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Abstract.

Paramedical science is the developing strategies in the medical field for growing drug patterns to create new com-
pound molecules. The compound molecules are non-relation to suggest the drug to the patients to cause side effects.
This accuses of compound molecule features being non-depended with each other doesn't create patterns to clas-
sification inaccuracy. To resolve this problem, we propose a relative drug compound analysis based on Radial Sub-
set Clustering Feature-Based Deep Spectral Neural Classification (RSCF-DSNC) for predicting relational drug rec-
ommendation. Initially, the dataset is collected from paramedical compound dataset related to paracetamol, and
diphenhydramine hydrochloride bioinformatics data are pre-processed. Then the featured labels are marginalized
to estimate the Relative Drug Intensive Weight (RDIW) for finding the mutual correlation. Based on the correlation
weight, the Radial Subset Clustering Feature Selection (RSCFS) is applied to predict the relative closeness of drug
molecules. Infra Segment Subset Feature Pattern Theory (ISSFPT) technique is used to analyze the successive pat-
tern weight from the RSCFS dataset. Then the selective feature patterns are then trained into Deep Spectral Neural
Classification (DSNC) adapted with Convolution Neural Network (CNN) to identify the relational class of drug mol-
ecules category. The proposed drug success rate prediction performance result is 93% low time complexity 31sec.
This produces high prediction accuracy compared to the other system than other methods for recommending fea-
tures for relation to drug compound recommendation.
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1. Introduction

A drug recommendation system is a similar sys-
tem that recommends drugs for a specific illness
based on patient reviews [1]. This system is es-
sential in rapidly evolving technology and can
save lives by helping doctors. Side effects of a
drug are the human reaction to conventional
doses of dangerous and unwanted drugs used to
prevent, diagnose, treat, and alter the physiolog-
ical function of the disease.

The recommended drug in medical productive-
ness is a non-residual form of inaccurate com-
pound analysis, which depends on many reasons
that cause faults in human health. It accuses of
compound molecule features being non-de-
pended with each other doesn't create patterns

to classification inaccuracy. To address this prob-
lem, data analysis based on drug compound rec-
ommendations is required. These recommenda-
tions, along with quality data, find compilations
of high-level Deep Learning (DL) based related
features that can improve a given molecule's in-
novation and decision-making.

The proposed algorithm aims to identify the rec-
ommendation of the effective drug using the
deep learning technique. Diseases caused by in-
appropriate drug compound molecules can cause
by receptors, enzymes, hormone receptors, or
other functional proteins and functional altera-
tions.
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The proposed pre-processing is done to remove
noise and check null values from the given da-
taset. The pre-processed dataset fed into Relative
drug intensive weight calculates, Radial Subset
Clustering Feature Selection (RSCFS) to select
the relevant features. Then creating successive
patterns using ISSFPT. Finally, a Deep Spectral
Neural Classification (DSNC) with CNN algorithm
is done to classify the drug recommendation
shown in figure 1. Selects the best one for drug
recommendation system to improve drug pre-
diction accuracy, precision, and model efficiency.
The proposed algorithm efficiently solves the
above problems and provide high performance.

2. Related work

A. Ezzat, P (2017) focuses on reviews of drug re-
positioning using various approaches such as
network-based cluster, propagation, Text Mining
(TM) semantic-based approaches for paramedi-
cal science. Similarly, the author proposes Col-
laborative Metric Learning (CML) algorithm to
capture the significant relationship between the
drug object it used to the recommendation sys-
tem for paramedical science A.Wen,(2020).
Nonetheless, these approaches can't provide ef-
fective recommendation results.

D. Afdhal (2020) presents Chi-Square Mutual In-
formation (CSMI) and Information Gain (IG)
method for selecting the best features of drug
name recognition. Similarly, the author focuses
on selecting drug features using the Fuzzy Rough
Feature Selection (FRFS) method to make correct
decisions for drug segmentation. F. Aliet al
(2017) focused the Data-Driven Feature Selec-
tion (DDFS) approach was used for drug density

prediction. But these methods are only focused
on feature selection of drug recommendation
systems, so it does not provide classification re-
sult G. Jin (2014).

