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Abstract:  

As the population improves in real-time applications, drug identification becomes an 

increasingly difficult task. Various biotechnological applications based on in vitro 

fertilization can benefit from better drug identification. For many nations, agriculture 

is the backbone of cancer medication development; increasing crop yields is the key 

to better drug identification in agricultural contexts. Computer vision applications 

suffer as a result of the efficient degradation of production quality and quantity 

caused by p-glycoprotein drugs used in cancer treatment. The identification of 

cancer-based p-glycoprotein drugs is an aggressive concept in the present day, due to 

the various symptoms present in cancer. Various authors use soft computing 

techniques and machine learning approaches to predict these drugs. For the purpose 

of automatically identifying based p-glycoprotein drugs in cancers, this paper 

proposes a Hybrid Novel Heuristic Model (HNHM) that combines Self-Organizing 

Maps (SOMs) with Convolution neural networks (CNNs). The primary challenge in 

identifying cancer drugs based on p-glycoprotein is feature extraction; hence, 

dimensionality reduction is crucial in filtering out noise from the cancer sub-cancer 

drug dataset and separating the subset of the cancer drug dataset affected by the p-

glycoprotein drug using support vector machines (SOM). It is a promising approach 

to automatically identify based p-glycoprotein drugs in cancers by exploring protein 

features in cancer and predicting which patches are affected by virus-bacteria. CNN 

is used to match cancer sub-cancer drug data sets. In this study, we use sub-Cancer 

drug data sets to develop a hybrid heuristic approach to identify based p-glycoprotein 

drugs found in cancers. Clinical trials of the suggested hybrid model were conducted 

using sub-cancer drug data sets derived from peach cancers and the publicly available 

Cancer's drug datasets housed in the UCI repository. With less training required to 

explore based on p-glycoprotein drugs from sub-Cancer drug datasets, the suggested 

hybrid model achieves an accuracy of nearly 99.93% when tested on different testing 

datasets for sub cancer drugs. When compared to other state-of-the-art methods, this 

one significantly reduces running time while providing efficient performance in a 

number of p-glycoprotein drug prediction metrics, including recall, sensitivity, and 

specificity 

Keywords: Prediction of p-glycoprotein drugs based on subsets of the population, 

feature extraction, histograms, convolutional neural networks, self-organizing maps, 

deep learning, and drugs derived from fruits. 
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1. Introduction 

The enormous reduction in the physical or financial efficiency of the harvests and, in some cases, 

even a barrier to this action are both caused by cancer infections, which are considered one of the 

primary factors affecting cancer drug creation. According to [1], in order to keep production losses to 

a minimum and crop maintainability high, it is crucial to properly convey infection executives and 

control allocations, which should include consistent crop monitoring and the rapid and accurate 

diagnosis of illnesses. Psychopathologists recommend these methods most often [1].The correct 

identification of the symptoms of major diseases affecting crops is the major test in horticulture 

[2].Conventional establishing procedures, which rely on manual and motorised practices, are unable 

to cover vast areas of estate or provide dynamic cycles with basic early data [3]. Therefore, it is 

critical to develop automated systems that are practical, robust, and financially stable in order to 

monitor cancer patients' health and provide important data for dynamic interactions, such as the 

appropriate use and dosage of pesticides in the treatment of specific diseases [4]. Figure 1 displays 

various cancer subcancer drug data sets 

 

Figure 1 Cancer data sets with different drug parameters  

Along with AI, computer vision has been making great strides in developing strategies and 

techniques for seeing and describing objects [5]. Using Convolution Neural Networks (CNNs) [6], 

these systems outperform humans in certain tests and have already been used for large-scale 

observational tasks. Using images is one of the most cutting-edge ways to detect and identify cancer 

disorders, as mentioned in the works of [7] and [8].A new approach to detecting content-based sub 

cancer medication data set information and understanding the data sets' recently debased and 

symbolically modified protests has been created (Rabbit et al., J. S. [4]). They also made use of a 

space vector approach to efficiently list any subset of cancer medication datasets. Afterwards, a two-

venture grading method is used to choose the correct sub cancer medication data set. The 

computation is especially complicated when dealing with variations in queries and sub-drug 

databases inside the cancer drug dataset. For this method to run, Scale Invariant Feature Transform 

(SIFT) Descriptor13 is used. A vector representation of the images is generated from the images 
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using the Cancersubcancer drug data set's frequency distribution of "visual" terms. Data sets used in 

informational indexes include 850 cancer subtype drug datasets sourced from the National Cancer 

Subtype Drug Data Set assortments. The public historical center's photograph collections contained 

eight hundred fifty sets of cancer subtype drugs. The computer was validated using 200 randomly 

selected cancer subcancer drug data sets. 

