1.

The biological systems function via the physical interactions occurring between the molecules.
Hence, it is important to determine the molecular binding for understanding the biological system
and discovering novel drugs [1]. The pharmaceutical industries have devoted a lot of effort
towards discovering novel drugs. This discovery could improve our quality of life, however,
could also lead to many adverse effects [2], [3]. Hence, the pharmaceutical companies must
ensure drug safety during the research stage, as the observation of adverse effects during late
clinical phases could lead to heavy financial losses. However, despite the development of
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According to the principle of similar property, structurally similar compounds exhibit very similar
properties and, also, similar biological activities. Many researchers have applied this principle to
discovering novel drugs, which has led to the emergence of the chemical structure-based activity
prediction. Using this technology, it becomes easier to predict the activities of unknown
compounds (target) by comparing the unknown target compounds with a group of already known
chemical compounds. Thereafter, the researcher assigns the activities of the similar and known
compounds to the target compounds. Various Machine Learning (ML) techniques have been used
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predictive system, i.e., MaramalNet, which is a convolutional neural network that enables the
prediction of molecular bioactivities using a different molecular matrix representation.
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convolutional network for determining its accuracy during the prediction of the activities for the
unknown compounds. This approach was applied to a popular dataset and the performance of this
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MaramalNet was able to provide an interesting prediction rate (where the highly diverse dataset
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computational systems for the past 30 years, they are inaccurate while predicting the molecular
binding, and, physical experiments have to be conducted for determining the binding [3], [4].

The accurate molecular binding prediction could decrease the time required for discovering novel
treatments, eliminating the toxic molecules in the initial developmental stages and for guiding
studies towards medicinal chemistry [5]. Despite the requirement of powerful, but, versatile tools
for determining the side effects of the novel drugs, none have been discovered till date. This
problem can be solved by implementing computational models which have been obtained using
the standard Quantitative Structure-Activity Relationships (QSAR) [6], [7].

In the similarity searching strategy, the activities of unknown compounds (target) are predicted by
comparing them with the known chemical compounds. Thereafter, the researcher assigns the
activities of similar compounds to the target compounds. Though many of the target prediction
techniques have been successful, some problems still exist. Researchers have applied different
techniques for predicting different target subsets for the same molecule [8]-[10]. One study [11]
used the Multilevel Neighbourhoods of Atoms (MNA) structural descriptor system for activity
prediction. MNA of the molecule is generated by the connection table and the table of atoms,
representing every compound. Every descriptor possessed a specific integer number based on its
dictionary. The molecular similarity was based on the Tanimoto coefficient, and, the compound
activities were predicted using the activities of the most similar known compounds.

The popular ML algorithms, using the compound classification method for activity prediction
(target), were Binary Kernel Discrimination (BKD) [12], Bayesian inference network for ligand-
based virtual Screening [13], Naive Bayesian Classifier (NBC) [14], Artificial Neural Networks
(ANNSs) [15] and Support Vector Machines (SVM) [16]. The Bayesian belief network classifier
was used for predicting the ligand-based targets and their activities [1]. Here, the researchers
introduced a novel approach, MaramalNet (Maramal means ‘predicting’ in Malay), which is a
convolutional neural network that predicts the molecular bioactivity using a novel molecular
matrix representation. Also, it is a deep learning system which incorporates the molecule’s
substructural information for activity prediction.

2. DEFINITION AND RELATED WORK

2.1 Deep Learning

Deep learning is seen to dramatically improve the advanced artificial intelligent tasks such as
speech recognition, object detection and machine translation [17]. The deep architectural nature
of this technique is useful for solving the complex artificial intelligence-related problems [18].
Hence, researchers have used this technique in modern domains for several tasks like face
recognition and object detection. This method has also been applied to many language models.
For instance, [17] applied the recurrent neural networks for denoising the speech signals, [19]
used the stacked autoencoders for determining the cluster pattern during gene expression. In
another study,[20], the researchers used a neural model for generating images having differing
styles. Also, [21] used the deep earning technology for a simultaneous analysis of sentiments
from the multiple modalities.

