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Abstract: A neurotoxin is essentially a protein that mainly acts on the nervous system; it has a selective 

toxic effect on the central nervous system and neuromuscular nodes, can cause muscle paralysis and 

respiratory paralysis, and has strong lethality. According to their principle of action, neurotoxins are 

divided into presynaptic neurotoxins and postsynaptic neurotoxins. Correctly identifying presynaptic 

and postsynaptic nerve toxins provides important clues for future drug development and the discovery 

of drug targets. Therefore, a predictive model, Neu_LR, was constructed in this paper. The 

monoMonokGap method was used to extract the frequency characteristics of presynaptic and 

postsynaptic neurotoxin sequences and carry out feature selection, then, based on the important 

features obtained after dimensionality reduction, the prediction model Neu_LR was constructed using 

a logistic regression algorithm, and ten-fold cross-validation and independent test set validation were 

used. The final accuracy rates were 99.6078 and 94.1176%, respectively, which proved that the 

Neu_LR model had good predictive performance and robustness, and could meet the prediction 

requirements of presynaptic and postsynaptic neurotoxins. The data and source code of the model can 

be freely download from https: //github.com/gyx123681/. 
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1. Introduction 

Neurotoxins are toxic substances that are destructive to nerve tissue, such as AF64A, 6-

hydroxydopamine, and kainic acid. In principle, the toxins act on the ion channels in the nerve-muscle 

junction, destroying cholinergic neurons, inhibiting the release of acetylcholine, blocking nerve-

muscle conduction, causing muscle weakness, and thus making the muscle unable to contract. In 

severe cases, these toxins can cause suffocation and death. Neurotoxins can be classified into 

presynaptic and postsynaptic types according to their mechanism of action [1]. Presynaptic 

neurotoxins mainly act on the presynaptic membrane [2]; due to the specificity of enzyme activity, 

they typically block neuromuscular transmission and inhibit the release of neurotransmitters. The 

targets of postsynaptic neurotoxins are located in the postsynaptic membrane and can bind to 

acetylcholine receptors [3]. For example, β-methylamino-L-alanine, also known as BMAA, can 

damage motor neurons and has been implicated in Parkinson’s syndrome. Cobra neurotoxin is a short-

chain neurotoxin, the most important lethal component in cobra venom, a mainly postsynaptic 

neurotoxin. Because cobra venom neurotoxin is nonaddictive and non-drug resistant, it has broad 

prospects for persons with a drug addiction in detoxification. Therefore, the study of presynaptic and 

postsynaptic neurotoxins will contribute to the development of medicine, for example, to provide 

important clues for drug design [4–6]. 

Neurotoxins are a type of protein, and while their structure and function can be correctly predicted 

through biochemical experiments, the work is time-consuming and expensive [7–10]. In the genome 

era, many biological sequences are available [11], giving us a variety of methods to predict protein 

structure and function [12–15]. The key to correctly predicting protein structure and function is how 

to analyze these features using computational methods. Therefore, we can use machine learning methods 

for protein type prediction [16]. Generally, the use of machine learning to predict biological sequences 

mainly includes the following steps: feature extraction, model construction, and performance 

evaluation [17–22]. In 2009, a diversity-based method of identifying presynaptic and postsynaptic 

neurotoxins was proposed. The algorithm is based on the composition of amino acids and pseudo-

amino acids [23]. To further improve the accuracy of prediction, Hua Tang et al. proposed a new feature 

selection technique based on the principle of variance analysis (ANOVA) [7,24]. In this article, we 

constructed a predictive model, Neu_LR, to correctly identify presynaptic and postsynaptic 

neurotoxins. The monoMonokGap method was used to extract the frequency characteristics of 

presynaptic and postsynaptic neurotoxin sequences and carry out feature selection. Then, based on the 

important features obtained after dimensionality reduction, the logistic regression algorithm is used to 

construct the prediction model Neu_LR. 

2. Material and methods 

2.1. The main flow of the article 

As the effectiveness of machine learning technology has been continuously verified in recent 

years, the prediction of protein classification using machine learning-related technology has become a 

new research category [25,26]. The key to protein classification prediction with the help of machine 

learning technology lies in data processing and classification algorithms. The general prediction 

process is to first use the algorithm to extract the features of the protein and then use different classifiers 
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to predict the protein. Therefore, the effective combination of feature extraction algorithms and 

classifiers has been extensively studied [27–31]. 