H. Luo (2019) focuses on drug selection in medi-
cal practice using a Fuzzy System (FS) based on
medical prescription data. H. Xue, (2018) pre-
sents in Support Vector Machine (SVM) for social
features. SVM was used to extract the essential
elements of diabetes drugs.

J. Yang (2014) focus on Drug-Repositioning Pipe-
lines (DRP) for taking turns application using the
elucidated mechanism. J. Y. Ryu (2018) presents
in Long Short-Term Memory Network (LSTM)
was used to extract the relevant information
based on Drug-Drug Interaction (DDI) and clas-
sify the recommended drugs.

Koras, K (2020) presents the Multi-label Linear
Discriminant Analysis (MLDA) and Multi-Label
Learning (MLL) algorithm for drug reaction pre-
diction. The author focuses on an interactive
computational diverse pipeline named DTINet
for drug recommendations.

M. Fedorova (2018) introduces the machine
learning-based approach such as K-Means Clus-
tering (KMC), Random Forest Classification
(RFC), and Multi-Layer Perceptron Classification
(MLPC) model to analyze the drug expiration us-
ing the Titanic dataset. But in that study doesn't
provide accurate classification results. M. L.
Shahreza (2017) proposes a low-Rank Matrix
Approximation (LRMA) and Drug Repositioning
Recommendation System (DRRS) approach.
LRMA was used to remove unknown entries and
check null values. DRRS method was used to
evaluate the information of drug and disease.

M. Tsubaki (2019) suggests a Heterogeneous
Network Model (HNM) approach for drug repo-
sitioning, and it incorporates drug target infor-
mation. Likewise, N.J. Perualila (2019) Heteroge-
neous Label Propagation (HLP) algorithm pre-
dicts the target disease-drug information.

Shengyu Liu (2025) presents in the Causal Infer-
ence-Probabilistic Matrix Factorization (CIPMF)
method to classify the disease-drug and reposi-
tioning. Similarly, SwathikClarancia Peter (2019)

elISSN 1303-5150

@

www.neuroquantology.com

874


http://www.neuroquantology.com/

Neuro Quantology | August 2022 | Volume 20 | Issue 9 | Page 873-883 | doi: 10.14704/nq.2022.20.9.NQ440097
S. Dinakaran, V. Ravi, P. Anitha, Radial Subset Clustering Feature-Based Deep Spectral Neural Classification for relational drug recommenda-

tion

introduces the Graph Regularized Matrix Factor-
ization (GRMF) to predict the target disease drug
recommendation. But these methods have a
more difficult task during recommendation sys-
tems.

T. Chen (2019) introduces the deep DDI method
used to correctly predict the DDI types to a given
drug pair. Similarly, T. He (2017) defined as,
GESSE algorithm to analyze and predict the drug
side effects. T. Pahikkala (2015) introduces in
Machine learning techniques and the MLL
method for predicting drug reactions. But these
methods have more challenging tasks, and it
takes much time to provide a drug recommenda-
tion system.

3. Materials and methods

The proposed drug compound analysis based on
the Radial subset clustering feature using deep
spectral neural classification screening in drug
innovation increases the data composition data
due to the rapid growth of high-performance
screening. This combination is one of the critical
technologies in the drug compound analysis that
require a feature selection method that requires
a paramedical data set. The proposed system
predicts accurate drug recommendation using
Deep Spectral Neural Classification (DSNC) algo-
rithm. One of the most used compound selection
methods is the Radial Subset Clustering Feature
(RSCF) which includes a set of compounds as
clusters and choosing a few compounds from
each group.

Input Logs ‘
Radial subset clustering feature-based deep spectral neural classification ]
Radial Subset Clustering Fearure

“ Selection (RSCFS) ¢

DSNC Intra Segment Subset Feature Pattern
Theory

[ Prediction of drug recommendation ]

Figure 2: Architecture diagram for proposed RSCF-DSNC

Figure 2 describes the proposed diagram of drug
recommendation, Radial subset clustering fea-
ture-based deep spectral neural classification
analysis for a recommendation. The data prepa-
ration and drug weight are calculated by the
RSCFS, In the ISSFPT is feature pattern recogniz-
ing and then DSNC for attained the optimizing re-
sults.