The deep learning technology has undergone massive developments during the past few years.
Empirical results showed that this technique was better than the other ML algorithms. This could
due to the fact that this technique mimics the brain functioning and stacks multiple neural
network layers one after another, like the brain model. According to [22], the Deep Learning
machines show a better performance than the conventional ML tools as they also include the
feature extraction method. However, till date, there exists no theoretical background for the deep
learning technology. The deep learning techniques learn the feature hierarchies by using features
from the higher hierarchical levels formed by the arrangement of the low-level features. The
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learning features present at various abstraction levels allow the system to learn the complex
functions which map the input and the resultant output from the data without depending on the
human-developed features [22]. In the case of the image recognition systems, the conventional
setup extracts the handcrafted features and feeds them to the SVM. However, the deep learning
technology shows a better performance as it also optimises all the extracted features.

The biggest difference between the ML and deep learning technologies is their performance
variations when the data volume increases. For a smaller dataset, the deep learning method
performs inefficiently as it needs a huge data volume for proper understanding [21].

2.2 Convolutional Neural Network

The Convolutional Neural Network (CNN) is a type of deep feed-forward network which can be
easily trained and generalised as compared to other networks having connectivity between the
adjacent layers [23], [24]. CNN has been successfully used when other neural networks were
unpopular, and currently, has been used in the computer vision community.

CNNs are designed for processing data which is in the form of multiple arrays, for instance, a
grey-scale image made of 3x2D arrays with different pixel intensities. Various data modalities are
presented as multiple arrays, like 1D for sequences and signals, including language; 2D for the
audio or image spectrograms; and 3D for the volumetric or video images. The 4 major ideas
which enable the CNNs to use the properties of the natural signals are shared weights, local
connections, pooling and use of multiple layers [23], [24].

A classic CNN architecture (Figure 1) includes many stages. The initial stages are made of 2
types of layers: i.e., convolutional and pooling layers. The units within the convolutional layer
can be organised in the feature maps, wherein every unit is linked to the local patches of the
feature maps from the earlier layers through weights known as the filter bank. The output of the
local weighted sum is passed through the non-linearity like the ReLU [25]. All the units within
the feature map are seen to share one filter bank. The various feature maps within the layer use
differing filter banks. This architecture is so composed to serve 2 purposes. Initially, in the case
of array data like images, the local group of values are seen to be highly correlated and form
distinctive and easily detectable local motifs. Secondly, the local statistics of the images or other
signals are seen to be invariant to the location. Hence, if the motif is seen within one section of
the image, it can also be present elsewhere. Thus, this network relies on the fact that the units at
the different locations share the same weights and can be detected using the similar pattern from
the other parts in the array. Mathematically, discrete convolution is the main filtering operation
which is applied in the feature maps; hence, it is so named.

Convolution Pooling Convolution Pooling Fully Fully Output Predictions
Connected  Connected

- dog [0.01)
cat (0.04)
boat (0.94)
bird [0.02)

Fig. 1. Architecture of the CNN for Image Classification.
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While the convolutional layer detects the local combination of the features based on the earlier
layer, the pooling layer merges the semantically similar features into a single feature. Due to the
relative position of these features, the motif formation can vary and the reliable detection of the
motif is carried out by the coarse-graining of its position in every feature. The general pooling
unit can compute a maximal number of the local patch of units into a single feature map.

As described in Figure 2, for the image classification, the CNN technique detects the edges from
the raw pixels in Layer 1, and thereafter, uses the edges for detecting the simple shapes in Layer
2. Then, it uses these shapes for detecting the simpler shapes within the Layer 2 and also uses
these shapes for determining the high level features, like the face shape in the higher layers. The
final layer is the classifier which uses such high-level features [26].
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Fig. 2. Eyeris’ Deep Learning-based facial feature extraction method based on CNN[26].
2.3 Convolutional Neural Network for the Prediction of the Biological Activities

In [27], the architecture of the Merck Molecular Activity Kaggle Challenge, based on the Multi-
Task Deep Neural Network (MT-DNN) [28] showed the best performance. This architecture
could train the neural network using multiple output neurons, wherein every neuron predicts the
input molecule’s activity using different assays. Also, [29]-[31] showed that MT-DNN could be
scaled to include large biochemical databases like PubChem Bioassays [32] and ChEMBL [33].