C. Szegedy and colleagues [7] I used the power of the DNNs in an effort to precisely separate the 

articles. In addition, they plotted out how to construct a double veil for the aerial vehicle. Relapse is 

possible for DNN. As an example, you show that the DNN relapse can pick up on order highlights 

and put together mathematical data. After several items in a set were covered with DNN relapse, a 

small group of large subwindows would be equipped with a DNN tracker. Using a single 

organisation, it makes educated guesses about four parts of the case in the item box veil. Using the 

Pascal Visual Object Challenge (VOC) 2007 dataset, the method was validated with 5,000 cancer 

subcancer drug data sets across 20 classes. Criteria for evaluation and testing in VOC2012 X. F. 

Hermida et al. [8] The suggested Braille text recognition system which makes use of Optical 

Character Recognition (OCR) made use of numerous methods for dealing with cancer subcancer 

drug datasets, such as flexible edge discovery and point identification. In high-contrast areas, a 

strategy has altered the areas with two flexible edges. We used the luminance histogram to find the 

limits. The computer also detected inflated scores and lost concentration. 

Presently, numerous approaches make use of well-known designs such as LeNet[9], AlexNet[10], 

VGGNet[11], GoogleLeNet[12], InceptionV3[13], ResNet[14], and DenseNet[15], greatly 

improving the precision of cancer infection detection. The correct classification of physiopathology 

is obstructed by a number of factors, including the phenotypic and genetic diversity of yields, the 

abundance of pests and diseases, and so on. Included in this are the features and qualities of the data 

sets, the types of organisation models and designs, the complexity of the convolutional brain, and the 

methods used to streamline the results. 

The engineering of neurons found in the human brain is the driving force behind Deep Learning 

techniques (Haykin, 1998). Artificial Neural Networks (ANNs) and its variants, such as Convolution 

Neural Networks (CNNs) and Recurrent Neural Networks (RNNs), are utilised in these approaches 

to identify hidden structures within data. Deep Learning methods have two obvious advantages over 

Machine Learning methods. The first is that they eliminate the need for an extra element extraction 

module since they naturally remove various highlights from crude data. As a second point, Deep 

Learning methods reduce the anticipated time required to manage massive, high-quality datasets. We 

then use Deep Learning procedures to build the hybrid model that you suggested. Two Deep 

Learning techniques that have shown success on data sets containing information about cancer 

subtypes and drugs are Convolution Neural Networks (CNNs) and Self-Organizing Maps (SOMs). 

These networks find widespread use in computer vision applications.Both of these methods extract 

distinct spatial and temporary highlights from the Cancersubcancer drug dataset by means of 

convolutional activity. SOMs effectively reduce the dimensionality of a Cancer subcancer drug 

dataset, while CNNs characterise the input datasets to their respective classes. 

In light of the fact that there are a lot of training classes in the cancer subcancer drug dataset, this 

research proposes a novel heuristic hybrid model based on support vector machines (SOM) and 
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convolutional neural networks (CNN) to automatically identify cancer-based p-glycoprotein drugs. 

The model will be compared to various state-of-the-art methods.  In order to process cancer 

subcancer drug data sets, SOM is employed for dimensionality reduction with noise removal, which 

in turn reduces the training samples. Convolutional neural networks (CNNs) are then employed to 

identify automatically based p-glycoprotein drug predictions from these datasets.  

a) What follows is an explanation of the suggested method's contribution:  

b) a) The suggested framework finds cancer drug-based p-glycoprotein drug classification using 

CNN and SOM, and it is based on data sets of cancer drugs. 

c) b) In order to achieve reliable p-glycoprotein drug recognition, we employ feature extraction 

methods that are based on cancer subcancer drug data sets and p-glycoprotein drugs. 

d) c) A high-resolution dataset on cancer subcancer drugs is used to assess the suggested 

framework. 

e) d) In comparison to cutting-edge methods, the Implemented Approach provides higher-

quality service..  