The research contents of this study include. We first download the presynaptic and postsynaptic 

neurotoxins from the UniProt database, and then the monoMonokGap feature expression algorithm is 

used to extract and select features from the data set to get the optimal features. Second, the feature 

vector obtained by dimensionality reduction was taken as the input, and the model was built using a 

logistic regression algorithm, and ten-fold cross-validation and independent test set validation was 

carried out. Figure 1 shows the flow chart of building the model in this paper [32,33]. 

 

Figure 1. Main flowchart for predicting presynaptic and postsynaptic neurotoxin proteins. 

2.2. Dataset 

High-quality data sets are the basis for building reliable and accurate models [34,35]. The UniProt 

database provides the scientific community with a single, centralized, authoritative source of protein 

sequence and functional information [36]. The data set used in this article is also applied to the research 

of Hua Tang et al. A total of 91 presynaptic and 165 postsynaptic neurotoxins were downloaded from 

the UniProt database. Since fuzzy information will reduce the quality of the benchmark data set and 

will cause the predicted model to become unreliable, we must eliminate unknown residues in the 

protein sequence (such as “X”, “Z”, “J”, “O” and “B”). Because of the highly similar protein sequences 

in the data set, the results can be overestimated; therefore, the cut-off value of sequence identity is set 

to 80%. According to the results of the above screening, our data set contains 90 presynaptic 

neurotoxins, 165 postsynaptic neurotoxins and a total of 255 types of neurotoxin samples can be 

expressed by the following formula: 

pr poS S S   
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where subset
prS is a collection of 90 presynaptic neurotoxins and

poS is a collection of 165 postsynaptic 

neurotoxins. 

Each protein sequence can be expressed by the following formula: 

1 2 3= LR r r r r  

R stands for protein sequence, ir  stands for representative residue, and L  is the length of the 

protein sequence. Since some machine learning methods cannot directly learn R , the protein sequences 

have to be converted to fixed-length vectors [37]. 

2.3. Feature selection 

As the first step in building a biological sequence analysis model, feature extraction is an 

important part of the correct prediction of protein sequences. Generally, we can use the feature 

extraction method to convert the input neurotoxin sample order into a fixed-length digital vector and 

then use MRMD2.0 to reduce the dimensionality of the obtained feature vector as needed. Finally, we 

use the reduced dimensionality vector as the input vector of the classifier model and classify and 

process the result [38]. 

2.3.1. monoMonoKGap 

The monoMonoKGap is a feature extraction method, and the best features can be generated from 

a large number of previously generated features, monoMonoKGap considers kGap  in the nucleotide 

sub-sequence, frequencies of these sub-sequences are treated as prediction features. It can be used for 

feature extraction of DNA sequences, RNA sequences, and protein sequences [39]. The selection range 

of kGap in DNA sequences and RNA sequences is 1 to 5, and the selection range of kGap  in protein 

sequences is 1 to 10. When the kGap value is small, the formation of the feature set is small, and the 

frequency of occurrence of these features retains the partial or short information sequence order, and 

when the kGap  value is moderately large, more features will be generated to retain long sequence 

information [40]. Specifically, when kGap 1 , the sequence can be encoded as frequencies of X X , 

Simultaneously generate 4 1 4   dimensional features, or 20 1 20   dimensional features, when 

kGap 2 , generate 4 2 4   dimensional features, or 20 2 20   dimensional features and so on [41]. 

That is when kGap n , the DNA sequence and RNA sequence will produce 4 4 n   features, and 

the protein sequence will produce 20 20 n   features. The generated feature format is as follows: 

when kGap 1 ,the characteristic structure is X X ; 

when kGap 2 ,the characteristic structure is X X and X X  ; and so on. 

where X is defined as: 
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This is followed by the DNA sequence, RNA sequence, and protein sequence. 
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For feature selection, to reduce the negative impact of dimensionality and to maintain information 

features, the AdaBoost classification model can be used to calculate the average impurity reduction. 

AdaBoost is a popular boosting classification algorithm in data mining. The core idea is to train 

multiple weak classifiers on the same training set, set these weak classifiers, and finally build a strong 

classifier [42]. Since Freund and Schapire proposed the AdaBoost algorithm [43–45], the improvement 

of AdaBoost has mainly involved two aspects: 1) adjusting the weight of the weak classifier in a new 

way and 2) improving the training method to reduce the error rate of classifier or save the training time. 

2.3.2. Profile-based Auto covariance (AC-PSSM) 

Each residue in the protein sequence has many physical and chemical properties, so the protein 

sequence can be regarded as a time series with corresponding properties [46]. PSI-BIAST is run to 

compare the data set and parameters to generate the outline of each sequence. 

AC-PSSM [47] uses PSI-BIAST [48] as a search tool. PSI-BIAST provides a means to detect 

distant relationships between proteins. It is a protein sequence profile search method used to compare 

more sensitive protein sequences to other protein sequences. The database used is the nr library. 