However, there are many limitations associated with the ligand-based processes, like the MT-
DNN. Firstly, these techniques are limited to those targets having a lot of prior available data, and
hence, they are unable to make predictions for the novel targets. Secondly, the current deep neural
networks designed for the ligand-based models also use some molecular fingerprints, like ECFP
[34], as their input data. This type of input encoding restricts the feature discovery to the
composition of the specific molecular structures that are defined by the fingerprinting procedure
[29], [35], which eliminates its capacity to discover the arbitrary features. Thirdly, as these
models are blind towards the target, they cannot elucidate the potential molecular interactions.

Another popular strategy used for library designing includes the application of the similarity
principle [36], where the structurally similar compounds exhibit similar biological properties.
But, researchers [37] have shown that such an empirical guideline is often unsuccessful, as the
minor structural modifications could diminish the pharmacological activities of the ligand which
is used for describing the molecular similarity within the substructures.

For addressing these limitations, the researchers in this study have proposed a novel matrix
representation for the chemical compounds, i.e., mol2matrix, which is based on the molecular
substructural similarities with a set of other molecules. Thereafter, the similarity values are
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determined and the molecules arranged in the matrix. This technique can be used for many deep
learning applications like prediction, virtual screening, molecular classification and molecular
search. The following sections describe the design and the development of the MaramalNet
approach. Also, the researchers have assessed its performance level by conducting several
complex experiments which were based on the structure and bioactivity prediction.

3. MATERIALS AND METHODS

Initially, the researchers have described the construction of various experimental benchmarks
used for testing the system. Thereafter, they have described the data encoding and Input
representation system along with the design of the deep convolutional network.

3.1. Data Sets

Experiments were conducted over the most popular cheminformatics database: the MDL Drug
Data Report (MDDR) [38]-[40] which has been used in our previous studies [1], [41]-[44]. This
database consisted of 8294 molecules and contains 11 activity classes, which involve structurally
homogeneous and heterogeneous actives, as shown in Table 1. Each row in the tables contains an
activity class, the number of molecules belonging to the class, and the diversity of the class,
which was computed as the mean pairwise Tanimoto similarity calculated across all pairs of
molecules in the class with the ECFP4 (extended connectivity).

Table 1. MDDR Activity Classes Data Set

Activity Index Activity class Active Pairwise
molecules Similarity
31420 renin inhibitors 1130 0.290
71523 HIV protease inhibitors 750 0.198
37110 thrombin inhibitors 803 0.180
31432 angiotensin Il AT1 antagonists 943 0.229
42731 substance P antagonists 1246 0.149
06233 substance P antagonists 752 0.140
06245 5HT reuptake inhibitors 359 0.122
07701 D2 antagonists 395 0.138
06235 5HT1A agonists 827 0.133
78374 protein kinase C inhibitors 453 0.120
78331 cyclooxygenase inhibitors 636 0.108

3.2. Input Representation

The feature extraction step is very important for analysing the data in the ML and NLP processes.
This step helps in determining the interpretable data representation for the machines which could
improve the performance of these learning algorithms. The application of inappropriate features
could decrease the performance of even the best algorithms, whereas simple techniques perform
very well if appropriate features are applied. The feature extraction is carried out unsupervised or
even manually. In this study, the researchers have proposed an unsupervised distributed
representation of the various chemical compounds.

A novel method was proposed called the mol2matrix (molecule to matrix). This technique could
be used in cheminformatics for many problems related to the virtual screening, classification,
biological activity prediction, similarity measurements and a substructure search of the
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molecules. Here, every compound was embedded within an n x n matrix, which characterised the
various molecular properties.