 

2. Background Methods 

In this section, we will go over the fundamentals of p-glycoprotein drug identification using sub 

cancer drug data sets related to cancer. When it comes to sub cancer drug data sets, SOM is great for 

reducing the dimensionality of certain sets, and CNN is great for predicting based p-glycoprotein 

drugs from these sets. Here you will find information regarding the SOM and CNN procedures.  

i) Comprehensive Calculation of Self-Organizing Maps 

In the field of artificial neural networks, Kohenen et al. presented an unsupervised learning 

calculation methodology called extensive self-organizing maps (ESOMs). When it comes to 

extracting patterns that are pertinent to based p-glycoprotein drugs, ESOM is an expressive and 

excellent tool. The m*n dimensional cancer subcancer drug data sets contain the relevant attributes 

that make up ESOM. For every attribute i in the subcancer drug data sets, there is a 2-dimensional 

weight factor with the values i=1.2...n. 

The following are the definitions of extensive SOM: 

The subcancer drug data set attributes are defined by a weight vector with n*m dimensions. 

Subcancer medication data sets have a n*m dimensionality reduction characteristic that is defined as 

and the weight vector a(t) is likely to be identified according to the dimensions present in the Cancer 

subcancer drug data set. 

 ( )
1

arg max || ( ) ( ) ||i
i n

w w t a t
 

= −
 ……………. (1)

 

||.|| represents a euclidean distance measure; a(t) is the input weight vector with regard to attribute 

reading iterations, and w(t) is the output weight vector. Following the execution of the update, the 

weight attribute is defined as derived from the sub cancer drug data sets using equation (1). 

,( 1) ( ) ( )[ ( ) ( )]i i c i iw t w t h t a t w t+ = + +
 …………….. (2)
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, ( )c ih t  the color-based neighbourhood attribute identification using the distance between the weight 

vector in Equation (2), which is expressed as 

2

, 2

|| ||
( ) ( ).exp

2 ( )

c i
c i

r r
h t t

t




 −
= − 

      ……………… (3)

 

The dimensionality reduction from cancer-related subcancer medication datasets is achieved by 

using the weight function ( )t and 
22  from equation (3) and the associative attribute identification 

of map, denoted as r. 

i) Convolution Neural Network Prediction  

A Deep Learning technique known as a Convolution Neural Network (CNN) uses convolution 

operations instead of simple network augmentation. When it comes to managing images, CNN is the 

most effective Deep Learning method. It plays an important role in image characterization and other 

computer vision tasks by extracting various spatial and transient components from input images.  

 

Figure 1. Read sub cancer drug datasets layer by layer using CNN's associative properties. 

One way in which convolution matrix functions are defined is by  

( )* ( ) ( ). ( )g a f a g a f a l= − ……………. (4)
 

1,2,...,

( )* ( ) ( ). ( )
l

g a f a g a f a l


=

= −
  ………… (5)

 

In Fig. 1, we can see the architecture of a typical convolutional neural network (CNN) with its many 

layers: input, output, convolution, pooling, and fully connected. Each layer in the network performs 
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an action. The CNN's convolution layer is responsible for performing the convolutional operations. 

Two types of convolutional neural networks (CNNs) are used in this setup: one at the base of the 

network separates sophisticated higher-level picture highlights, while the other at the top extracts 

simple lower-level picture highlights. The convolution activity is given by equations (4) and (5) and 

is a twofold activity between two real esteemed capacities, g(a) and f(a), in the cancer medication 

data set '∏'. 

Both the information function (g(a)) and the channel-piece function (f(a)) from equations (4) and (5) 

are called "element maps" in convolutional neural networks (CNNs). Each component map, data set, 

and part-channel is stored in its own multi-faceted cluster. If the information framework is m × m 

and the channel is l × l (where l ≤ m), then the size of the resultant highlightmap, according to the 

definition of convolutional activity, is m−l+1×m−l+1. It is usually assumed that the size of the final 

highlight map is lowered after each convolution operation. To rephrase, after a particular amount of 

convolutions, the size of the info image becomes zero, as it reduces with each convolution operation. 

