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Abstract - In drug discovery, the foremost challenging task is predicting drug-disease correlation using drugs' various
indications and side effects on specific diseases for proper diagnosis. To combat this issue, Wasserstein Auto-Encoder with
Convolutional Neural Network (WAE-CNN) model was developed, which uses the side effects constraints along with the drugs
and patient attributes from the large-scale databases to predict drugs for specific diseases. But, the correlation variability
between several drug-disease side effect categories is quite unfair. Few categories are more complex to predict than others.
Therefore, this article presents a Hierarchical Fuzzy Deep CNN (HFDCNN)model to predict and recommend drugs for
particular diseases considering side effects. First, the database is created by collecting data about patients, diseases, drugs
and their side effects. Then, such data are fed to the HFDCNN for prediction. In the HFDCNN model, FDCNN is embedded
into the attribute hierarchy. It segregates simple classes using a coarse classifier, whereas fine classifiers differentiate
complex classes. In the learning phase, an element-wise pre-learning is supported by global fine-tuning with a multinomial
logistic loss normalized by a coarse coherence factor. Also, conditional executions of fine classifiers and layer variable
reduction make this HFDCNN more robust for many disease data associated with the drugs and their side effects. Finally, the
test results exhibit that the HFDCNN model achieves 95.3%, 97.1% and 98.55% of accuracies in predicting the drugs for

Chronic Kidney Disease (CKD), diabetes and heart diseases, correspondingly compared to the classical models.

Keywords - Drug-disease correlation, Side effects, WAE-CNN, Attribute hierarchy, Fuzzy DCNN, Multinomial logistic loss,
Conditional execution.

1. Introduction

Data mining is used to find crucial hidden patterns in
massive datasets. Machine learning, soft computing, data
visualization, classifications, and regression approaches are
used to handle some of the difficulties in data mining. This
area of study is well-known because it produces superior
outcomes. However, it is all centered on a few illness
analysis, diagnosis, or prediction approaches employing
diverse instruments and methodologies. Few studies have
been undertaken on illness drug prediction [1-3]. There are
two sorts of medications used in the medical field: generic
and brand-name pharmaceuticals. Generic medications are
comparable to brand-name pharmaceuticals in terms of dose,
intended use, dosage forms, side effects, safeguards, and
weight. Alternatively, they have similar pharmacological
effects as their brand-name counterparts. Patients will be
given a specific medicine based on the severity of their
diseases [4-5].

Over the past decades, many investigations have been
done using data mining algorithms to predict the appropriate
drugs for specific diseases [6-7]. This viewpoint suggests the

drug prediction for diabetes, asthma and chronic heart
diseases [8]. For this purpose, many drugs and patient
characteristics were initially retrieved. Then, Hidden Markov
Models (HMM) were utilized to uncover hidden correlations
between features. After that, feature statistical values were
computed and merged.

Moreover, Artificial Neural Network (ANN) was used to
process the detected characteristics. To predict drugs for
illnesses with fewer side effects, the ANN employed higher
weight values assigned to each node in the hidden layers
during the training stage. The ANN-based classifier suffers
from excessive computational complexity when faced with
many features.

Physical traits and illness side effects of patients alter
throughout time. As a result, attribute values change over
time. A strategy [9] was carried out for selecting more
relevant features in optimally split time intervals. The Krill
Herd (KH) method [10] was used to calculate the temporal
interval for feature selection. The KH algorithm was
developed to choose the most discriminative features from a
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collection of medication and patient parameters such as age,
weight, height, and so on. This KH algorithm is composed of
many krill, and their time-dependent location is influenced
by three key factors: movement driven by the presence of
other individuals, foraging activity and random diffusion.
The best attributes from the best time segments were used in
ANN to predict medications for various disorders. But, the
KH method performs poorly on huge datasets.

As a result, the deep learning technique with WAE [11]
was presented to improve prediction accuracy with fine-
tuned drug and patient data. WAE fine-tunes drug attributes
such as adverse effects and biological, chemical and
phenotypic qualities. WAE employs AE [12] and Feed-
Forward Neural Network (FFNN) as learning algorithms for
recreating input features. Also, WAE was learned to encode
input into a feature space using a random set of weights. The
attributes were then recreated using a Generative Weights
(GW) set. First, the GWSs are largely derived from the
encoder's unfolded weights and later modified.