The distributed representation was seen to be a successful and popular ML approach [46], [47].
This approach involved encoding and storage of information within the system by interacting
with the other compounds. The distributed representation technique was inspired by the human
memory structure, wherein all memories are stored in a “content-addressable” manner. The
content-based storage efficiently recalls all memories based on their partial description. Since
these content-addressable thoughts and their properties are stored in a close proximity, the
systems possess a viable infrastructure for generalising the features for any item.

The continuous vector representation, which acts like a distributed representation of words, was
used in the Natural Language Processing (NLP) system for efficiently representing the
semantic/syntactic units having multiple applications. In the model, every word was embedded
with the vector in the n-dimensional space. The similar words had closer vectors, like “King,
Queen” and “Woman, Man”, wherein the similarity was based on the syntax and semantics.
These vectors were trained based on the idea that the meaning behind the words was
characterised by their context, i.e., neighbouring words. Hence, the various words along with
their context were considered as the positive training samples [45]. They observed very
interesting patterns by training the word vectors with the Skip-gram in the natural language. The
words, having a similar vector representation, exhibit multiple similarity degrees. For example,

— — —_—
King — Man + Woman

Figure 3 shows that the words resemble their closest vector with the

—_—

word Queen [4g].

Queen

King

Woman

Man

Fig. 3. Word2Vec wherein the words with similar vector representations display multiple similarity
degrees.

Deep learning possesses the ability for constructing abstract features and this helps in predicting
toxicity or biological activities. Here, the researchers have determined new chemical compound
patterns for facilitating their biochemical and biophysical interpretation. Mol2matrix showed a
similar molecular representation as the images represented by the Deep Learning technique.

The biological activity of a compound is an adverse property which affects its potential of
becoming being marketed as a drug. The toxic or biological properties of a compound are based
on their chemical structure, particularly, their substructures, which are identified as functional
groups or toxicophores. Many toxicophores have been identified and described earlier [47]-[50].

In this study, the researchers predicted the biological activities using the molecules’ distributed
representation. This approach included the encoding and storage of information regarding the
chemical compounds by establishing their interactions and similarities to the standard
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toxicophores. With this in mind, the researchers assessed the similarities of every compound with
the known 4096 toxicophore features, i.e., substructural patterns that represented the functional
groups reported earlier [51].

The Kazius dataset (Figure 4) comprises of a group of 29 toxicophores, developed from the
mutagenicity dataset after applying a novel toxicophore selection and validation criterion. It also
consists of statistical, mechanistic and chemical information. These approved toxicophores are
used for classifying and predicting the mutagenicity of various compounds in other datasets and
display a high accuracy along with good sensitivity and specificity values. The researchers
concluded that this set of toxicophores were very helpful in the biological activity prediction of
any chemical compound [52]. The Kazius database consists of 4337 compounds, which are
converted to ECFP4 by Pipeline Pilot. The first character in the name of the fingerprint, i.e., E,
represents the atom abstraction process used for assigning the initial atom code that was based on
the number of connections with an atom, the type of element, charge and the atomic mass
fingerprints, and is thereafter folded to the final size of 1024 [53].
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Fig. 4. A set of approved 29 toxicophores within the Kazius Dataset[51].

In this study, the researchers have proposed the mol2matrix for representing every molecule in
the 64 x 64 matrix. This matrix comprises of the compounds displaying Tanimoto similarities to
the 4096 toxicophore features presented in the Kazius dataset. After eliminating the 241
toxicophore features with the highest similarity, the Tanimoto-based Similarity Searching (TAN)
[44] technique applied the binary form of the Tanimoto coefficient to the binary data. A similarity
score, Sy, was used for computing the similarities between the 2 molecular ECFP4 fingerprints,
i.e., X and Y, with a length of 1024, wherein ‘A’ represented the number of bits present in the X
and Y fingerprints, ‘B’ represented the number of bits that were present only in X, while ‘C’
represented the number of bits presents only in Y.