This classification creates the best recommenda-
tions with integrated neurological networks,
which creates settings that make up the settings
that can find high-level functions with integrated
analysis. The importance of deep neuroscience
using a cluster of the feature is dependent on the
dimension and complexity of the compressed
network during the choice of quality. The logical
suggestion is trained to find the closest feature of
the logical weight, and the expected release dif-
ference is evaluated logically. Each release is sim-
ilar to a task (or class) that should predict. If the
release layers are only one node, it is a classified
class label to produce a drug class.

3.1 Data preparation

Data preparation is the process of removing in-
accurate, incomplete, and inaccurate data from
the dataset and replacing the missing values. In
this phase, the first process for data preparation
is done to noise removal and checking null val-
ues.

Algorithm steps for data preparation

Input: Drug Compound dataset (Sa) and combi-
natorial molecule (StBd)

Output: pre-processed dataset (PDS)
Begin

Step 1: Initialize the Collective dataset ‘sa’ and
‘StBd’

Step 2: Read all dataset records Rd=>»Sal, Sa2,
Sa3... + StBd1, StBd2....

Create Index listDx—>Sa+StBd(Index+1)
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Step 3: For (Rd combines attributes as feature
Fi->Dx)

Check > Null field if Yes Terminate record and
update recordset Rcs.

Else

Return Rcs€Sa+StBd;

End if;

End for;

Step 4: Compute Duplicate and non-fill case Rcs
Remove duplicate if Rcs> Repeat row(Rw)
Update Rcs

End if

Check if (Rcs!=Empty fill near average)

Step 5: Get all the future index Rcs.

Return Fdx= F(Sa + stBd) = Zn (3)Rcs. Update> gets
=0

real index, where n is total dominant features
with k observed feature.

Return redundant feature set-Rds < Rcs(Fdx)
End if
Stop

The above Pseudo code prepares to process the
original data for noise reduction and the collec-
tive student dataset from bipolar disorder and
academic performance as features that are or-
dering the feature index with redundant fea-
tures. Let assume Rcs presents dataset row and
column set, Fi refers to features.

3.2 Relative Drug Intensive Weight (RDIW)

Relative Drug Intensive Weight (RDIW) is used
for feature divides a set of time series data into
several subgroups so that each Subset is com-
piled individually. During modular processing of
the entire dataset, the dominant clusters within
each Subset collect. The newly created reduced
database contains patterns from the Subset clus-
ter. The final Relative Drug Intensive Weight

(RDIW) is performed in classification from the
Subset to identify the desired input-output data.

Algorithm steps

Input: Pre-processed dataset (PDS)

Output: Drug-intensive weightD,,

Begin

Step 1: Initialize the pre-processed dataset (PDS)

PDS= {PDS;, PDS,, ....PDS,} //n refers to num-
ber data from pre-processed dataset

Step 2:For F = 1 to number of each feature (N)
Compute weight (w,) for each feature data
Calculate features subset size randomly

If Compute Possibility for each feature

Select feature with the highest possibility in a
subset

Update each feature weights
End if

End for

Step 3: Return«< D,,

Stop

The proposed Feature Selection using Relative
Drug Intensive Weight (RDIW) consists of four
steps: First, create a complete possibility with
features updated. Relation of aspect weight.
Then, disassemble the map using the community
discovery algorithm. Clustering algorithm to find
better partition. Finally, select a representative
feature from each cluster and create a subset of
the part. Let assume F refers to features.

3.3 Radial Subset Clustering Feature Selec-
tion (RSCFS)

In this phase is used to selects finest features of
drug recommendation to improve classification
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prediction performance. A Radial Subset Cluster-
ing Feature Selection (RSCFS) method based on a
three-step filter model. First, the inappropriate
features are removed. Then, an automated fea-
ture clustering algorithm divides the feature set
into multiple feature redundancy or related clus-
ters. Finally, select a feature in the order of the
subset section.

