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Abstract

Prostate cancer is a common type of cancer found in men. Identifying drug targets and inhibitors
in drug designing is a challenging task. The Recommender systems (RSs) are regarded as a
useful tool and are further considered as optimistic method. The use of tool reflects
unprecedented growth and development and a tremendous impact on e-commerce. In the
research work, for making the prediction in context of cancer activity class (active/inactive) for
compounds extracted from ChEMBL, the RS Methods was used. There are two RS approaches
that: Collaborative filtering and Content-based Filtering. From these approaches Collaborative
Filtering is applied and successfully conducted the investigation and evaluation for making
effective prediction over classes for compounds. In the conducted research the interactions

among some of the compounds are known.

Further this way prediction of interaction profiles could be conducted. The gathered result from
classification is considered as relatively good prediction and maintains the quality. Then we
applied various regression techniques on data set which are Lasso, EN (Elastic Net), CART
(Classification and regression trees), KNN (k-nearest neighbors), SVR (Support vector
regression), RFR (Random forest regression), GBR (Gradient boosting regression) and ETR
(Extra tree regression). After analyzing the data set with regression techniques, we compare their
results and then we get best results from SVR technique and this technique can be used to find

compounds to fight against prostate cancer in lesser time with more efficiency.
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Chapter 1

Introduction

Advanced algorithms and the rapid boom in available information are highly credited for the
popularity of multitask learning. Multitask learning is advantageous in that it has provisions for
an opportunity to utilize additional information from similar tasks, and make predictions for the
same with limited information. The prediction method is effective in enhancing the prediction
performance and is also known for effectively processing small ad erratic data sets prevalent in
the drug discovery field. The mechanisms taken in multitask learning are varied and numerous in

differing fields, with particular definitions and notations [1].
1.1 Recommender System

Chemoinformatics has begun utilizing the concept of multitask learning, and most notably, its
realization in the Proteochemometric and “read across” approach. In e-commerce, Recommender
System or RS is another name for multitask learning in factors is one of the approaches that is
responsible for making apparent and reality multitask prediction. The enthusiasm recommended
by the Recommender system is successfully initiated with announcement of a Netflix Prize
competition [2]. It is further responsible for stating the accurate figures for user’s preferences
and based on these analyses’ suggestions are recommended in context of content. This is also

known as most accurate system [3].



Malignancy is a hereditary infection brought about by the gathering of cellular and molecular
transmutations of the living body, going from direct changes towards duplicate number of
varieties and primary modifications. Thus, it requires quality articulation of the physiology of the
changes and ultimately adding to the signs of malignancy, including uncontrolled cell
multiplication and metastasis. In contrast to ordinarily utilized malignancy medicines, for
example, chemotherapy or radiotherapy, directed medications can be better at murdering tumor
cells. They may also potentially have lesser poisonous to typical tissues [4]. Furthermore, it’s
evidenced that only one out of every odd number of patients reacts to medication treatment
similarly, and atomic data, for example, change or quality articulation information can inform of
patient reaction. For example, KRAS (Kirsten’s rat sarcoma viral oncogene homolog) changes
can be used as indicators of protection from treatment with Epidermal growth factor receptor
(EGFR) Inhibitors, and focusing on over expressed B-cell lymphoma 2(Bcl-2), as seen in smaller
cell molecular breakdown in the lungs, appear to give remedial advantages. These results
emphasize the need for the use of sub-atomic data to predict drug reactions and tailor malignancy
care accordingly. As the quantity of patients/tumors with sub-atomic information increases
across malignant growth types, empowered especially by enormous scope studies, for example,
The Cancer Genome Atlas (CGA) and The International Cancer Genome Consortium (ICGC),
the ID of disease driver qualities as a result has profited significantly. Nonetheless, these
information sources ordinarily require drug reaction data and are not reasonable for
distinguishing drug reaction biomarkers [5][6][7][8]. However, drug screening in context of
malignancy cell lines has been displayed, for instance, in the Cancer Cell Line Encyclopedia
(CCLE) and the community-oriented genomics of Drug Sensitivity in Cancer (GDSC) ventures.