The encoder reduces the dimensionality of the data by
translating it to a hidden representation, and the decoder
sequentially transfers the reduced features to the input.
Because no labelled features were required in the training
procedure, the method was unsupervised. WAE then
employed the loss function to increase the stability of the
regenerated values. Finally, the regenerated attributes were
sent into CNN, which predicts drugs for various illnesses.
However, the heterogeneity in correlation across multiple
drug-disease side effect categories was quite unfair. Also,
few categories were more difficult to predict than others.

Hence in this manuscript, the HFDCNN model is
proposed to predict and recommend drugs for particular
diseases with the consideration of side effects. Initially, the
database is built by gathering information about patients,
diseases, treatments and their side effects. The data is then
sent into the HFDCNN for prediction. FDCNN is
incorporated into the attribute hierarchy of the HFDCNN
model. It uses a coarse classifier to separate basic classes,
while  fine  classifiers  discriminate ~ complicated
classifications. During the learning phase, global fine-tuning
with a multinomial logistic loss normalized by a coarse
coherence factor is used to facilitate element-wise pre-
learning. Further, conditional executions of fine classifiers
and layer variable reduction make this HFDCNN more
resilient for many illness data connected with medications
and side effects. Thus, the appropriate drugs for specific
diseases without side effects are predicted efficiently.

The remaining sections of this paper are organized as
follows: Section 1l presents the studies related to drug-
disease prediction. Section Il discusses the HFDCNN
model, and Section 1V illustrates its efficiency for predicting
drugs. Section V summarizes the entire study and provides
the future scope.
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2. Literature Survey

Hunta et al. [13] presented an enzyme and transporter
protein Integrated Action Crossing (IAC) technique to
predict non-communicable disease's drug-drug correlation
depending on pharmacokinetic strategy. In this technique, the
drug-drug correlation data were collected from the web.
Then, the novel characteristics were created and applied to
the different machine learning algorithms to generate the
prediction model. But this technique was not suitable for
large-scale databases.

Ibrahim & Thangamani [14] designed a new enhanced
Singular Value Decomposition (SVD) scheme to reduce the
dimensionality of drug-disease data. First, an integrated
model for Hepatocellular Carcinoma (HCC) subordinate was
developed using the Multi-source Bat Algorithm-based
Random Walk (MBARW) to differentiate novel drugs and
diseases. Then, a drug-drug similarity grid and disease-drug
similarity chain were created based on the multi-source
random stroll in gene-gene weighted correlation order.
Moreover, all drugs in the drug-drug similarity chain and
disease-drug bipartite graph chain were ranked by
considering the known drugs for HCC. But, it was not
suitable for the database containing many genes.

Jiang et al. [26] developed a Sigmoid Kernel and CNN
(SKCNN) to train new attributes efficiently, defining drug-
disease correlations using its hidden layer. Initially, the
similarity metric of drugs was created by sigmoid drug
similarity, drug structural similarity and that of disease
utilizing disease sigmoid similarity and disease semantic
similarity. According to the fused similarities of drugs and
diseases, the SKCNN was utilized for training hidden
interpretations for all drug-disease pairs whose tags were
predicted by the random forest categorizer. But, the training
data was comparatively inadequate, influencing the
prediction accuracy.

Peng et al. [16] developed a learning-based technique
depending on feature interpretation training and deep
learning called DTI-CNN to predict drug-target correlations.
Initially, the Jaccard similarity coefficient extracted the
related attributes of drugs and proteins from heterogeneous
networks and restarted the random walk scheme. After that, a
denoising AE was used to minimize the dimension and detect
the important attributes. According to these attributes, the
CNN was created to predict the correlation between drugs
and proteins. But, it needs more related data and network
design to contain more sophisticated input networks.

Yang et al. [17] designed a Multiple Kernel-based Dual
Graph RLS (MKDGRLS) to predict possible drug-disease
correlations. Initially, the multiple kernels of drugs and
disease spaces were determined correspondingly. After that,
multiple kernels and associated Laplacian normalization
terms were used to build MKDGRLS. Moreover, the



Nithya B & Anitha G/ IJETT, 70(8), 140-148, 2022

objective factor of MKDGRLS was solved by the alternated
least squares to predict drug-disease correlations. But, it has
many matrix functions and a high running time. Also, its
efficiency was poor for small databases.

