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1. INTRODUCTION  

Allergy is the most frequently occurring chronic disease 

that is spreading globally. Moreover, this is also the main 

cause of asthma and of asthma exacerbations that are 

increasing in many countries’ day by day [1].  

IgE type hypersensitivity causes allergic hypersensitivity and 

is caused by allergens. These kinds of allergic reactions often 

produce in the basophils or the mast cells which release 

multiple irritant arbitrators such as cytokines, leukotrienes, 

histamine and chemokines. 

 Furthermore, these arbitrators can produce severe 

symptoms such as hives, sneezing, rashes, itching, asthma 

attacks, difficulty in breathing which can cause death 

consequently [2].  

An antigen is a protein that is made up of lipids, 

amino acids, and sugar. The antigen is classified as a foreign 

antigen and an autoimmune antigen. Allergen is the specific 

antigen that initiates an allergic reaction in the body [3].  

On the other hand, antibodies are 

immunoglobulins which are y shaped. These are produced by 

the B cells, which exist in the immune system. Antibodies 

work against antigens. IgA, IgE, IgG, IgM, and IgD are the 

five types of antibodies [3]. IgE antibodies work against the 

allergen antigen.  

There is a need that all products which come in the 

market must be checked first for their allergic reactions to 

avoid the high risk of IgE type 1 severe allergic reaction [4]. 

Allergens can cause serious type 1 

hypersensitivity reactions in individuals and these reactions 

are very harmful to human health [5]. Allergic proteins in 

food can cause chronic illness due to the following products 

mainly soy, wheat, eggs, milk, and different kinds of wheat 

or peanuts [6]. 

That’s why it is very essential to recognize and 

remove allergens from all the biotechnological products like 

vaccines, genetically produced crops, and therapeutics and it 

is also very necessary to identify the allergens from the 

sequence of genomes. Though, identifying  primary 

identifier for the allergenicity [7]. 

The FAO/WHO organization gives guidelines to 

know the potential of allergenic protein. It tells the rules that 

the given sequence of amino acids is like the known 

allergenic protein. According to the FAO/WHO rule 1, a 

sequence of a protein will be classified as the allergen protein 

if there are six contiguous amino acids match with each other, 

and according to the rule 2, at least the sequence of 35 amino 

acids should be matched at the window of 8 when we 

compare it with the known allergens. Many pieces of 

research have been conducted in this area [8]. Allergens have 

a 3-dimensional structure and most of the protein is stable, 

small, and well structured. That’s why these are perfect for 

different kinds of structural studies [9]. SORTALLER online 

allergen classifier was created based on the normalized 

BLAST E-values and featured peptide dataset [10]. Peptide 

Locator has been presented for the automated prediction of 

the peptides within the sequence of a protein and tested in the 

fivefold cross-validation at the curve of 0.92 [11]. 

To differentiate the allergens and non-allergens, a 

fingerprint approach is presented [12]. Text classification 

technique is used to predict allergen. The overall accuracy 
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rate was 77% [13]. Identifying protein is very helpful for this 

Multip-SChlo method in which accuracy rate reaches to 

55.52% [14]. Then Cross React technique was applied to the 

distinct set of the seven allergens to identify the cross-

reactive allergen [15]. 

The AllerCatPro method was developed to predict 

the allergenic protein based on the protein structure. The 

major databases that were   used are: COMPARE, FARRP, 

WHO/IUIS, Allergome and UniProtKB.  The overall 

accuracy rate of this method was 84% [4].                    

Though, allergic proteins need to be identified by 

B and T cells which are used to initiate the evolution of 

protein particularly IgE. In this study, we introduce the new 

model to recognize protein structure from its amino acid 

sequence. This model will predict allergen and non-allergen 

proteins from the protein sequence. Firstly, we collected all 

the reliable and available data of allergen protein from 

various databases. After that, we combined it into a single, 

unique, and complete form of data set.  

 

 
     Figure-1: Structural Formula of allergen 

 

2. MATERIAL AND METHOD. 

In this section, we have described the overall 

process of identification of allergen and non-allergen protein. 

It includes primary steps such as collection of data, 

extraction of features, training Random forest model, and 

then validation of training. All steps are done according to 

Chou’s 5 step rule.  