Algorithm steps

Input: Drug intensive weight
Output: Mutual features MIFS
Begin

Step 1: Initialize the Drug-intensive weightD,,
dataset

Step 2: Process the intensive cooperative feature
from both class Cif>(Lrn Br)

Step 3: Assimilate Radial basis decision = Inten-
sification Range of values (Cif)

Mutual intensive rate (Mir->Nodes (Btree))

Generate cluster index to group constraint
weight Cif(Mir)

For each decision for F features in I number of
mean relevance feature

Rn—>F (i) algorithm on each decision with mar-
ginal weight and features.

End for

Step 4: Compute the Br rate Lr rate mean depth
Cif>Mir

Step 5: Extract the Correspondence feature
weight Cfs

Return Cfs—> closest F(i) at the sum of mean
depth relevance feature

End if
Stop

The above algorithm steps efficiently select the
best features of drug compound molecules to re-
duce dataset dimension. Each group selects a

function, data where used features were ex-
tracted from system image data sets. Compared
to the seven feature selection algorithms, the re-
sults obtained show the efficiency and effective-
ness of the system. The selective finest features
are drug name, useful drug count, name of the
condition. Let assume Cif refers to cooperative
features, Mir presents mutual intensive rate, Rn
refers to relevant features, Br refers to best fea-
tures, and Lr refers to the least features.

3.4 Intra Segment Subset Feature Pattern
Theory (ISSFPT)

Infra Segment Subset Feature Pattern Theory
(ISSFPT) identifies important features and as-
signs necessary weight to each element from the
feature selection dataset. In this phase, after fea-
ture selection dataset trained into ISSFPT tech-
nique for the proper weight of drug to improve
the classification. Infra Segment Subset Feature
Pattern Theory (ISSFPT) will lead to inoperable
information. Provide solutions to descriptive
ISSFPT issues and classify features as feature
functions based on drugs features extraction the-
ory.

Algorithm steps

Input: Mutual features MIFS

Output: Closest feature weights (Cfs)

Begin

Step 1: Initialize the Mutual features MIFS
feature

Step 2: Compute for each

weightsMIFS;i=1,2,...n

Step 3: Compute for each features drug im-
portant (I;) class //1; denote drug important
features

While the important features satisfied do

For eachi=1 do n then // i refers to iteration and
n refers to number data

Calculate finest feature attributes from(Cfs; in n
do
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End for this method. ReLU input may reduce the un-
) wanted increase in ReLU output, and it has a sim-

End while

Step 4: Calculate important feature weight I,,
For eachi=1 do n then

I, = Yi=1B, T,(MIFS)c, // B; refers to feature
optimal weight from training mutual features
T;(MIFS) and c; refers to class label of i(c; €
[-1,+1]).

End for

Step 5: Update the closest feature weights Cfs
Step 6: Return<Cfs

Stop

The above algorithm step provides efficient
weight features of drugs from the Mutual fea-
tures MIFS dataset. Where,Cfs-Closest feature
weights, an essential aspect of this method is that
itis possible to accurately determine the discrim-
inating clues of the feature subgroup with the
most significant interaction and independence
between features.

3.5 ReLU Activation Function

An improved Revised Linear Units (ReLU) sec-
tion correction implementation function is pro-
posed. On regulating deep spectral neural classi-
fication (DSNC) with ReLU in the hidden layer. It
plays the role of pushing the input of ReLU to
zero during the learning process by introducing
sparsity in the input of ReLU.. Therefore, it is ex-
pected that the unwanted function decrease in
ReLU output may be prevented. This is similar to
the effect of volume feature weights normaliza-
tion. Itimproves the generalization of the trained
network.

Xf{gﬁnzmn<0(n

Where, X, Y, the relationship between weights
and the proposed method and modification of
modules or change of implementation functions.
Detailed experiments check the effectiveness of

ilar effect to block normalization.

fretu (hy, s) =max (0, hy, s) (2)

In addition,h,, s ReLU's unwanted negative input
variables can be minimized. This is expected to
enhance the generalization ability of uniform
weight loss.