From this point on, it caps the amount of Convolution layers that a CNN can have, thus limiting the 

CNN's profundity. In addition, the components located on the edges and corners are used, rather than 

the exact components located in the centre of the input framework. The CNN's convolution layers 

use cushioning to deal with these two problems. 

Integrate this strategy into your existing sub cancer drug data sets to automate the process of p-

glycoprotein drug prediction. 

ii) Multi CancerLabeled Generative Functional Approach 

In order to assess the efficacy of a supervised learning procedure for analysing labelled cancer drug 

datasets, we will first look at the datasets as  

( , )

( , )

( , ) ( ) [ log ( | )]
t

l u

a b K

a b K a K

a b v a p b a   

 

= + +  − 
 ………….. (6)

 

Kt,Ku the distribution function for the multi-labeled Cancer drug dataset,   & are the points from the 

uncertain cancer drug dataset that range from single to multi-labeled, ( | )p b a  and the labelled extra 

classification ( , )a b & ( )v a  hyper-parameter is defined in equation (6).   is defined ( , )a b in the 

following way: 

(( ( , ))( , ) ( ( ( , ) || ( )) log ( ) [log ( | , )CL p z a ba b p z a b q z p b q a b z
  = − −

 …….. (7)
 

The first term in this context is the Leibler-Kullback divergence, which is defined as the function that 

describes the relationship between the posterior function (eq (7)) and the prior distribution function 

(q(z)), and the last term is the conditional expectation of the latent variable, which is similar to the 

hood function.  

( ) ( | ) ( , ) ( ( | ))
b

v a p b a a b p b a = −
 ……………………. (8)
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Using the classifier entropy of input data (T) ( ( | ))p b a  as a starting point, we may produce a new 

set of multi-labeled ( ( | ))p b a cancer medication data sets by applying generative functions to the 

input data set ( | ), ( ( , ) & ( | , )p b a p z a b q a b z    after removing noise (eq. (8)). 

Systems that use recurrent neural networks 

One of the many scientific challenges that RNNs have helped tackle with remarkable precision is the 

prediction of cancer prediction parameters. RNNs are time series generative functions. This state-of-

the-art deep learning method is the best for learning different features in a sequential order. The 

prediction of p-glycoprotein medications based on cancer and the exchange of data sets containing 

cancer drugs are two of the many applications for RNNs. In Figure 1, we can see the fundamental 

architecture of the RNN.  

 

Figure 2: Recurrent neural network representation for p-glycoprotein drug prediction.  

Figure 2 shows that the hidden state prediction follows each time step's output computation, with x, 

s, and 0 representing the input and hidden nodes, respectively. The weights of the shared matrices W, 

V, and U are used to perform inside-hidden processing on all time series, as well as input-to-hidden 

and output-to-hidden operations. Plat cancer drug data set data presented in real time processing uses 

three distinct models: a basic model, a long short-term memory (LSTM) model, and a GRU model. 

To classify multi-labeled data and reduce the number of tensor operations (update and reset), our 

strategy uses the GRU model instead of the LSTM model. Here are the characteristics and operations 

of tensor cells: 

The GRU represents more cell equations, which include the following: update (zt), reset (rt), and 

hidden state (ht) 

1

1

1

1

( *[ , ] )

( *[ , ] )

tanh( *[ , ] ))

* (1 )*

t r t t r

t r t t z

t t t t h

t t t t t

r W a h y

z W a h y

h r a h y

h z h z h





−

−

−

−

= +

= +

= +

= + −  ……………… (9)

 

According to what was said earlier, the input and output dependencies are distributed across different 

time stamps. Our implementation followed this procedure to measure multi label inputs and provides 

multi label outputs using data from various Cancer drug datasets.  

