover, the effectiveness of the computational methods for determining 
ground truth on different types of datasets is described by the detection rate in Equation 
(6). Moreover, the inverse of precision gives the false discovery rate (FDR). 

𝐷𝑒𝑡𝑒𝑐𝑡𝑖𝑜𝑛	𝑅𝑎𝑡𝑒 = 	
𝑇𝑃

𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁 + 𝑇𝑁 (5) 

All evaluation indices were calculated using R in R studio software. R scripts for data 
analysis were deposited in GitHub repository https://github.com/JirathNuan/BMB2021. 
 
2.2 Experimental setup 
All experiments in this study were conducted on a server with 64-bit architecture, 47 GB 
RAM and 1 TB SSD, running Ubuntu 19.10 (Eoan Ermine) LTS and Python version 3.8. 
Miniconda was used as a server-side version package check and prevents unbiased re-
sults. Miniconda can be downloaded and installed using the instructions in the Conda 
documentation (https://docs.conda.io/en/latest/miniconda.html). 
 
2.3 Dataset 
The protein sequences used to evaluate the tools were extracted from the Uniprot/Swis-
sProt database, release 2021_02 [10]. The protein sequence set consisted of two subsets, a 
positive subset and a negative subset. Both subsets were searched based on the names of 
the subcellular localizations. The positive subset was searched for the keyword "Secreted" 
and the negative subset was searched for the keywords "Cell envelope" and "Mitochon-
drion matrix" to find protein sequences targeting the cell membrane and mitochondrion, 
respectively. For each subset, only protein sequences from humans were selected. The 
protein sequences must be longer than 100 aa. The protein sequences with keywords "un-
characterized", "probable" or "similar" were excluded. Also, a keyword "frag-ment" indi-
cating the mature peptides is allowed, but partial, N- or C-terminal "fragment" are not 
allowed. A dataset that does not contain the evidence code was also excluded. Further 
details of the records to be excluded in each subgroup were described in Table 1. 

Table 1. Description of dataset processing. 
Dataset 

(and total sequences) 
Subcellular  

location term Records to exclude 

Positive subset  
(805) Secreted Records containing keywords "Membrane", "Endoplasmic reticulum" 

and "Nucleus" 

Negative subset 
(1,327) 

Cell envelope 
Records containing more than one different location such as  
"Secreted", "Cytoplasm", "Endoplasmic reticulum", "Nucleus",  
"Peroxisome", "Virion", "Mitochondrion", "lysosome", and "Golgi" 

Mitochondrion matrix 
Records that are located at more than one different location, but the 
exception is a record that locates in the same compartment, e.g.,  
mitochondrion matrix along with mitochondrion. 
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2.4 Prediction methods 

Method SignalP (SignalP_alone) is designated from the use of SignalP 5.0 software 
and is the latest update version of SignalP. The standalone version of SignalP 5.0 was 
downloaded from https://services.healthtech.dtu.dk/software.php for research under li-
cense from Technical University of Denmark (DTU).  

Method DeepLoc (DeepLoc_alone) is designated from the use of DeepLoc 1.0 soft-
ware. The standalone DeepLoc 1.0 is available to download at https://ser-
vices.healthtech.dtu.dk/software.php for research under license from the Technical Uni-
versity of Denmark (DTU). 

Integrated method (SignalP_DeepLoc) is designated from combining the use of Sig-
nalP 5.0 and DeepLoc 1.0 software. First, input protein sequences were identified the pres-
ence of a signal peptide by SignalP 5.0. The signal peptide-flanking proteins were then 
used as input to DeepLoc 1.0 to identify its subcellular localization. The final results were 
the proteins that containing the signal peptide and secrete to the extracellular region. 

3. Results 
3.1 Overall performance on human dataset 

Figure 1 illustrates the overall performance comparison between three methods, in-
cluding the integrated prediction result of SignalP and DeepLoc. The prediction using the 
integrated method provides high value for recall and F1. While DeepLoc alone shows the 
best performance in terms of MCC, but the precision is slightly lower than the integrated 
method. Prediction with SignalP alone gives the lowest performance in all indices. 

 
Figure 1. Evaluation of precision, recall, F1-score, and Matthews Correlation Coefficient (MCC). 

3.2 Performance on discriminating between the signal peptide and transmembrane proteins 
Prediction with DeepLoc alone is 2.25 times better than the integrated method in 

terms of FPRTM (Figure 2). In contrast, prediction with SignalP alone increases the FPRTM 
by 5.8-fold compared to the best method. This means that prediction with DeepLoc per-
forms better than other methods in the human dataset. 
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Figure 2. Evaluation of precision, recall, F1-score, and Matthews Correlation Coefficient (MCC). 
 
3.3 Integrated method improves detection rate and false discovery rate 
The detection rate of the integrated method is outstanding and is about 1.5 times higher 
than that predicted by SignalP or DeepLoc alone (Figure 3). This indicates that the inte-
grated method outperforms the individual prediction methods. Moreover, the FDR of the 
integrated method and DeepLoc alone is slightly different, while the SignalP alone 
method has a higher FDR. This indicates that the combination of prediction method is not 
only effective in terms of detection rate, but also improves the FDR. 

 
Figure 3. Detection rate and false discovery rate. 

 

4. Discussion 

Previously, secretory protein prediction was based on the results of a single 
prediction method. Here, we generated the dataset from the recently reviewed protein 
database based on subcellular location terms. Each location term was retrieved from the 
pro-tein sequences and the data were filtered to ensure that each protein was in a location 
that had been shown to exist. In particular, to ensure that the transmembrane proteins 
used for the analysis were not located in the organelle membrane, the cell envelope 
localization term was then selected. Proteins from the mitochondrial matrix encoded by 
mitochondrial DNA itself are also selected as the negative subset. In the positive subset, 
the secretory proteins are selected from the location term secreted. This means that these 
proteins are encoded by the genomic DNA and pass through the secretory pathway to 
reach outside the cells. Although, secretory proteins are diverse, some secretory proteins 
such as interleukins, neuropeptides and growth factor proteins often travel through the 
cell as they can also act as transcriptional regulators. Therefore, these may affect 
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subcellular localization as DeepLoc. However, some secreted proteins predicted by 
SignalP to contain a signal peptide are indifferent with respect to extracellular localization. 
This means that the predictor is confused, indicating either type I (FP) or type II (FN) 
errors in prediction. There is no single evaluation index that indicates the best prediction 
method. Therefore, the best prediction method should be selected based on its ability to 
reduce both types of errors. Moreover, it is better to consider the effectiveness of 
prediction and reduce the false discovery rate. However, to prove that the integrated 
method is worthy, it must be applied with other animal datasets. 

5. Conclusions 
In this study, a new strategy for identifying secretory proteins was proposed. Each 

predictor is performed with a different algorithm. Previously, a single predictor alone 
could be sufficient to identify secretory proteins. As the biological knowledge of protein 
subcellular lo-calization has been explored more deeply, we can thus learn more ground 
truth. The integration of the prediction algorithm is better as it improves the prediction of 
the positive classes. This affects many indices that indicate the effectiveness of prediction 
and reduces the false discovery rate. 
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