3.6 Deep Spectral Neural Classification

(DSNC)

In this phase, Radial Subset Clustering Feature
Selection (RSCFS) dataset is trained into the
DSNC algorithm to classify the recommendation
of the drug. The marginalized features are effec-
tively progressed to improve the classification
fed into the classifier based on marginal weight-
age. The hidden layer performs the ReLuactiva-
tion function to predict the result and accuracy
and reduce the computational complexity of the
traditional algorithms.

Input layer

Hidden layer ‘

Output layer |

Figure 3: Process of Deep Spectral Neural Classification
with hidden layer

Deep Spectral Neural Classification (DSNC) algo-
rithm contains three layers, there are first input
layers, second hidden layer, and third layer out-
put layer. The first layer is the feature selection
data fed into the input layer process supplied
into hidden layer calculated the drug weights
then fed into output layer to predict the drug rec-
ommendation using ReLu activation function
present in figure 3.
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Algorithm steps

Input: Closest feature weights (Cfs)

Output: Classification result as drug recommend-
ing (Dr)

Begin

Step 1: Initialize the closest weights (Cfs)

Step 2: Manage Each node n

Step 3: Compute the cluster feature (Fcl) as Frc-
ids=> Fc11,Fcl2...

Feature process the ordered List Ord—>{L1,
L2...} to input layer

Step 4: Compute the decision classifier neural
counter on the hidden layer

For initializing the value i=1 and j=1 asset count

For i=0 to nto fix marginal weightage class as
threshold class

Compute the coefficient value of i=j as random
point p

Spread cluster featured value (Scv—> i to j)

Initialized to set definite value P threshold mar-
gin

Set the controlling value of fitness value P to each
trained node

End for
End For

Step 5: Evaluate the closest feature weights and
ReLU to each logical node in i and j iterations

Step 6: While the termination criteria are not sat-
isfied, gain (G) from fitness

G < Max Generation do
End while

Step 7: For Condition evaluate to feature weight
terminate whether not Gain value <max generate
value feature to the threshold value

If will G>max do

Check for i=1: n (compute as all n tasks to pread
features)

Realizedfor j=1: n (n tasks) do

Check if (Xj<Xj), move task i towards j;

Return class

End for

Fin fi check weightage correlation along neurons

Compute the marginal weight of the class to split
category by neighbor class

End if
Return Threshold margined class

Step 8: Output drug recommendation catego-
rized class

Step 9: Return«<Dp,
Stop

The above algorithm steps gives efficient drug
recommendation Dyprediction result using Deep
Spectral Neural Classification (DSNC) with ReLu
activation function. Let assume Xj refers to as-
setcount. Finally, predicted types projected to
multi-data point closeness measure the weight-
age of data points, centralized to Neighbor clus-
ters. This will improve the classification accu-
racy. The proposed algorithm effectively classi-
fies the drug recommendation process.

4., Results and Discussion

This section describes the experimental setup
process to evaluate the proposed Deep Spectral
Neural Classification (DSNC) algorithm, and pre-
vious algorithms are Long Short-Term Memory
Network (LSTM), Causal Inference-Probabilistic
Matrix Factorization (CIPMF), and Graph Regu-
larized Matrix Factorization (GRMF). The Drug
Indications Database is collected from an online
UCI repository. It contains 64 attributes: drug id,
drug name, compound molecules (Chemical re-
action) level, chemical id, and so on.
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Table 1: Parameters settings

Parameters items Values
Language Python
Tool Anaconda

Healthcare Drug
Name of the dataset Indications Database
Number of records 500000

The above table 1 shows the parameters settings
for implantation of the proposed and existing
methods carried out in Jupiter notebook in an an-
aconda environment. The total data is split into
70% training data and 30% test data. The confu-
sion matrix is used to calculate all the parameters
such as precision, recall, false rate, and predic-
tion performance.

Table 2: Analysis of Drug Success Rate Prediction perfor-
mance

Drug Success Rate Prediction Performance in %
Methods 100000 200000 500000
Records Records Records
CIPMF 72 75 78
GRMF 76 80 83
LSTM 80 83 87
DSNC 85 87 93

Above table 2 presents the comparison result of
success rate prediction in %. The proposed algo-
rithm has high performance compared with the
previous algorithm.