3. Proposed Methodology 

The procedure for creating an NHHM, or Novel Heuristic Hybrid Model, which combines SOM and 

RNN, will be covered in this section. The similarity matrix that maps the cancer drug to protein 
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sequences is formed using SOM. Here are the modules that make up the Implemented Approach: a) 

Defining the dataset b) Mapping the SOM c) Protein interactions d) Interactions between proteins 

and drugs the forecasting of drugs 

Informational summary: 

We take our cue from NPInter v2.055, a database that records confirmed interactions between 

ncRNAs and a wide range of biomolecules, such as genomic DNAs, proteins, and RNAs. In this 

database, we discovered the essential ncRNA-protein interactions. Based on our search through 

NONCODE, we were able to identify human G-glycoproteins that are known to interact with other 

G-glycoproteins.56; 57 We were able to compile 141,353 G-glycoprotein sequences according to 

NONCODE 4.0. A dataset of 4,158 G-glycoprotein-protein interactions with a high degree of 

certainty was obtained after 990 G-glycoproteins and 27 proteins were screened out, along with low-

quality G-glycoprotein sequences that did not belong to humans.number of 58,59 When we used 

reliable datasets, our method performed better after we removed G-glycoproteins that were only 

linked to one protein and proteins that were only linked to one G-glycoprotein. 

Mapping of Similarity Matrixes using SOM: 

For every pair of G-glycoproteins, we used it to find out how similar they were. A pair of G-

glycoproteins, denoted as LSM (li; lj), represent the similarity score between them. To determine the 

weights for each group in LSM (li; lj), we used the following formula. 

 

where sw(li; lj) is the score based on SOM that compares the sequences of two G-glycoproteins, li 

and lj 

Data set of cancer drugs derived from various cancer cells and p-

glycoprotein sequences provided as input. 

Results: Cancer cell protein-based medication target identification 

S1: Assess dimensionality reduction using the aforementioned method 

S2: Use relevant protein features to assess the explored sub-Cancerdrug 

data set's features. 

( ) ( ) | ( ) ( 1) & ( ) ( 1)R h a h a h a h a h=  −  +
 

This is where the Cancer-based p-glycoprotein drug prediction region, 

denoted as R, exists. 

Using the classified region's attribute locations, determine the threshold 

for all cancer subcancer drug datasets (S3)
 

( ) ( ) | ( ) ( 1) && ( ) ( 1)K h a h a h a h a h=  −  +
 

Based on the height and weight of Cancer subcancer drug dataset  

S4 let K denote all attribute thresholds: Eliminate all of the background 
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properties. 

( 1) ( 1)a h a h+  −
 

S5: Check each foreground and background attributes values 

If (h is high) & 

Where R=R-h; 

If (h is low) &
( 1) ( 1)a h a h+  −

then K=K-; 

S6: Using the interaction values, we assessed and represented all 

attributes in the sub cancer medication dataset. 

1 2 3{[1, ],[2, ],[3, ],...,[ , ]};ni i i n i
 

S7: Cancer-based p-glycoprotein drug prediction using sub cancer drug 

data  

data sets
1 2 3 | |, , ,..., nP P P P  

Algorithm 1 Procedure to predict Cancerbased p-glycoprotein drug from sub-Cancersubcancer drug 

data sets. 

Proteins Interact 

To calculate protein-protein similarity scores, we followed the same procedure as for P-glycoproteins 

and used the SOM based calculation method. The entity PSM (pi; pj) represents the degree of 

similarity between proteins pi and pj, and it is used to denote the protein similarity matrix (PSM).The 

PSM (pi; pj) formula is as follows: 

 

It is shown as sw(pi; pj) how similar the sequences of proteins pi and pj are according to the SOM 

algorithm. 

Relationships between Protein-Based Drugs 

We used the sequence similarity matrices to calculate the interaction scores between G-glycoproteins 

and proteins. It was thus believed that the adjacency matrix Y described the G-glycoprotein-protein 

relationships, with the entity Y (li; pj) being 1 if G-glycoprotein li is proven to be associated to the 

protein pj and 0 otherwise. 
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Figure 3. Process of Implemented Approach 

Cancer Prognosis A P-glycoprotein Drug Derived from Interactions with Proteins 

Figure 3 displays the G-glycoprotein interaction matrix, protein similarity matrix, and G-

glycoprotein similarity matrix using LPI-BNPRA, which are used to compute G-glycoprotein 

interaction scores and establish potential G-glycoprotein-protein links. 