AC-PSSM can convert PSSMs of different lengths into vectors of fixed length. AC measures the 

correlation between two residues with the same property, which can be expressed as: 

      , ,

1

,

1

, /

/

L lag

i j i i j lag i
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
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                    (1) 

where i  is one of the residues, L is the length of the protein sequence, jiS ,  is the PSSM fraction of 

amino acid i at the jth  position, and 
iS
 
is the average fraction of amino acid i  in the entire protein 

sequence. In this way, the number of ACs can be calculated by 20 LAG  , where LAG   is the 

maximum hysteresis, where the value of lag is all integers from 1 to LAG . In this article, we set the 

value of LAG  to the default value of 2, that is, the maximum hysteresis is 2. Figure 2 shows the 

flowchart for generating AC-PSSM when the hysteresis is 2. That is, when 2LAG  , AC-PSSM can 

generate 40 columns of feature vectors. The first 20 columns represent the characteristics of the lagging 

item in the PSSM matrix when =1lag , expressed as 

       , ,1 , , ,1 , , ,1 , , , ,1A A R R N N V V  

The last 20 columns represent the characteristics of the two lags in the PSSM matrix when =2lag , 

expressed as 

       , ,2 , , ,2 , , ,2 , , , ,2A A R R N N V V  
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Figure 2. A flowchart of AC-PSSM generation. When 2LAG   , a 40-column feature 

vector is generated. (A) First generate the first 20 columns, that is, the features when one 

item is lagging. (B) Secondly, the characteristics of the last 20 columns that are lagging 

two items are generated. 

2.3.3. Maximum correlation maximum distance (MRMD2.0) 

Feature selection is also known as variable selection or attribute selection, defined as the process 

of selecting the feature that contributes the most to the predictor variable or output of interest. After 

extracting features from the sequence, the MRMD2.0 algorithm is used for feature selection.  

MRMD2.0 is based on the PageRank algorithm. It is not only a Python-based tool for reducing 

the dimensionality of data sets but also draws performance curves based on feature dimensions. Accuracy 

can be sacrificed for fewer features by selecting dimensions from the performance curve [49,50]. 

2.4. Classification options and tools 

The basic idea of classification is to learn the parameters of the classifier through training data, 

and the goal of classification is to train the parameters of the classifier with the training set with the 

smallest loss of accuracy [51,52]. Weka (3.8.5) can be used for data mining and prediction models. 

There are many different classification modes, such as random forest and Bayesian classifiers 

[27,49,53]. 

2.4.1. Random forest (RF) 

The random forest algorithm is an ensemble algorithm, which is composed of multiple decision 

tree classifiers, and each subclassifier is a CART classification regression tree; therefore, classification 

and regression are performed using random forest. This algorithm is highly resistant to overfitting: the 
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risk of overfitting can be reduced by averaging the decision tree [54,55]. The advantages are its simple 

implementation, high accuracy, fast training speed, strong anti-overfitting ability, and suitability as a 

benchmark model. The disadvantage is that the model is prone to overfitting on some sample sets 

with relatively large noise. When there are many decision trees, the training time and space will be 

relatively large. 

2.4.2. Logistic regression (LR) 

Logistic regression is a machine learning method used to solve binary classification problems, and 

it is a generalized linear regression [56]. A hyperplane can be established to classify samples, which 

can be described by the following formula: 

   
1

1

T

Tx
h x g x

e
 




 


                              (2) 

where X  is the sample  1 2, , , nx x x x
 
is a n -dimensional vector, g  is a logistic function, and 

the general form is  
1

1 z
g z

e



. The advantages are that the computational cost is not high and it is 

easy to understand and implement, but the disadvantages are that it is easy to underfit and the 

classification accuracy may not be high. 

2.5. Performance evaluation 

In this article, k-fold cross-validation was chosen to test predictions. Specificity (SP), sensitivity 

(SN), and accuracy (ACC) [57–61] were used to evaluate our proposed method [62]; they can be 

expressed as:  

1
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
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                            (5) 

where 
prN   and 

poN   represent presynaptic neurotoxin and postsynaptic neurotoxin, respectively; 
pr

poN indicates that the presynaptic neurotoxin was incorrectly predicted as a postsynaptic neurotoxin; 

and
po

prN indicates that a postsynaptic neurotoxin was incorrectly predicted as a presynaptic neurotoxin. 

3. Results and discussion 

Previous studies have shown that feature extraction is very important for predictor variables, and 

optimized features can improve the accuracy of model prediction [63–67]. Especially in some high-

dimensional data, there may be some noise and redundant information, which will have some negative 
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effects on the prediction. 