Performance on Drug Compound Prediction

= 100
=2 90
E %0
s 70
B 60
= 50
Z 40
2 30
53
2 20
=
210
0

CIPMF GRMF LSTM

Comparison methods

DSNC
= 100000 Records ® 200000 Records

500000 Records

Figure 4: Analysis of Drug success rate prediction

Figure 4 presents an analysis of drug success rate
prediction performance in percentage. The x-axis
shows comparison methods, and the y-axis pre-
sents prediction performance. The proposed
Deep Spectral Neural Classification (DSNC) algo-
rithm obtained prediction result is 93% for
500000 Records. Similarly, the existing algo-
rithms are Long Short-Term Memory Network
(LSTM) result is 87%, and Causal Inference-
Probabilistic Matrix Factorization (CIPMF) result
is 78%, and Graph Regularized Matrix Factoriza-
tion (GRMF) 83% for 500000 Records.

Precision performance

100
920

0
70
60
40
30
20
10

0

100000 Records 200000 Records 500000 Records
No of data

Precision in %
n
(=]

m CIPMF = GRMF LSTM mDSNC

Figure 5: Analysis of Precision performance

Figure 5 illustrates the analysis of precision per-
formance the recommended and existing results
comparison. The x-axis shows the number of
data, and the y-axis shows precision perfor-
mance in percentage. The proposed DSNC algo-
rithm precision result has 92% for 500000 Rec-
ords, similarly, the existing algorithms are CIPMF
precision has 77%, FRMF algorithm precision
has 82%, and LSTM precision has 86% for
500000 Records.
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Recall in %
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Recall performance
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CIPMF

GRMF

Comparison methods

LSTM

DSNC

200000 Records m 500000 Records

Figure 6: Analysis of Recall performance

Analysis of recall performance the proposed and
existing algorithm comparison results are pre-
sented in figure 6. The proposed Deep Spectral
Neural Classification (DSNC) algorithm recall re-
sult has 91%, likewise, the existing algorithm re-
sults are CIMPF algorithm has 76%, GRMF algo-

rithm has 81%, and LSTM has 85%.

Table 3: Analysis of false rate performance

The false rate in 2o
Methods 100000 200000 500000
Records Records Records
CIPMF 28 25 22
GRMF 24 20 17
LSTM 20 17 13
DSNC 15 13 7

Analysis of false rate performance comparison
result present in table 3. The proposed algorithm
provides low false classification performance.

= 40
=
& 30
=
=
= 20
(=)
=}
é 10
&)
= 0
=1
—

False Classification Ratio

\

CIPMF

GRMF
Comparison methods

LSTM

DSINC

=& 100000 Records —#—200000 Records

500000 Records

Figure 7: Analysis of false classification ratio performance

Analysis of false rate classification performance
results is shown in figure 7. The proposed Deep
Spectral Neural Classification (DSNC)false rate
performance is 7%. Similarly, the existing algo-
rithm is LSTM has 13%, GRMF has 17%, and

CIPMF has 22%.

Table 4: Analysis of time complexity performance

Time Complexity performance in sec
Methods | 100000 | 200000 | 500000
Records | Records | Records
CIPMF 57 77 91
GRMF 44 65 79
LSTM 36 54 70
DSNC 20 25 31

Above, table 4 presents the time complexity for
drug success rate prediction performance. The
proposed algorithm provides low time compared

with existing algorithms.

Time Complexity in sec
th
=]

Figure 8: Analysis of Time Complexity performance

Analysis of time complexity performance results
is shown in figure 8. The proposed Deep Spectral
Neural Classification (DSNC) drug success rate
prediction time complexity result is 31sec for
500000 Records. Similarly, the existing algo-
rithms are Long Short-Term Memory Network
(LSTM) drug success rate prediction time com-
plexity is 70sec, Causal Inference-Probabilistic

Time Complexity performance

LSTM

CIPMF

RMF

Comparison methods

8 100000 Records 200000 Records
500000 Records

DSNC
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Matrix Factorization (CIPMF) drug success rate
prediction time complexity result is 91sec, and
Graph Regularized Matrix Factorization (GRMF)
79sec for 500000 Records.