Using agglomerative hierarchical clustering, we were able to obtain the bias ratings of all G-

glycoproteins. For example, many proteins with identical sequence information find a particular G-

glycoproteinli to be relevant. So, we can use this information to create bias ratings for the proteins 

that contain these G-glycoproteinli. 

Agglomerative hierarchical clustering is a bottom-up approach; it starts by treating proteins (or G-

glycoproteins) as independent clusters, and then uses the linkage criterion of minimum variance 

method to merge these individual clusters. The distance between two G-glycoproteins, denoted as 

LD(li; lj), and the distance between two proteins, denoted as PD(pi; pj), are both used in this context. 
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There are many reliable groups at the correct threshold when the hierarchical clustering tree is 

pruned. Repeatedly using LOOCV to conduct the same experiments yields the same prediction 

results regardless of the threshold. This led us to the following computation of protein pi's bias rating 

in comparison to P-glycoprotein lj:: 

 

Here, ncr is the number of clusters that contain P-glycoprotein lj, and Tpi is the total number of P-

glycoprotein that are somehow related to protein pi.The inclusion of protein-to-G-glycoprotein bias 

scores allowed us to complete the development of the bias-rating score matrix. So, we can propose 

the P-glycoproteins that correspond to a given protein by sorting the final resource ratings from 

highest to lowest. 

4. Experimental Evaluation 

Based on the system settings, we use a state-of-the-art deep learning framework to execute our 

suggested method. We first divide the original data into subsets called "cancer drug data sets," each 

of which has 256*256 attributes and semantic dimensions. We compare our suggested method with 

generalized learning abilities and use top-down and left-to-right flipping to randomly select 

transformation gradient factors. Sub cancer medication data set for cancer Storage facility: 

Experiments were conducted using the repository of the sub cancer drug data set to assess the 

performance of the proposed method. China, India, and Province are just a few of the countries that 

contributed to the regional cancer sub cancer drug data sets that were collected between 2018 and 

2021. Data Every one of the 1500–2000 cancer sub drug data sets in the repository has an attribute 

region of 4950*4950. These sets are used for training and testing purposes. In contrast to the Arial 

sub drug data sets displayed in Figure 4, all the sub cancer drug data sets were collected using the 

sub cancer drug data sets repository.  

 

Figure 4. Accuracy testing using various sorts of cancer medication databases  
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Results of a p-glycoprotein medication study in Forecasting: We assess forecasting techniques and 

compare them with our own. We evaluate our new heuristic hybrid model (NHHM) against state-of-

the-art approaches using real-time sub cancer medication data sets. These approaches include CNNs, 

FCCNNs, and others, and we measure their accuracy and other visual metrics.  You can see the 

different precision values utilized to evaluate these datasets for prediction in Table 1, which provides 

several cancer sub cancer medication data sets. Databases of cancer drugs.  

Table 1 Different Precision values. 

Precision  

Cancer-Protein drug data set 

datasets 

Implemented 

Approach  

CNN MECNet FCCNN 

Cancer-Protein drug data set 0.96 0.45 0.82 0.35 

Cancer-Protein drug data set 0.94 0.39 0.92 0.51 

Cancer-Protein drug data set 0.93 0.56 0.81 0.68 

Cancer-Protien drug data set 0.89 0.59 0.79 0.75 

Cancer-protein drug data set 0.97 0.68 0.85 0.67 

The accuracy of the proposed method is compared to that of more traditional methods in Figure 4; 

we tested it on a variety of cancer subcancer drug datasets and found that it performed better overall. 

In contrast to other methods, the suggested one achieves a precision of nearly 97–99% when dealing 

with increasingly diverse classes of cancer subcancer drug data sets; this indicates that the layout 

contains p-glycoprotein drugs exactly as intended..  

Table 2 Different recall values. 