3.1. Performance comparison of different feature expressions 

In this section, the prediction results of monoMonokGap, AC-PSSM, 188D characteristics, 

Geary-related characteristics, and amino acid composition (AAC) [68,69] characteristics under logistic 

regression and random forest were compared. The results are shown in Tables 1 and 2 (where the 

maximum value is indicated in bold). It can be seen from Tables 1 and 2 that the monoMonokGap 

feature used in this model has the best performance in all indicators. Under the random forest algorithm, 

when kGap 7  , monoMonokGap ( kGap 7  ) performs the best; Under the logistic regression 

algorithm, when kGap 9 , monoMonokGap ( kGap 9 ) achieves the best result. Compared with the 

two results, kGap 9  had the best performance on LR, among which the values of ACC, AUC, SP, 

and SN were 99.6078%, 0.996, 0.998, and 0.996, respectively. This also proves the effectiveness of 

monoMonokGap ( kGap 9 ), so we choose monoMonokGap ( kGap 9 ) as the feature expression 

method of the model. 

Table 1. Different feature representation methods are used to obtain the results of using 

RF classifier under 5-fold cross-validation. 

Method SN SP AUC ACC (%) 

monoMonokGap ( kGap 1 ) 0.910 0.870 0.966 90.9804 

monoMonokGap ( kGap 3 ) 0.941 0.912 0.985 94.1176 

monoMonokGap ( kGap 5 ) 0.945 0.920 0.992 94.5098 

monoMonokGap ( kGap 7 ) 0.957 0.936 0.991 95.6863 

monoMonokGap ( kGap 9 ) 0.949 0.917 0.992 94.902 

AC-PSSM 0.839 0.776 0.868 83.9216 

188D 0.710 0.609 0.794 70.9804 

Geary 0.533 0.417 0.481 53.3333 

AAC 0.686 0.602 0.736 68.6275 

To further verify the stability of monoMonokGap, we tested it with an independent test set [70] 

and compared it with AC-PSSM, 188D characteristics, Geary-related characteristics, AAC and other 

feature expression methods. The results are shown in Tables 3 and 4. Among them, 80% of the 

randomly selected data sets are used to train the prediction model, and the remaining 20% are used to 

test the model. 

It can be seen from Tables 3 and 4 that, compared with other feature expression methods, the 

monoMonokGap feature expression method selected in this article has little difference in the results of 

independent verification set to test and the results of ten-fold cross-validation, which also proves that the 

feature expression method selected in this paper does not have over-fitting and has good stability. 
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Table 2. Different feature representation methods are used to obtain the results of using 

LR classifier under 10-fold cross-validation. 

Method SN SP AUC ACC (%) 

monoMonokGap ( kGap 1 ) 0.929 0.901 0.971 92.9412 

monoMonokGap ( kGap 3 ) 0.925 0.889 0.988 92.549 

monoMonokGap ( kGap 5 ) 0.984 0.986 0.994 98.4314 

monoMonokGap ( kGap 7 ) 0.973 0.980 0.995 97.2549 

monoMonokGap ( kGap 9 ) 0.996 0.998 0.996 99.6078 

AC-PSSM 0.780 0.663 0.789 78.040 

188D 0.631 0.37 0.603 63.1373 

Geary 0.627 0.428 0.684 62.7451 

AAC 0.667 0.460 0.637 66.6667 

Table 3. The performance comparison of different feature algorithms under LR was 

verified by an independent test set. 

Method SN SP AUC ACC (%) 

monoMonokGap ( kGap 1 ) 0.824 0.828 0.931 82.3592 

monoMonokGap ( kGap 3 ) 0.882 0.835 0.894 88.22353 

monoMonokGap ( kGap 5 ) 0.980 0.989 0.985 98.0392 

monoMonokGap ( kGap 7 ) 0.961 0.979 0.998 96.0784 

monoMonokGap ( kGap 9 ) 0.941 0.968 0.977 94.1176 

AC-PSSM 0.686 0.677 0.709 68.6275 

188D 0.373 0.658 0.608 37.2549 

Geary 0.588 0.397 0.396 58.8235 

AAC 0.604 0.445 0.548 60.3774 

3.2. Comparison with other classifiers 

In this section, the performance of the model constructed in this article is compared with RF, 

Logical Model Tree (LMT), J48, Bayesnet, NaiveBayes, Sequential Minimal Optimization (SMO), 

and other classifiers. The results of ten-fold cross-validation are shown in Table 5 (the maximum value 

is indicated in bold). It can be seen from Table 5 that the results of the model constructed in this paper 

are significantly better than those of other classifiers in terms of various indicators, with the values of 
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ACC, AUC, SP, and SN being 99.6078%, 0.996, 0.998 and 0.996 respectively. This also proves the 

validity of the model constructed in this article. 