The first step is the collection of the benchmark 

dataset from the well-known databases UniProt and Allergen 

online. All the sequences related to the allergen were 

identified. CD-Hit with the threshold value of 60% was used 

to remove the redundancy from the dataset.    

After this, the second step of Chou’s rule consists of feature 

extraction using the wide range techniques of the feature 

vector. In the third step, the input and output matrix of feature 

vectors were used to train the network using random forest. 

In the fourth step, accuracy of the predicted model 

was validated using the test datasets. All these steps are 

shown in Figure 2.  

 

  

     
    Figure-2: First Four steps of the Chou's 5-steps rules. 

 

2.1. COLLECTION OF BENCHMARK DATASET. 

As stated by the five step rules, the firsts step is 

the benchmark dataset collection. For the development of the 

statistical model, the most important thing is to start the 

standard dataset which will be used for the training and for 

the testing of the predicted model. The model accuracy will 

be unpredicted if the collected dataset is full of errors. Here 

the dataset collected from the database UniProt and Allergen 

online for the prediction of allergen non allergen protein 

sequence.  

     UniProt stands for the Universal protein Resource is a 

well-known database used for getting the freely available 

dataset of protein sequences. The Allergen online are another 

FARRB database which are specifically made for the 

allergen protein sequence.  

For the collection of positive datasets 1534 entries 

were downloaded from the allergen online and 922 entries 

were downloaded from the UniProt using the keywords 

“allergen”. Total 2456 positives dataset samples were 

collected.  

From the allergen online, pdf files which had 2128 

accession allergen entries were downloaded. Then each 

accession entry is downloaded individually from UniProt. 

From 2128 allergen online entries there were some entries 

which were not found at UniProt, total of 1534 allergen 

entries were downloaded from UniProt from the allergen 

online accession entries. Further, the negative dataset was 

only downloaded from the UniProt. 

For the negative dataset the reverse query was used. No 

operator was used with the allergen keyword. From UniProt 
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1500 negative data sets are downloaded. Different database 

sources are shown in Table 1 

 

Table 1. Sources databases for the allergen protein 

 
 

After downloading positive datasets from two 

different websites it composed into one file and passed from 

CD-HIT.CD-HIT used to remove redundancy at threshold 

0.6. The result of positive data after CD-HIT was 

573.Similarly negative dataset passed from the cd hit. The 

negative dataset which was left after CD-HIT was 1264. The 

training and testing dataset were produced for the 

identification of the statistical model. The predicted model is 

trained using the training dataset and then it is tested using 

the testing dataset. The dataset was minimized in this way: 

                 A= A+ U A-     (1) 

 

573 positive dataset union with the 1264 negative dataset 

samples are included in the dataset of this paper.  

 

2.2. SAMPLE FORMULATION.  

Nowadays, with the enhancement of biological 

data and their sequences, the major difficulty is the vector 

formulation or the distinct models from the sequences of data 

without the loss of sequence of information and feature for 

the target analyses. For the vector formulation from the 

protein sequence there is the main machine learning 

algorithms present such as the Covariance Discriminate 

algorithm [18], Support Vector Machine (SVM) algorithm 

[19], ‘Nearest Neighbor (KNN)’ algorithm [20], and 

‘Random Forest (RF)’ algorithm [21]. These methods can 

handle the vector input though there is the chance that the 

distinct model may lose any pattern of protein sequence.  

        For the prevention of the loss of pattern sequence 

which is related to protein sequence PseAAC model was 

introduced [22]. Then the Chou PseAAC model came into 

existence [23]. Then various software developed for this 

model that involves PseAAC general, builder and the propy 

developed [24], [25], [26].  The idea of PseAAC model was 

implemented in the PseKNC model for the calculation of 

various feature vectors related to the sequences of RNA and 

DNA which proves to be very effective and efficient. In the 

recent time an amazing efficient and powerful website Pse-

in-one and its version 2.0 was developed which can generate 

needed feature vectors according to the need of users from 

peptide, RNA, DNA and protein sequences [27].  

            As stated by the Chou’s general PseAAC the 

formula for the equation for the protein sequence are 

expressed as               

 

   𝑃ʂ=7(ℍ) = [ℕ1ℕ2 ⋯ℕ𝑛 ⋯ℕ𝛺] (28). 