Jarada et al. [18] developed a Similarity Network Fusion
and Collective Variational AE (SNF-CVAE) model to
predict new drug-disease correlations using drug-associated
similarity data and known drug-disease correlations. This
model integrated similarity measures, similarity choice, SNF
and CVAE to perform a non-linear analysis and enhance the
drug-disease correlation prediction. But, it has a high training
period due to the huge amount of mixtures of learnable
hyperparameters.

Ding et al. [19-20] designed a Multi-view Graph
Regularized Link Propagation (MvGRLP) framework to
predict novel drug-target correlations. This framework
merged complementary data among various views in drug
and target space. Also, an iterative scheme was applied to
resolve the objective function. But, it needs to define
structural correlations among entities to increase the
prediction efficiency.

A.G.Hari Narayanan[21] recognises the signs and
symptoms of various skin diseases. After a large no of
Classifiers, the voting classifier makes predictions about the
image’s content.

Sunil Pandey[22] comprises CNN of stacks of different
layers which perform feature engineering and training or
classification computations on the inputs. The design of
CNN algorithms for high-performance distributed and
parallel computing architectures assume significance.

Khaled Mohamad Alumstafa[23] K-nearest neighbor,
Decision tree and SVM classifiers show the performance of
the selected classification to classify the best or predict the
heart disease cases.

C K Gomathy[24] Naive Bayes Supervised Machine
Learning algorithm predicts the disease. The probability of
the disease is calculated using the Naive Bayes algorithm.
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Rayan Alanazi[25] Convolutional Neural Network(CNN)
is for the prediction of the disease, and K-nearest neighbor
(KNN) is used for calculating the distance to find the match
that is generated in the data set for the prediction of diseases.

3. Proposed Methodology

This part briefly describes the HFDCNN model for drug
side-effects prediction. First, several data regarding patients
and drugs are gathered from the different websites, which
involves many attributes like drug name, ingredients, size,
shape, capsule shell, weight, surface region, dissolution
period, predisposition of medema, side effect, drug mode
(i.e., tablet, injection, capsules), drug price, drug category,
dosage, brand name, drug feedback, patient age, sex, weight
and height. Such details are gathered at multiple time slots,
e.g., every week, 15 days, or month. Then, those attributes
are fed to the HFDCNN as input to predict drugs and their
side effects for certain diseases. The training and testing
process of HFDCNN for drug prediction is briefly explained
below.

The notations considered in this article are the
following: a database comprises {x;, y;}, where x; refers to
the input data and y; refers to the label. There are Cfine

C
attributes of data in the database {S/}’ - An attribute
]:

hierarchy is learned with K coarse attributes (disease-related
characteristics) {Sg}%_,.

3.1. HFDCNN Structure

The HFDCNN is developed to replicate the architecture
of attribute hierarchy, where fine attributes are split into
coarse attributes. It executes end-to-end classification as
depicted in Fig. 1. It has 4 major units: shared layers, a single
coarse attribute layerB, multiple fine attribute layers {F*}X_,
and a single probabilistic averaging unit.

The shared layers are utilized to obtain the most relevant
attributes. The configuration of shared layers is assigned to
be similar to the prior layers in the fundamental block net.
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Fig. 1 Structure of HFDCNN for Drug Prediction based on 2-stage Attribute Hierarchy

The top of the structure in Figure 1 has independent
layers of coarse attribute layerB, which reutilizes the setting
of rear layers from the fundamental block FDCNN and

C
creates a fine prediction {BL’; - for a data x;. To generate a
j=

prediction {B;}X_, over coarse attributes, a fine-to-coarse
aggregation layer is added, which combines fine predictions
into coarse ones while mapping from fine attributes to coarse
onesP:[1,C] » [1,K] is provided. The coarse attribute
probabilities are useful for 2 reasons: (i) they are utilized as a
weight to merge the predictions created by fine attribute
layers, and (ii) if threshold, then they allow conditional
executions of fine attribute layers whose related coarse
probabilities are adequately high.

The bottom of the structure in Figure 1 has independent
layers of a group of fine categorizers {F¥}X_,, all of which
create fine attribute predictions. Because all fine layers
succeed only in categorizing a tiny group of classes, they
generate a fine prediction over a limited group of classes.
The probabilities of another fine attribute missing in the
limited group are perfectly assigned to 0. The layer settings
are essentially replicated from the fundamental block
FDCNN, except that the number of filters in the last
categorization layer is assigned to be the number of the
limited group rather than the entire classes.