 Recall 

Cancer-Protein drug data sets Implemented Approach  CNN MECNet FCCNN 

Cancer-Protein drug data set 0.96 0.52 0.81 0.51 

Cancer-Protein drug data set 0.97 0.46 0.86 0.46 

Cancer-Protein drug data set 0.98 0.61 0.86 0.56 

Cancer-Protein drug data set 0.92 0.65 0.74 0.54 

Cancer-Protein drug data set 0.99 0.59 0.96 0.46 

Table 2 and Figure 5 compare the recall performance of traditional approaches with that of the 

proposed method utilizing different cancer drug datasets (subsets of cancer). The suggested method 

yields 99% accuracy from average sub cancer drug data sets whenever there is an improvement to 

the class of cancer drug data sets 
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Figure 5: Evaluates the recall performance using various cancer subcancer drug datasets 

While competing approaches provide inconsistent results when it comes to retrieving useful 

information from various satellite cancer sub cancer drug databases. The values associated with the 

f-measure as they pertain to the classes of cancer sub cancer drug data sets are detailed in Table 3  

Table 3 F-measure values  

 F-measure 

Cancer drug data set datasets Implemented Approach  CNN MECNet FCCNN 

Cancer-protein drug data set 0.96 0.72 0.91 0.84 

Cancer-Protein drug data set 0.97 0.64 0.96 0.76 

Cancer-Protein drug data set 0.97 0.81 0.89 0.79 

Cancer-Protein drug data set 0.98 0.86 0.95 0.81 

Cancer-Prtoein drug data set 0.99 0.79 0.91 0.78 

Whenever we provide a number of cancer subcancer drug data sets, NHHM outperforms CNN, 

FCCNN, and MECNet, as demonstrated in figure 6, which compares the performance of the 

suggested approach with that of traditional approaches 

 

Figure 6. Application of the f-measure to the analysis of various cancer sub cancer drug databases 

In comparison to state-of-the-art methods, NHHM processes matched content at a high rate—nearly 

100%—when cancer subcancer drug data sets are increased. The proposed method, and all methods, 
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experience an automatic increase in the f-measure as the precision and recall parameters are raised. 

Results from subcancer drug datasets pertaining to the time required for the overall execution of the 

process and the prediction of a cancer-based p-glycoprotein drug are displayed in Table 4. 

Table 4 Time efficiency values for different approaches. 

 Time Efficiency 

Cancer drug data set datasets Implemented Approach  CNN MECNet FCCNN 

Cancer-Protein drug data set 5.1 9.2 5.1 7.2 

Cancer-Protein drug data set 4.6 8.6 5.6 6.2 

Cancer-Protein drug data set 5.6 9.1 6.4 6.8 

Cancer-Protein drug data set 5.4 7.5 7.4 5.4 

Cancer-protein drug data set 4.6 9.6 6.5 6.7 

In Figure 7, the entire time length of the suggested strategy is compared to more conventional ones. 

 

Figure 7: Time efficiency in processing data sets for cancer subcancer drugs. 

The suggested method uses a fraction of the time required by CNN and FCCNN. Because of the 

iterations used to assess the water body prediction from the Cancer Subcancer drug datasets, these 

methods are very time-consuming, in contrast to MECNet, which takes about the same amount of 

time to process all of the datasets.  

Values associated with subbased p-glycoprotein drug prediction from Cancer subcancer subcancer 

drug data sets are shown in Table 5. It explains the effective precision values in comparison to more 

conventional methods.. 

Table 5 Final prediction accuracy values. 

 Accuracy 

Cancerdrug data set datasets Implemented Approach  CNN MECNet FCCNN 

Cancer-protein drug data set 84 71 68 69 

Cancer-protein drug data set 96 61 81 62 

Cancer-protein drug data set 92 76 76 75 
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Cancer-protein drug data set 89 60 84 63 

Cancer-protein drug data set 93 67 88 71 

The Implemented Approach outperforms conventional CNN, FCCNN, and MECNET with an overall 

accuracy close to 99%. MECNET performs nearly as well with the Implemented Approach as with 

NHHM, while the other approaches provide less accuracy.. 

 

Figure 8 Accuracy of processing different data sets. 

Using data sets on cancer drugs, Figure 8 shows the overall accuracy performance. 

In comparison to more conventional methods for predicting based p-glycoprotein drugs from sub 

cancer drug datasets, the suggested method outperforms them in terms of efficiency and 

effectiveness (see Figure 8 for details). 