A

Sy = ———
¥ A+B+C

Every row in the matrix is filled with the molecules based on the order of their toxicophore
features after comparing them to the Kazius dataset. This mol2matrix representation helps in
visualising and characterising every molecule in the matrix based on their interactions and
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similarities with the functional groups. Thereafter, this matrix describes the toxic properties of the
chemical compound. The mol2matrix is a good tool for describing the computational toxicology
as it constructs the abstract chemical features. Figure 5 describes the molecules having different
biological activities and classed in the MDDR dataset that were used in this study, along with
their mol2matrix representation.
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Fig. 5. Examples describing 9 molecules that were categorised in 3 biological classes of the MDDR
datasets and were used in this study along with their mol2matrix representation.

For studying the performance of the mol2matrix representation, the researchers also plotted the
scatter graphs using the 8294 molecules which were categorised into 10 different biological
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activity classes in the MDDR dataset (Figure 6). These scatter plots are used for determining the
relationship between the different molecules within the same class, which was based on their
individual representation that was reduced to a 3D structure using the Principal Component
Analysis (PCA) technique for representing their features. As seen in the figure, the mol2matrix
representation was not overlapping and could be observed easily and thereafter. Also, the
biological activities of the molecules could be segregated. This shows that the proposed
mol2matrix method can be successfully applied for the molecular representation and the
biological activity prediction of different chemical compounds.
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Fig. 6. 3D-scatter plots based on the mol2matrix representation of 8294 different molecules that were
selected from the 10 biological activity classes of the MDDR dataset.

3.3. Network Architecture

After collecting all data, the researchers investigated the various model architectures. They
considered the convolutional architecture with fully connected layers as the default architecture.
Such architecture is appropriate for the multi- and high-dimensional data, like 2D images or
genomic data, the researchers designed the MaramalNet layer configurations using the
Krizhevsky principles[23] can view the source code through[54]. The configuration followed the
generic design described earlier [23]. Fig.7 illustrates the proposed MaramalNetconfiguration.
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Figure 7 . The proposed MaramalNet configuration

Generally, the target prediction is carried out as follows:

The problem involves predicting if the given chemical compound, i, is active against the target, t.
This information is encoded in the binary form, yi, wherein yi: = 1, for an active compound, and
is yic = 0, if not. The problem also requires the compound behaviour prediction on m targets,
simultaneously. During the training stage, a standard backpropagation algorithm is used for
determining the CNN and minimising the cross-entropy of the targets and the output layer
activation.

3.4. Machine Learning Algorithms

The researchers compared their proposed technique to 3 other available ML algorithms within the
WEKA-Workbench [55], i.e., the Naive Bayesian classifier (NaiveB) [56], SVM classifier
(known as the LibSVM, LSVM) [57] and a neural network classifier (RBFN) [58]. Determining
the ideal classifier parameters is a very tiring process. However, the WEKA-Workbench helps in
determining the best probable setup for the LSVM classifier. In this study, the LSVM has been
applied to the linear kernel and the values of 0.1, 1.0, and 0.001 have been allocated to the
Gamma, Cost, and Epsilon parameters, respectively. The researchers used a supervised
discretisation technique for converting the numeric attributes to the nominal attributes in the
NaiveB classifier and a minimal standard deviation limit of 0.01 was set in the RBFN classifier.
All remaining parameters were kept default for every classifier in the WEKA-Workbench.

4. RESULTS AND DISCUSSION

The proposed code has been implemented in the Theano [59], which is a public deep learning
software, based on the Keras [60]. The weights in the neural networks were initialised according
to the Keras settings. All layers in the deep network were initialised simultaneously with the
ADADELTA [61]. The complete network was trained using the Dell Precision T1700 CPU
system with a 14GB memory and the professional-grade NVIDIA-Quadro discrete graphics. The
deep network required 2 weeks for its training and testing.
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4.1. Evaluation Measures

The researchers used a 10-fold cross-validation technique for validating all results of their
proposed MaramalNet system. In this method, they divided the dataset into 10 sections, where 7
sections were used for training, while 3 were used for testing purposes. This procedure was
repeated 10 times, hence, all compounds could be used within the test set at least once. Thus,
every activity class could be tested against the other classes. Similar to other prediction
techniques, the researchers determined the Area Under the receiver operating characteristic Curve
(AUC) and used it as the quality criterion for assessing the performances of the various
classification algorithms. AUC was estimated as follows:

AUC = (sens + spec)/ 2 1)

Wherein sens and spec represent the sensitivity and specificity values, respectively, and are
estimated as follows:

Sens = tp/ (tp + fn) (2)
Spec = tn/ (tn + fp) 3)

Wherein tp, tn, fp and fn are the no. of true positive, true negative, false positives, and false
negatives, respectively. Where tp are the number of active molecules within the active set, while
tn refers to the no. of inactive molecules that are selected in the inactive set. Meanwhile, fp and fn
refer to the no. of active molecules present in the inactive set, and the no. of inactive molecules in
the active set, respectively. In the model, a curve described the trade-off between the sensitivity
and specificity, wherein sensitivity and specificity were defined as the efficiency of the model for
identifying the positive and the negative labels, respectively. Furthermore, the Area Under the
Curve (AUC) also assesses the model performance. When the AUC value of the prediction
algorithm is nearer to 1, it is said to show a better performance.

4.2. Results

In this study, the researchers proposed MaramalNet, which was a novel ligand-based activity
prediction or target fishing method for unknown chemical compounds. MaramalNet is a
convolutional neural network, having a new molecular matrix representation, and is used for
molecular bioactivity prediction. Furthermore, it is a deep learning system which incorporates the
substructure information regarding the molecules for making predictions. Hence, the proposed
MaramalNet technique was compared to 3 other ML algorithms present in the WEKA-
Workbench, i.e., NaiveB, LSVM, and RBFN using optimal parameters.

Table 2 display the Sensitivity, Specificity and the AUC values for the MDDR dataset used in the
study. Though a visual inspection of these tables could be used for comparing the prediction
accuracy performance of the 4 algorithms, the researchers employed a quantitative technique of
one-way ANOVA. This technique quantified the level of agreement observed between the
multiple sets which ranked the same group of objects.
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Table 2. Sensitivity, Specificity and AUC rates for the Prediction Models using the MDDR dataset.

activity MeramalNet NaiveB RBFN LSVM

index Sens  Spec AUC 2 Sens Spec AUC < Sens Spec AUC ¢ Sens Spec AUC
099 ¢ 1 0.99 1 1 1 09 :09% 09% 1 1 1 099
097 > 099 098 1 1 1 0955097 09% 1 1 1 097
0.95 1 0.98 1 ¢099 1 044 1 072 098 1 0.99 0.95
096 ¢ 1 0.98 1 1 1 0.8 1 0.9 1 ¢ 1 1 096
0.98 1 099 094 ¢ 1 097 043 1 072 0.99 1 1 098
092 < 1 096 094< 1 097 053 1 076 098 1 0.99 0.92
0.92 099 095 084:099 091 078 ¢ 097 087 096 099 0.98 0.92
096 > 1 098 0823099 091 0.75°> 097 08 094 1 0.97 0.96
0.96 099 098 0.88<097 092 066< 098 082 0967 099 0.98 0.96
0.94 1 097 0.65:099 0.82 0.74: 096 0.85 0.91 1 0.95 0.94
0.93 098 095 082 :094 088 0599 096 078 0947 098 0.96 0.93