Layers in both the coarse and fine attribute layers are
shared. The reasons for this are 3-fold: (1). It is demonstrated
that prior layers in FDCNN respond to class-agnostic
attributes like patient’s age, gender, etc., whereas rear layers
capture more class-specific attributes like drug size, drug
shape, disease name, side effects, etc. Because patient
attributes are relevant for coarse and fine prediction
processes, the prior layers are allowed to share with the
coarse and fine layers;(2). It minimizes both the overall
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floating-point functions and the memory usage of system
implementation; and (3). It minimizes the quantity of
HFDCNN variables, which is essential for effective learning
of HFDCNN.

The right side of the structure in Figure 1 is the
probabilistic averaging layer, which gets both the fine and
coarse attribute predictions, as well as generates a weighted
mean as the final prediction:

_ ZReq Bukpr(x)
S S )

In Eq (1), By, refers to the probability of coarse
attributek for the data x; predicted by B and p, (x;) refers to
the fine attribute prediction created by F¥. It emphasized that
coarse and fine attribute layers reutilize the layer settings
from the fundamental block HFDCNN. This adaptable
structure enables the selection of the appropriate FDCNN
structure as the fundamental block according to the
processes.

3.2. Attribute hierarchy Training

The main objective of creating an attribute hierarchy is
to aggregate similar fine attributes into similar coarse
attributes, allowing a specific fine attribute categorizer to be
learned. A top-down scheme is applied to train the hierarchy
from the learning data.

A held-out data group is randomly sampled with
balanced class distribution from the learning data. The
remaining learning data is utilized for training a fundamental
block net. A confusion matrix F is obtained by analyzing the
net on the held-out group. A distance matrix D is determined
as D =1—F, and its diagonal values are assigned 0. Then,
D is converted asD = 0.5+ (D +DT). The input D;;
evaluates how simple it is to distinguish classes i and j.
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Spectral grouping is applied on D to group fine attributes
into Kcoarse attributes. The outcome is a 2-stage attribute
hierarchy defining a multiple-to-single mapping P%:[1,C] -
[1, K] from fine to coarse attributes. In this study, the coarse
attributes are time-dependent.

3.2.1. Overlapping coarse attributes

When there are time-dependent coarse attributes, the
entire categorization strongly relies on the coarse attribute
categorizer. When the data is fed to an imperfect fine
attribute categorizer, the error cannot be resolved since the
probability of the labelled data is automatically assigned to 0.
By eliminating the correlation variability limit among coarse
attributes, the HFDCNN can become less reliant on the
coarse attribute categorizer.

So, additional fine attributes are added to the coarse
attributes. For a specific fine categorizer F¥, it is preferred to
include such fine attributes {j}. That is expected to be
miscategorized into the coarse attributek. So, the likelihood
u®(j) is estimated that the data in the fine attributej is
miscategorized into a coarse attributek on the held-out group
as:

. 1
uk(j) = 7] Zies! B, 2

In Eq. (2), Bf denotes the coarse attribute probability,

which is attained by combining fine attribute probabilities

{Bi’;}j based on the mapping P%: B = ¥ pa(j)=y B/;. The

likelihood u*(j) is thresholded by the parametric factor u, =
(yK)™! and the limited group Sfis included in each fine
attribute{j} such that u*(j) > u,. Observe that all branching
layer provides a complete group prediction if u, = 0 and a
time-dependent group prediction if u, = 1. With overlapping
coarse attributes, the attribute hierarchy mapping P¢ is
expanded to be a multiple-to-multiple mapping P°and so the
coarse attribute predictions are modified as Bj, =
Y jjkepo(j) Bij. Observe the total of {Bj; K_, exceeds 1, and
so L, regularization is performed.