 

2.3. VECTOR SITE VICINITY.  

       It is determined from the subgroups of protein 

sequence. Modifications in the protein sequence are shown 

here.  

 

𝒫 = {𝛼1 ⋯𝛼𝔮−2, 𝛼𝔮−1, 𝛼𝔮, 𝛼𝔮+1, 𝛼𝔮+2, ⋯𝛼𝓃}   ( 28)  

 

2.4. CALCULATION OF STATISTICAL MOMENT.  

     These moments are quantities measured which are 

important to represent data accumulation. The moment is the 

special quantitative metrics of the different points of shape. 

Statistical moments are perfect for making a variety of 

features from the known pattern. Many types of research 

used these statistical moments to find out the features from 

any pattern of protein. It describes various functionalities of 

specific patterns [29]. The purpose of the proposed problem 

is fulfilled with several moments like central moments, Hahn 

moments, raw moments along the centroid and origin of data 

as used in [30], [31]. Apart from the Hahn and central 

moment, there are many other moments present. Though, in 

some previous studies it is shown that the distinct orthogonal 

moments produce the more accurate result than the 

continuous orthogonal moments for the quantized and 

distinct data. Orthogonal moments have capability to 

transform shape with the minimum loss of data [32]. ]. 

Protein sequence if denoted by the  

 

    P= {α1, α2, α3, ………, αk}              (33) 

 

There is an end goal that is two dimensional 

moments. For the two-dimensional moment’s one-

dimensional design is converted through the row major 

scheme. Its length is calculated using the square root of 

protein length 𝑛 = ⌈√𝑘⌉ [34]                

Here n is a measurement metric of 2-dimensional 

metric whereas k is protein length. Moreover, to adjust all 

protein sequence components new matrix P’ is formed with 

the n*n dimensions.  

                                              

[

𝑃11 𝑃12 ⋯
𝑃21 𝑃22 ⋯
⋮
𝑃𝑘1

⋮
𝑃𝑘2

⋱
⋯

𝑃1𝑘
𝑃2𝑘
⋮
𝑃𝑘𝑘

]           (35) 

 

A ϖ function used for the conversion of matric P into the  

P’ ϖ(𝒶𝓊) = 𝜔𝑖𝑗 (36). 

Where I=u+1 and j=u mod v and P'  

is sequential protein sequence.   For the calculation of the 

raw moment following expression used. 

 

   𝕄𝑖𝑗 = ∑ ∑ ℓ𝑖𝓂 ℓ𝓂 𝓋 𝓂=1 𝓋 ℓ =1 (37) 
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Here i+j is moment direction. The following moments are 

calculated MOO, MO, M10, MO2, M11, M20, M12, M21, 

M30, and M03 up order three. The central moments are 

calculated and their centroid points are represented as y bar 

and z bar  

 

 𝓎 ̅ = M10/M00 and 𝓏̅ = M01/MOO  

 

After these raw moments are calculated using this equation  

𝜂𝑖𝑗 = ∑ ∑ (ℓ − 𝓎 ̅) (𝓂 − 𝓏̅) 𝑗𝜔ℓ𝓂 𝓋 𝓂=1 𝓋 ℓ=1   (38). 

Similarly, Hahn moments are also calculated up to the order 

3.  

 

2.5.FREQUENCY MATRIX (FM) DETERMINATION.  

There is another matrix called the frequency 

matrix it is made to cover information about composite of the 

protein sequence structure. Primary reason for using 

frequency to extract information about the sequence of 

proteins. The matrix shown here 

   𝐹𝑀 = {𝑟1,2, ⋯, 𝑟20]  (39) 

 

 
  Figure-3: Flowchart for proposed methodology. 

 

2.6. PRIM Calculations.  

        The starting point of feature extraction is the 

calculation of matrix from input protein. Due to this, the 

length of protein arrangement utilizes PRIM. These matrices 

are used for finding out those moments that are required for 

the vector shape. 

 

 
 

2.7. RPRIM CALCULATIONS.  

   RPRIM matrix calculations are exactly like PRIM. 

HPRIM matrix is calculated such as the input of a sample of 

reverse protein. 

 

      
 

2.8. FINDING THE AAPIV.  

Frequency matrix determined for the extraction of 

compositional informational. It is formed when the length of 

20 elements of primary sequences of protein are combined at 

their own location.  