5. Conclusion

The proposed produce high performance by per-
forming the analysis of drug compound analysis.
This achieves the best intent values from the par-
amedical dataset by observing relational pat-
terns. This relative drug compound analysis re-
turns the mutual dependencies feature weights
by finding the molecule substances related to
drug compensates for identifying the features.
Then the Radial subset clustering feature re-
duces the dimension of the features to create rel-
ative patterns. Then the classifier in Deep Spec-
tral Neural Classification (DSNC) for predicting
higher intensive rate based on mutual relation.
This proposed system achieves high-perfor-
mance through the confusion matrix weights
probability in better performance than other
methods. This system highly supports relational
drug recommendation as well as other methods
in drug compounds suggestion. The Proposed
DSNC algorithm provides results are drug com-
pound success rate prediction is 93%, recall is
91%, precision is 92%, false classification result
is 7%, and time complexity result is 31sec. The
proposed algorithm provides high accuracy per-
formance with low time complexity and false rate
performance.

References

AEzzat, P. Zhao, M. Wu et al,, "Drug-target interaction pre-
diction with graph regularized matrix factoriza-
tion", IEEE/ACM Trans. Comput. Biol. Bioinf., vol. 14,
no. 3, pp. 646-656, 2017.

AWen, X. Sun, K. Yu, Y. Wy, ]. Zhang and Z. Yuan, "Drug-Drug
Interaction Extraction using Pre-training Model of En-
hanced Entity Information,” 2020 IEEE Green Compu-
ting and Communications (GreenCom) and IEEE
Cyber, Physical and Social Computing (CPSCom) pp.
527-532, doi: 10.1109/iThings-GreenCom-CPSCom-
SmartData-Cybermatics50389.2020.00094.

D. Afdhal, K. W. Ananta and W. S. Hartono, "Adverse Drug
Reactions Prediction Using Multi-label Linear Discri-
minant Analysis and Multi-label Learning," 2020 In-

ternational Conference on Advanced Computer Sci-
ence and Information Systems (ICACSIS), Depok, Indo-
nesia, 2020, pp. 69-76, doi: 10.1109/ICAC-
S1S51025.2020.9263166.

F. Ali et al,, "Merged Ontology and SVM-Based Information
Extraction and Recommendation System for Social Ro-
bots," in IEEE Access, vol. 5, pp. 12364-12379, 2017,
doi: 10.1109/ACCESS.2017.2718038.

G.Jin and S. T. C. Wong, "Toward better drug repositioning:
Prioritizing and integrating existing methods into effi-
cient pipelines", Drug Discovery Today, vol. 19, no. 5,
pp. 637-644, 2014.

H. Luo, ]J. Wang, C. Yan, M. Lij, F. -X. Wu and Y. Pan, "A Novel
Drug Repositioning Approach Based on Collaborative
Metric Learning," in [EEE/ACM Transactions on Com-
putational Biology and Bioinformatics, vol. 18, no. 2,
pp. 463-471, 1 March-April 2021, doi:
10.1109/TCBB.2019.2926453.

H. Luo, M. Li, S. Wang et al,, "Computational drug reposition-
ing using low-rank matrix approximation and ran-
domized algorithms", Bioinf, vol. 34, no. 11, pp. 1904-
1912, 2018.

H. Xue, J. Li, H. Xie et al,, "Review of drug repositioning ap-
proaches and resources”, Int. J. Biol. Sci., vol. 14, no. 10,
pp. 1232-1244, 2018.

J. Yang, Z. Li, X. Fan et al., "Drug-disease association and
drug-repositioning predictions in complex diseases
using causal inference-probabilistic matrix factoriza-
tion", J. Chemical Inf. Model., vol. 54, no. 9, pp. 2562-
2569, 2014.