3.3. HFDCNN Learning

The quantity of variables in rear layers rises relative to
the number of coarse attributes if fine attribute layers are
included in the HFDCNN. It raises the learning difficulty and
the possibility of over-fitting for an equal quantity of
learning data. However, the learning data (attributes) in the
stochastic gradient descent mini-batch are probabilistically
given to distinct fine attribute layers. It needs a greater mini-
batch to guarantee that a huge amount of learning data
calculates variable gradients in the fine attribute layers. A
huge learning mini-batch raises the learning memory usage
and reduces the learning speed. As a result, the HFDCNN
learning is decomposed into many stages rather than learning
the entire HFDCNN from scratch, as summarized in
Algorithm 1.
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Algorithm 1: HFDCNN learning
Function HFDCNN LEARNING
Pre-learn HFDCNN;
Initialize coarse attribute layer;
Pre-learn fine attribute layers;
Adjust the entire HFDCNN
End Function

3.3.1. Pre-learning HFDCNN
Both the coarse and fine attribute layers are pre-learned
simultaneously.

Initialization of the coarse attribute layer

Initially, a fundamental block of HFDCNN (FP?) is pre-
learned by utilizing the learning data. Because both the prior
and rear layers in the coarse attribute layer are similar to the
layers in the fundamental block HFDCNN, the weights of FP
are replicated into the coarse attribute layer for the
initialization task.

Pre-learning the rear layers of fine attribute layers

Fine attribute layers {F¥}, are separately pre-learned.
All F¥ must concentrate on categorizing fine attributes
within the coarse attributeS¢. So, the pre-learning of all F¥
utilizes only data {x;|i € Sg} from the coarse attributeS;. The
shared prior layers are previously initialized and kept
constant in this phase. For all F¥, each rear layer is
initialized, excluding the final convolutional layer by
replicating the trained variables from the pre-learned net FP.

Fine-tuning HFDCNN

Once both coarse and fine attribute layers are efficiently
pre-learned, the entire HFDCNN is adjusted. After learning
the attribute hierarchy and the related mapping P°Every fine
attribute layer concentrates on categorizing a predetermined
subgroup of fine attributes.

During fine-tuning, the ambiguity of coarse attribute
predicted by the coarse attribute layer must be kept reliable
with those related to the fine attribute layers. Therefore, a
coarse attribute reliability term is added to normalize the
classical multinomial logistic error.

Coarse attribute reliability

The trained fine-to-coarse attribute mapping P:[1,C]
[1,K] gives a method to characterize the desired coarse
attribute distribution {t;}. Particularly, t, is assigned to be
the percentage of each learning data within the coarse
attributeSy under the hypothesis, the distribution over coarse
attributes across the learning set is nearby within the learning
mini-batch.

_ _ ZjkerlSil

t, = ,Vk € [1,K] (3)

T o1 Zjrep(plSil
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The final error function utilized for adjusting the
HFDCNN is defined as:
2
Bik)

1 A
E=—2%" log(py,) + 35K (b
In Eq. (4), n denotes the size of the learning mini-batch, A
denotes the normalization constant and is assigned to 20.

1yn
o 4i=1

(4)

3.4. HFDCNN Testing

Because fine attribute layers are added to the HFDCNN,
the number of variables, memory usage and execution period
in rear layers, each scale linearly in the number of coarse
attributes. To guarantee HFDCNN is adaptable for large-
scale drug-disease prediction, conditional execution and
layer variable reduction methods are developed.

3.4.1. Conditional execution

During testing, for considered data, it is not essential to
analyze each fine attribute categorizer because most of them
contain irrelevant weights B, as in Eq. (1). Their
contributions to the final prediction are omitted. Conditional
executions of the top-weighted fine layers will speed up the
HFDCNN categorization. So, B, is thresholded by a
parametric factor B, = (BK)~* and By, is reassigned to O if
B < B;. Such fine attribute categorizers with By, = 0 are
not analyzed.

3.4.2. Variable reduction

In HFDCNN, the number of variables in rear layers of
fine attribute categorizers raises linearly in the number of
coarse attributes. So, the layer variables are reduced during
the test phase to minimize memory usage.

Particularly, the product quantization scheme [20] is
adopted to reduce the variable matrix W € R™™ by initially
splitting it horizontally into sections of size s, i.e. W =
[W1, ..., w(79]. After that, k-means clustering is utilized to
group the rows in W, vi € [1, ("/s)]. By only accumulating
the closest group indices in an 8-bit integer matrix I €
R™*("/s) and group midpoints in a single-accuracy floating

. . 32
number matrixC € R**", a reduction factor ————
32kn+8m™/g

achieved. The hyperparameters for variable reduction are
(s, k).

Thus, this HFDCNN is efficiently trained and tested for
predicting the drugs for a specific disease without any side
effects.