 

                 (42) 

 

2.9. FINDING THE RAAPIV.  

To take out the obscure and deep information 

about relative position of individual amino acid residue this 

technique is used.  

 

 RAAPIV= [u1, u2, u3, …, u20]             (43) 

 

2.10. PREDICTION MODEL.  

Here, a random forest or the random decision tree 

model used to find the results such as used in the [44]. 

Datasets are constructed which contain both positive sample 

and negative sample. Then feature vectors constructed 

through that dataset which is used for the identification of 

allergy & non-allergen protein sequence. The two feature 

vectors are merged to form input matrix that consist of input 

vectors as both negative and positive samples in addition to 

the output matrix.  

It consists of a lot of individual decision trees 

which operate combines. In it each tree of the random forest 

is considered as the class prediction. The class who gets more 

votes becomes the prediction of the model. Datasets were 

provided separately, positive and negatively. It gives the 

result in false positive, true negative, true positive and false 

negative. 
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           Figure-4: Working of Random Forest Simplified 

 

2.11. DECISION TREE LEARNING.  

The famous algorithm used for many machines 

learning work. Particularly, those trees which grow more 

they get more irregular patterns. They have high variance and 

low bias. They are more accurate. Random forests are the 

technique in which multiple decision trees are averaged, 

which are trained on various chunks of the same training set 

with the purpose of minimizing the variance. Leo Briman 

was the first man who noticed that link between the kernel 

method and random forest. He noticed that random forests 

which grow faster are equivalent to the kernel true argin. It 

is based on uniform random forest and centered random 

forest.  

 

3. RESULT AND DISCUSSION. 

The proposed model is used for the prediction of 

allergen & non-allergen from the protein sequences. The 

prediction of allergenicity depends on the variant techniques 

of feature extraction. In this section details of the validation 

tests and results are desired. 

 

3.1. ESTIMATED ACCURACY. 

The purpose of this predictor is very essential that 

helps to find out the model success rate [47]. Though, for 

such analysis, it needs to focus on the two essential factors 

which are (1) choosing the accuracy metrics (2) selection of 

the testing method which are used for model validation. Here 

we will produce metrics for the analysis and then we will do 

the validation of these methods.  

 

3.2. METRIC FORMULATION FOR THE 

OBJECTIVE EVALUATION.  

It is necessary to think about that different metrics which is 

used for the evaluation. The best metrics use to find out the 

model accuracy are the (1) Accuracy metric which use for 

the evaluations of model accuracy, (2) Sensitivity which is 

use for the evaluation of model capability to predict positive 

samples, (3) Specificity which is used for the evaluation of 

model capability to predict negative samples, Matthews 

Correlation Coefficient is used for measurement of stability 

of prediction model.  

         Sn=1-N±N+  (44) 

SP=1-N∓N-    (45) 

ACC=1-N+NN++N-  (46) 

MCC=1-NN++NN-1+N+--NN+1+N-Nt-N        (47) 

 

Here N- exhibits a total amount of the non-allergen which is 

perfectly predicted as the non-allergen by this model. N+ 

shows the total amount of positives which are correctly 

predicted as positive. N+- shows total number of non-

allergens which incorrectly predicted as allergen. N-+ shows 

the total amount of allergen which is incorrectly identified as 

non-allergen [35].  

 

3.3. SELF-CONSISTENCY TEST.  

This test is mainly used to get the confusion matrix. 

This is an essential test which is used to calculate the 

effectiveness of predictive models in which complete 

training datasets are used for model testing [49-72]. This 

model got the 99.89% ACC, 0.9975 MCC, 99.65% Sn, 100% 

Sp. The result shows in Table 2 and Figure 5. 

 
  Table 2. Self-Consistency Testing Results 

 
 

 
    Figure-5: Self-Consistency Testing Results 

 

3.4. INDEPENDENT DATASET TEST.  

     This test is basically dividing the overall sample into 

two partitions. The dataset which is used for training is not 
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used for the independent testing [49-72]. In this test this 

model got 74.23% ACC, 0.4021 MCC, 60.36% Sn, and 

80.37% Sp. The result shows in Table 3.  

 

Table 3. Independent Testing Results 

 
 

3.5. MODEL VALIDATION. 

3.5.1.CROSS VALIDATION MODEL TESTING. 