In this study, the researchers have applied the one-way ANOVA technique for evaluating the
performance of all the 4 algorithms. Hence, in this case, the MDDR activity classes that were
described earlier in Tables 1, were considered to be judges, while the parameters of Sensitivity,
Specificity and AUC, which were measured for the different prediction algorithms, were
considered to be objects. This test showed an output in the form of the p-value, median and the
variance. In Figure 8, the researchers have presented the results of the one-way ANOVA test after
comparing the sensitivity values for the MeramalNet, NaiveB, RBFN and the LSVM algorithms.
A very small p-value of 1.16x107 was observed which clearly indicated the high significance of
difference between the algorithms. Furthermore, it could be seen that the MeramalNet algorithm
displayed a good sensitivity value of 0.94. A larger variance was noted between the NaiveB and
the LSVM ML algorithms, i.e., 0.15 and 0.23, respectively, in comparison to the MeramalNet
algorithm. This highlights the diversity in the sensitivity values noted in the algorithms with a
variance of 0.049. Meanwhile, those models exhibited an average sensitivity value of 0.90 and
0.74, respectively.
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Fig. 8. Comparison of the sensitivity values for the MeramalNet, NaiveB, RBFN and LSVM algorithms
using ANOVA
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In Figure 9, the researchers have presented the results of the one-way ANOVA test after
comparing the specificity values for the MeramalNet, NaiveB, RBFN and the LSVM algorithms.
A larger variance was noted between the NaiveB and the RBFN ML algorithms, i.e., 0.01 and
0.04, respectively, in comparison to the MeramalNet algorithm. This highlights the diversity in
the specificity noted in the algorithms with a variance of 0.0062. Also, the MeramalNet algorithm
displayed a good specificity value of 1.0, while the NaiveB and RBFN algorithms showed a mean
specificity value of 0.99 and 0.98, respectively. A small p-value of 6.25x10° was seen which
indicated the significance of difference between the algorithms.
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Fig. 9. Comparison of specificity values for the MeramalNet, NaiveB, RBFN and LSVM algorithms using
ANOVA

In Figure 10, the researchers have presented the results of the one-way ANOVA test after
comparing the AUC values for the MeramalNet, NaiveB, RBFN and the LSVM algorithms. A
larger variance was noted between the LSVM, NaiveB and RBFN ML algorithms, i.e., 0.125,
0.083 and 0.033, respectively, in comparison to the MeramalNet algorithm. This highlights the
diversity in the AUC values noted in the algorithms with a variance of 0.02. The MeramalNet
algorithm displayed a good AUC value of 0.98, while the LSVM, NaiveB and RBFN algorithms
showed a mean AUC value of 0.96, 0.99 and 0.85, respectively. A very small p-value of 1.6x10
14 was seen which indicated the significance of difference between the algorithms.

1.1

104 A—

0.9 ..

0.8 7~

Area Under the Curve values

MeramalNet NaiveB RBFN LSVM
Machine Learning Algorithms

Fig. 10. Comparison of AUC values for the MeramalNet, NaiveB, RBFN and LSVM algorithms using
ANOVA
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A visual inspection of the one-way ANOVA results (Figures 16-18) indicated that the
MaramalNet activity prediction technique was more applicable, convenient and exhibited less
severe outliers compared to the NaiveB, RBFN and LSVM ML algorithms, thus, proving the
efficacy of the novel prediction approach.

Furthermore, the results presented in Tables 2 for MDDR dataset indicated that this MaramalNet
activity prediction technique showed the least variance for the Sensitivity, Specificity and the
AUC values for all the activities classes in comparison to the classic NaiveB, RBFN and LSVM
ML algorithms, indicating that the deep learning process should be considered as a novel,
promising and interesting method for predicting the activities of chemical compounds.

5. CONCLUSION

In this study, the researchers investigated the deep convolutional networks (having up to 9 weight
layers) for predicting the activities and for the ligand-based targets. They demonstrated that there
was a lower representation depth for the prediction accuracy. They also proposed a novel
mol2matrix technique, which was less overlapped and could segregate the biological activities of
the molecules. Thereafter, they applied the new MaramalNet technique on the popular datasets
and compared their performance with 3 standard ML algorithms. All experiments indicated that
the MaramalNet algorithm exhibited interesting prediction rates (where the highly diverse dataset
showed 88.01% accuracy, while a low diversity dataset showed 98% accuracy). Furthermore, the
experiments also indicated that this novel MaramalNet algorithm showed an effective
performance for the homogeneous datasetsbut showed a lower performance against the
structurally heterogeneous datasets. Hence, the researchers have presented MaramalNet as a
stable and convenient activity prediction approach for the unknown target chemical compounds.
However, this area still needs to be explored further and better accuracy prediction techniques
have to be developed for the highly diverse activity classes.
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