4. Experimental Analysis
In this section, the efficiency of the HFDCNN is
analyzed by implementing it in Java 8 software tools. For
this experiment, different details of patients and drugs are
gathered from various websites, hospitals, etc. Also, the
sample dataset containing the brand-name and generic drugs
utilized for CKD, diabetes and heart diseases are collected
according to their drug name, class, dosage, side effects and
the ingredients present in the drugs. The efficiency of the
HFDCNN is compared with the different existing models:
KH-ANN [10], WAE-CNN [11], SKCNN [26], DTI-CNN
[16], MKDGRLS [17], SNF-CVAE [18] and MVGRLP [19]
regarding the following metrics:
e Accuracy: It is the fraction of accurate prediction of
drugs for specific diseases over the total number of
data tested.

TP+TN

Acc = ————
TP+TN+FP+FN

®)

TP (True Positive) is a result of the given positive
classes being categorized as themselves. TN (True
Negative) results in the negative classes being
categorized as themselves. FP (False Positive) is a
result of inexactly classifying positive classes as
negative. FN (False Negative) results in the negative
classes being inexactly classified as positive.
Precision is the ratio of predicted drugs and diseases
at TP and FP rates.

TP
TP+FP

Recall =

(6)

Recall: It is the ratio of exactly predicted drugs and
diseases at TP and FN rates.

TP
Recall = ——
TP+FN

()

Table 1 provides the accuracy values for the existing and
proposed drug prediction models executed on various disease
databases.

Table 1. Comparison of Accuracy

Disease MVGRLP | MKDGRLS |KH-ANN]| SKCNN |[DTI-CNN| SNF-CVAE [WAE-CNN|HFDCNN
categories Accuracy (%)
CKD 83.3 85.9 87 89 91.6 92.8 94 95.3
Diabetes 87.7 90.5 92 92.6 93.8 95 96 97.1
Heart diseases 89.5 91 93 93.8 94.7 95.6 97 98.5
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Comparison of Accuracy
100
® MvVGRLP
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z 90 ® KH-ANN
3 8 - = SKCNN
<
80 H DTI-CNN
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CKD Diabetes .Heart = WAE-CNN
diseases
Disease Categories HFDCNN

Fig. 2 Accuracy vs Different Disease Categories

Figure 2 depicts the graphical representation of accuracy
achieved for various drug prediction models using the
different drugs and patient data related to CKD, diabetes and
heart diseases. It addresses that the HFDCNN attains the
maximum accuracy to predict appropriate drugs for patients
and diagnose the diseases properly with less or no side
effects.

For the CKD, the accuracy of predicting drugs using
HFDCNN is 14.41% greater than the MvGRLP, 10.94%
greater than the MKDGRLS, 9.54% greater than the KH-
ANN, 7.08% greater than the SKCNN, 4.04% greater than
the DTI-CNN, 2.69% greater than the SNF-CVAE and
1.38% greater than the WAE-CNN. For diabetes disease, the
accuracy of predicting drugs by the HFDCNN is 10.72%
better than the MVGRLP, 7.29% better than the MKDGRLS,
5.54% better than the KH-ANN, 4.86% better than the
SKCNN, 3.52% better than the DTI-CNN, 2.21% better than
the SNF-CVAE and 1.15% better than the WAE-CNN. For
heart diseases, the accuracy of predicting drugs using
HFDCNN is 10.06% larger than the MvGRLP, 8.24% larger
than the MKDGRLS, 5.91% larger than the KH-ANN,
5.01% larger than the SKCNN, 4.01% larger than the DTI-
CNN, 3.03% larger than the SNF-CVAE and 1.55% larger
than the WAE-CNN. It is because of training the coarse and
fine attributes hierarchically and independently.

Table 2 provides the precision values for the different
existing and proposed drug prediction models executed on
various disease databases.