This is the procedure which is used to evaluate the 

predictive model at dividing actual samples into the training 

set that is used for model training and into the testing set 

which is used to analyses the model. It is used in the situation 

when we want the perfect accuracy to estimate of our 

predictive model [49-72] .  

In an expectation issue, the model is normally 

given the dataset of information in which preparing is 

performed (preparing dataset), and a dataset of obscure 

information against which the model is tried (trying dataset). 

Cross-validation is a procedure to build up a likelihood 

which recommended strategy is smooth while a perceptible 

approval test set isn't available. In k-crease cross-approval, 

the first example is arbitrarily parted into 𝓀 equivalent size 

small samples.   

Along these lines, let 𝒵 considered as the number of 

inhabitants in tests which contains similarly negative and 

positive samples. 

    𝒵 = {𝑧1,z2, 𝑧3 ⋯, 𝑧𝑛} [16] 

 

Where 𝒵𝑖 is any arbitrary positive and negative groupings. 

Informational index is part into 𝓀 proportionate size 

subgroups 

     

 
Figure-6: 10-fold Cross Validation results (Average of 10-

folds) 

 

Additionally, the subsets are selected discretionarily with the 

end goal that the past measurements are equal. For example  

          |𝓩𝑖| ≃ |𝓩𝑗| [45] 

 

The impacts of the cross-validation demonstrate 

that the proposed model is adequately performed well than 

different indicators. Utilizing cross-validation, benchmark 

dataset is disseminated into all out-k number of exceptional 

folds, where k is the number where benchmark dataset is 

partitioned, for the present, k=10. In each step of testing, an 

alternate subset of information is chosen arbitrarily for 

approval over the remainder of the information, by this, each 

piece of the dataset is utilized for preparing and testing both. 

Toward the finish of the last pass of cross-validation, the 

cumulated exactness for k=10 is determined by including the 

precision of every step and then dividing it by 10 and the 

accuracy which finally comes to 97.17%. The results are 

shown in Table 4.  

 
Table 4. Average of 10-fold cross validation results 

 

   
 

Similarly, the result of 10-fold cross validation 

sensitivity, specificity, accuracy and MCC are shown in 

Figure 7. ACC is 97.17%, MCC is 93.399, Sp is 99.5% and 

Sn is 91.96%. 

 
Figure-7: 10-fold cross validation for benchmark dataset. 

 

It shows that accuracy of the Allerpredictor 

method is greater than the accuracy of all previous methods 

which were used for the prediction of allergen & non- 

allergen protein. Accuracy of 10-fold cross validation 

separately shown in Figure 7.   
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3.6. COMPARATIVE ANALYSIS. 

     In this section, a vast analysis on the different methods 

used for the prediction of allergen and non-allergen protein. 

A method named AllerCatPro got the 84 percent accuracy, 

0.81 MCC, 67 percent Specificity and 100 percent 

Sensitivity [4]. Another method EVALLER got 92.8 percent 

accuracy, 0.863 MCC, 99.0 percent Specificity and 86.6 

percent Sensitivity [46]. Similarly, another method 

AllerHunterd got the 90.7 percent accuracy, 0.826 MCC, 

99.2 percent Specificity and 82.2 percent Sensitivity [41]. 

While the method I proposed in this study is Allerpredictor 

with 99.89 percent accuracy, 0.9975 MCC, 100 percent 

Specificity and 99.65 percent Sensitivity. It got the largest 

values for all metrics Specificity, Sensitivity, Accuracy, and 

for MCC. This shows that Allerpredictor is better than other 

methods.  

 

Table 5. Comparison of different methods 

 
 

3.6 CONCLUSION.  

       Hence in this model random forest methods are used 

for the prediction of allergenicity. The AllerPredictor model 

produced which predicts the allergen & non-allergen protein 

depends on the sequence of proteins. Data is downloaded 

from the two major databases FARRP and UniProtKB. The 

results of this model are validated with the help of self-

consistency testing, independence testing and jackknife 

testing. The accuracy of self-consistency validation is 

99.89%, while for the independence testing 74.23% accuracy 

produced and 10-fold cross validation produce 97.17%. The 

AllerPredictor model has the better capability to predict the 

allergen non allergen protein than the existing methods.  
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