J- Y. Ryu, H. U. Kim and S. Y. Lee, "Deep learning improves
prediction of drug-drug and drug-food interac-
tions", Proc. Nat. Acad. Sci. United States America, vol.
115, no. 18, pp. E4304-E4311, 2018.

Koras, K., Juraeva, D., Kreis, |. et al. Feature selection strate-
gies for drug sensitivity prediction. Sci Rep 10, 9377
(2020).

https://doi.org/10.1038/s41598-020-65927-9

M. Fedorov4, D. Perdukova, Z. Pirnik, V. FedaK, O. Sukel and
P. Sanjeevikumar, "The Fuzzy System as a Promising
Tool for Drugs Selection in Medical Practice," in IEEE
Access, vol. 6, pp. 27294-27301, 2018, doi:
10.1109/ACCESS.2018.2831282.

M. L. Shahreza, N. Ghadiri, S. R. Mousavi et al,, "Heter-LP: A
heterogeneous label propagation algorithm and its ap-
plication in drug repositioning”, /. Biomed. Informat.,
vol. 68, pp. 167-183, 2017.

M. Tsubaki, K. Tomii, ]. Sese, Compound-protein interaction
prediction with end-to-end learning of neural net-
works for graphs and sequences, Bioinformatics 35
(2) (2019) 309-318,

882

elISSN 1303-5150

www.neuroquantology.com


http://www.neuroquantology.com/
about:blank

Neuro Quantology | August 2022 | Volume 20 | Issue 9 | Page 873-883 | doi: 10.14704/nq.2022.20.9.NQ440097
S. Dinakaran, V. Ravi, P. Anitha, Radial Subset Clustering Feature-Based Deep Spectral Neural Classification for relational drug recommenda-

tion

http://dx.doi.org/10.1093 /bioinformatics/bty535.

N.J. Perualila-Tan, Z. Shkedy, W. Talloen, H.W. Géhlmann,
M.V. Van Moerbeke, A. Kasim, Weighted similarity-
based clustering of chemical structures and bioactivity
data in early drug discovery, ]. Bioinform. Comput.
Biol. (2016)
http://dx.doi.org/10.1142/50219720016500189.

Shengyu Liu, Buzhou Tang, Qingcai Chen, Xiaolong Wang,
Xiaoming Fan, "Feature Engineering for Drug Name
Recognition in Biomedical Texts: Feature Conjunction
and Feature Selection”, Computational and Mathemat-
ical Methods in Medicine, vol. 2015.

SwathikClarancia Peter, Jaspreet Kaur Dhanjal, Vidhi Malik,
NavaneethanRadhakrishnan, MannuJayakanthan, Du-
raiSundar. Quantitative Structure-Activity Relation-
ship (QSAR): Modeling Approaches to Biological Ap-
plications. 2019,,, 661-

676. https://doi.org/10.1016/B978-0-12-809633-
8.20197-0

T. Chen, P. Sy, C. Shang, R. Hill, H. Zhang and Q. Shen, "Senti-
ment Classification of Drug Reviews Using Fuzzy-
rough Feature Selection,” 2019 IEEE International
Conference on Fuzzy Systems (FUZZ-IEEE), New Orle-
ans, LA, USA, 2019, pp. 1-6, doi: 10.1109/FUZZ-
IEEE.2019.8858916.

T. He, M. Heidemeyer, F. Ban, A. Cherkasov, M. Ester, Sim-
Boost: a read-across approach for predicting drug-tar-
get binding affinities using gradient boosting ma-
chines, J]. Cheminform. 9 (1) (2017) 1-14,
http://dx.doi.org/10.1186/s13321- 017-0209-z.

T. Pahikkala, A. Airola, S. Pietil3, S. Shakyawar, A. Szwajda, J.
Tang, T. Aittokallio, Toward more realistic drug-target
interaction predictions, Brief. Bioinform. 16 (2)
(2015) 325-337,
http://dx.doi.org/10.1093 /bib/bbu010.

883

elISSN 1303-5150

www.neuroquantology.com


http://www.neuroquantology.com/
about:blank
about:blank
about:blank
about:blank
about:blank