Table 2. Comparison of Precision

Disease MVGRLP | MKDGRLS | KH-ANN [SKCNN|DTI-CNN[SNF-CVAE|WAE-CNN|HFDCNN
categories Precision

CKD 0.810 0.832 0.854 0.877  ]0.906 0.911 0.924 0.945
Diabetes 0.850 0.869 0.887 0.900 |0.915 0.930 0.941 0.959
Heart diseases |0.847 0.864 0.875 0.896  ]0.933 0.948 0.963 0.981

. . patients and diagnose the diseases accurately with less or no

Comparison of Precision side effects. For the CKD, the precision of predicting drugs

15 using HFDCNN is 16.67% greater than the MvGRLP,

0.95 1 ¥ MvGRLP 13.58% greater than the MKDGRLS, 10.66% greater than

m MKDGRLS the KH-ANN, 7.75% greater than the SKCNN, 4.3% greater

5 997 - than the DTI-CNN, 3.73% greater than the SNF-CVAE and

g 085 ) 2.27% greater than the WAE-CNN. For diabetes disease, the

& 08 | B SKCNN precision of predicting drugs by the HFDCNN is 12.82%

0.75 | ® DTI-CNN better than the MVGRLP, 10.36% better than the

07 | o SNF-CVAE MKDGRLS, 8.12% better than the KH-ANN, 6.56% better

) KD Diabetes  Heart than the SKCNN, 4.81% better than the DTI-CNN, 3.12%

diseases ¥ WAE-CNN better than the SNF-CVAE and 1.91% better than the WAE-

Disease Categories HEDCNN CNN. For heart diseases, the precision of predicting drugs

using HFDCNN is 15.82% larger than the MVGRLP, 13.54%

Fig. 3 Precision vs Different Disease Categories

Figure 3 portrays the graphical representation of
precision values achieved for various drug prediction models
using the different drugs and patients’ data related to CKD,
diabetes and heart diseases. It observes that the HFDCNN
attains the maximum precision to predict suitable drugs for
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larger than the MKDGRLS, 12.11% larger than the KH-
ANN, 9.49% larger than the SKCNN, 5.14% larger than the
DTI-CNN, 3.48% larger than the SNF-CVAE and 1.87%
larger than the WAE-CNN.

Table 3 provides the recall values for the different
existing and proposed drug prediction models executed on
various disease databases.
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Table 3. Comparison of Recall

Disease MVGRLP | MKDGRLS [KH-ANN]| SKCNN [DTI-CNN|SNF-CVAE|WAE-CNN| HFDCNN
categories Recall
CKD 0.809 0.82 0.84 0.87 0.918 0.926 0.94 0.953
Diabetes 0.857 0.868 0.89 0.91 0.925 0.94 0.95 0.961
Heart diseases |0.84 0.855 0.87 0.905 0.95 0.968 0.98 0.986
. than the MKDGRLS, 7.98% better than the KH-ANN, 5.6%
Comparison of Recall better than the SKCNN, 3.89% better than the DTI-CNN,
1 - 2.23% better than the SNF-CVAE and 1.16% better than the
WAE-CNN. For heart diseases, the recall of predicting drugs
0.95 - = MVGRLP using HFDCNN is 17.38% larger than the MvGRLP, 15.32%
larger than the MKDGRLS, 13.33% larger than the KH-
03 1 = MKDGRLS ANN, 8.95% larger than the SKCNN, 3.79% larger than the
T 085 - H KH-ANN DTI-CNN, 1.86% larger than the SNF-CVAE and 0.61%
£ = SKCNN larger than the WAE-CNN.
0.8 -
o7 | = OT-CAN 5. Conclusion
' W SNF-CVAE This study developed the HFDCNN model for drug
0.7 = WAE-CNN prediction and recommendation for specified illnesses.
CKD Diabetes Heart Primarily, the database was prepared by gathering
. HFDCNN . . . . . .
diseases information regarding patients, diseases, drugs and their side
Disease Categories effects. Afterward, the created database was provided to the
HFDCNN for the prediction process. This HFDCNN model

Fig. 4 Recall vs Different Disease Categories

Fig. 4 illustrates the graphical representation of recall
values achieved for various drug prediction models using the
different drugs and patient data related to CKD, diabetes and
heart diseases. It observes that the HFDCNN attains the
maximum recall to predict suitable drugs for patients and
diagnose the diseases accurately with less or no side effects.
For the CKD, the recall of predicting drugs using HFDCNN
is 17.8% greater than the MVGRLP, 16.22% greater than the
MKDGRLS, 13.45% greater than the KH-ANN, 9.54%
greater than the SKCNN, 3.81% greater than the DTI-CNN,
2.92% greater than the SNF-CVAE and 1.38% greater than
the WAE-CNN.

For diabetes disease, the recall of predicting drugs by the
HFDCNN is 12.14% better than the MvGRLP, 10.71% better
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