Table 4. The performance comparison of different feature algorithms under RF was 

verified by an independent test set. 

Method SN SP AUC ACC (%) 

monoMonokGap ( ) 0.804 0.742 0.872 80.3922 

monoMonokGap ( ) 0.804 0.716 0.923 80.3922 

monoMonokGap ( ) 0.902 0.846 0.966 90.1961 

monoMonokGap ( ) 0.882 0.810 0.977 88.2353 

monoMonokGap ( ) 0.922 0.881 0.973 92.1569 

AC-PSSM 0.725 0.598 0.697 72.549 

188D 0.510 0.707 0.786 50.9804 

Geary 0.529 0.390 0.412 52.9412 

AAC 0.566 0.501 0.553 56.6038 

Table 5. Comparison of performance of different classification algorithms under 10-fold 

cross-validation. 

Classifier SN SP AUC ACC (%) 

Neu_LR 0.996 0.998 0.996 99.6078 

RF 0969 0.948 0.995 96.8627 

LMT 0.918 0.884 0.971 91.7647 

J48 0.863 0.804 0.877 86.2745 

BayesNet 0.929 0.891 0.987 92.9412 

NaiveBayes 0.863 0.779 0.945 86.2745 

SMO 0.973 0.965 0.969 97.2549 

Table 6. The performance comparison of different classification algorithms was verified 

by an independent test set. 

Classifier SN SP AUC ACC (%) 

Neu_LR 0.941 0.968 0.977 94.1176 

RF 0.922 0.881 0.972 92.1569 

LMT 0.784 0.756 0.886 78.4314 

J48 0.843 0.788 0.824 84.3137 

BayesNet 0.902 0.846 0.948 90.1961 

NaiveBayes 0.804 0.691 0.920 80.3922 

SMO 0.922 0.932 0.927 92.1569 

kGap 1

kGap 3

kGap 5

kGap 7

kGap 9
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To further verify the robustness of the model constructed in this article, we conducted independent 

test set verification on it and compared its performance with RF, LMT, J48, Bayesnet, NaiveBayes, 

SMO, and other classifiers. The results are shown in Table 6. Among them, 80% of the randomly selected 

data sets are used to train the prediction model, and the remaining 20% are used to test the model. 

It can be seen from Table 6 that, compared to other algorithms, the model constructed in this paper 

achieves the best prediction article, and the values of ACC, AUC, SP, and SN are 94.1176%, 0.977, 

0.968, and 0.941, respectively. Moreover, compared with the results of 10-fold cross-validation, the 

difference is very small, which also proves that the prediction performance of the model constructed 

in this article does not exist overfitting and has good stability. 

3.3. Comparison with state-of-the-art predictors 

This section compares the model constructed in this paper with other existing methods. The 

comparison results are shown in Table 7, where the results of ID [23] and ANOVA [7] are obtained 

directly from literature. It can be seen from Table 7 that the model Neu_LR constructed in this paper 

has the best performance in all indicators, among which ACC, SP, and SN reach the maximum value 

of 99.6078%, 0.998, and 0.996 respectively, and the effect is better than the other two methods, which 

also proves the effectiveness of the model Neu_LR constructed in this paper [71]. 

Table 7. Comparison of different methods for predicting presynaptic and postsynaptic neurotoxins. 

Method SN SP ACC (%) 

ID [23] 88.46 91.30 89.80 

ANOVA [7] 94.51 95.15 94.92 

Neu_LR 0.996 0.998 99.6078 

4. Conclusions 

The correct understanding of presynaptic and postsynaptic neurotoxins is an essential first step in 

the discovery of drug targets and drug design. And protein prediction mainly involves two aspects, 

feature extraction, and selection of classification algorithms. Therefore, the prediction model Neu_LR 

was constructed in this article. The monoMonokGap method was used to extract the frequency 

characteristics of presynaptic and postsynaptic neurotoxin sequences, and the feature selection was 

carried out. Then, based on the important features obtained after dimension-reduction, the logistic 

regression algorithm was used to construct the prediction model Neu_LR. In this paper, we use 10-

fold cross-validation and independent test set validation to judge whether the Neu_LR model is good 

or not. In the 10-fold cross-validation, we achieved 99.6078% accuracy, and in the independent test 

set validation, we achieved 94.1176% accuracy, which shows that our model is feasible and effective. 
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