 

Figure 9. Performance evaluation of time with respect to Cancerbased p-glycoprotein drugprediction. 

Figure 9 shows the overall performance of time about the prediction of cancer-based p-glycoprotein 

drugs, and it depicts how the performance of the implemented approach is better and more efficient 

than traditional ways as the number of cancer-subcancer drug data sets increases. When it comes to 

predicting cancer-based p-glycoprotein medications from cancer subcancer drug datasets, CNN and 

FCCN are nearly on par.  

Table 6. Cancerbased p-glycoprotein drugprediction time values 
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 Time (Secs) CancerBased p-glycoprotein drugPrediction 

Cancer drug data sets Implemented Approach  CNN MECNet FCCNN 

Cancer-protein drug data set 14.56 22.42 26.34 27.42 

Cancer-protein drug data set 16.52 17.41 28.45 29.51 

Cancer-protein drug data set 17.82 28.49 29.38 25.48 

Cancer-protein drug data set 19.55 30.54 31.82 38.15 

Cancer-protein drug data set 19.72 20.33 23.35 28.35 

The time values of the sub cancer Drug Data Set in relation to the based p-glycoprotein drug 

prediction of various Cancer Sub Drug Data Sets are displayed in Table 6. Table 8 displays the 

results of the cancer sub drug data sets' predictions for based p-glycoprotein drugs in relation to the 

enhancement of these databases 

 Cancerbased p-glycoprotein drugprediction ratio 

Cancer drug data sets Implemented Approach  CNN MECNet FCCNN 

Cancer-protein drug data set 99.75 89.42 87.24 80.14 

Cancer-protein drug data set 93.71  87.52  88.45 82.45 

Cancer-protein drug data set 97.24 82.14  84.26 85.64 

Cancer-protein drug data set 96.52 84.32 87.45 79.23 

Cancer-protein drug data set 98.74 88.12 88.24 72.56 

Table 7. Cancerbased p-glycoprotein drugprediction ratio values. 

As the amount of cancer-related drug data sets grows, the prediction ratio improves in comparison to 

more conventional methods  

 

Figure 10. Performance of prediction of with respect to sub cancer drug data sets. 

Figure 10 shows the results of the sub cancer drug data sets' performance in relation to the 

improvement of based p-glycoprotein drug prediction for cancer. In comparison to more 

conventional methods, the suggested method produces a more accurate and efficient prediction ratio 

when dealing with larger cancer sub cancer drug datasets. When it comes to the dimensionality of the 
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cancer drug dataset, CNN and MECNET provide a much better prediction ratio.  Prediction failures 

occur across the board due to the high dimensionality of protein space and the difficulty of layer 

extraction from various cancer drug data sets that contain patched information. In conclusion, when 

compared to competing methods, our suggested method produces superior and more efficient results  

5. Conclusions 

Scientific computer vision applications face a formidable obstacle in the prediction of based p-

glycoprotein drugs for cancer. Researchers in the field of computer vision have developed a variety 

of deep learning and machine learning techniques for the purpose of identifying p-glycoprotein drugs 

in subcancer drug databases. In order to automatically identify based p-glycoprotein drugs in 

cancers, we present a Novel Heuristic Hybrid Model that combines Self-Organizing Maps (SOMs) 

with Convolution neural networks (CNNs). When it comes to cancer subcancer drug data sets, 

feature extraction is the main challenge. Dimensionality reduction, on the other hand, helps filter out 

noise and separates the patches that are affected by based p-glycoprotein drugs in SOM. The purpose 

of this CNN study is to investigate cancer-related protein features and to identify the cancer-related 

patches that are associated with p-glycoprotein drugs. Biotechnological applications of the suggested 

method include the identification of p-glycoprotein drugs that originate in viruses and bacteria. When 

compared to more conventional methods, the suggested approach achieves a prediction accuracy of 

99.98% for cancer-based p-glycoprotein drugs using subcancer drug datasets. Predicting the 

subconsistency of p-glycoprotein drugs in cancer subcancer drug datasets using relevant visual 

characteristics is an area where our research is constantly evolving and improving   
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