These cell line data sets permit the use of genomics and apply numerical and measurable ways to



deal with interpreted useful connections. Moreover, they allow developing models that can
anticipate tolerant explicit medication reactions [9]. Out of the few models proposed for
predicting drug reactions that use genomic highlights, the most generally utilized feature for
designing the recommender system is a drug specific model, which is prepared for each
medication dependent on hereditary and drug reaction data from cell lines tried with each
medication independently. For e.g., a straight relapse model using pattern quality articulation or
relying on a mix of quality articulation and other genomics data, duplicate number changes and
Deoxyribonucleic Acid (DNA) methylation, nonlinear models, such as neural organizations,
arbitrary backend, support vector machines, and piece relapse relying on various kinds of
relapse. The models used for the purpose of medication explicitly are restricted to some extent
with the aid of quality. A Bayesian model performs different tasks, a multiple bit learning
approach shown to have the best display for drug reaction expectation [10]. This will help in
creating the amount of knowledge dependent upon vigorous and general models for drug
reaction [11]. The work presented in [12], elaborates the significance of sharing data across
drugs to improve the exactness of medication reaction forecast. Performing different learning
tasks assigns equal significance to all drugs accordingly forecast for specified drug, but it is
important to construct a model that organizes data from comparable medications, as is
conceivable using collective methods of separation. In the area of recommender frameworks,
communication sifting is a system that is responsible for breaking down connections between
clients (cell-lines/patients) and conditions among things (drugs) that further aids in recognizing
new client illness affiliations (quite explicit medication reaction). The two key groups of
synergistic separation strategies are (i) neighborhood techniques that forecast customer

association based on predefined customers and similarities, and (ii) idle factor models that use



matrix factorization to distinguish an idle space that captures customer affiliations with
symptoms [13] [14]. Specially, matrix factorization strategies, proves to be more effective.
Similarly, synergistic separating methods have been utilized for foreseeing quite explicit
medication reactions in few studies. In light of a local methodology, Sheng et al [15]
characterized drug-explicit cell line closeness and medication basic comparability, and afterward
anticipated imperceptibly drug reactions by figuring a weighted normal of watched drug
reactions as per both medication and cell line likeness. This model is completely founded on the
presumption that the predefined likenesses can clarify drug reactions, but it didn't consider
observed drug reaction data to characterize drug comparability [16]. Alternatively, utilizing the
inactive factor approach, Khan et al. [17] built segment kernel zed Bayesian network
factorization models to anticipate furtive drug reactions dependent on various cell line portions
and monitored drug reaction information. Khan et al demonstrated that Component-wise
kernelized Bayesian matrix factorization (cwKBMF) can recognize drug pathway affiliations and
beat Bayesian multi-task multiple kernel learning (BMTMKL) in drug reaction predictions.
Nonetheless, a typical constraint of the two models is a requirement for standardization of
medication reaction information, with this preprocessing step prompting lost data on relative

positioning of medications inside every cell line [18] [19].

1.2 Classification using RS methods

The information required for performing the classification by use of RS methods can be further
classified into three main categories such as collaborative filtering (CF), content-based filtering
(CBF), and hybrid approaches among others. In order to make a choice between the approaches

to be used, there are two main things under consideration. They are prediction accuracy and
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available computational resources. Collaborative Filtering (CF) is the approach that is most
commonly used RS methods due to its simplicity. The method gained the popularity during the
Netflix competition [20]. Users with similar profiles have preferences which are identical and
vice versa. CF model forwards recommendations of new content based on evaluation. In drug
discovery, similarly, CF methods predict interaction values and select compound-target. This is
highly dependent upon similarity that one could locate in profiles of compound or target

interaction.

Out of all RS methods CF has the easiest implementation but with an array of limitations. The
main limitation is the cold-start problem (CS) the found interaction values are difficult to be
predicted mainly for pairs that consist of new compounds or targets. This is due to inefficiency in
finding the similarity during interaction profiles. The second one is the sparsity problem:
calculation of similarity becomes more complicated as a result of fewer known interaction values
[22] [23] [24] [25]. Further, the third limitation is the Scalability in which quadratic
computational and memory complexities of CF algorithms exists. Compounds and targets are
characterized by side-channel information. The Content - based Filtering (CBF) RS methods, is
an advanced approach and uses interaction values for making prediction which is add on feature.
Recommendations with CBF are based on content which have similarity to those chosen by a
user previously [26]. In drug discovery, similarity may be employed based on features, or
descriptors of compounds and targets. The disadvantages of CF methods are overcome with
feature information, which involves prediction for new compounds and targets and very sparse
data matrices. Moreover, using CF algorithms has one of a valuable advantage that interprets the
things by analyzing different and important features [27]. The target characterization is counted

as the main disadvantages in the method of CBF. Among the ever-growing number of multitask
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prediction applications in drug discovery, only some of them are categorized under RS
approaches. The study of licensed drugs and their potential side effects, drug re-purposing, drug-
drug interactions, toxic genomic prediction, or guidelines for treatment were typically included
in these studies. On comparison to various methods, an RS algorithm in drug discovery is
considered as most successful option. Additionally, a publication describes new methods of
matrix completion stating validation on drug databases [28] [29]. RS methods began being
applied since 2008 in clinical medicine to improve recommendation schemes in treatment. RS
methods, for example, have been used to automatically diagnose omissions in prescription lists
in addition to improve care in the light of the issue of information overload, by recommending
knowledge-based things of interest to clinicians for particular diseases. RS approach can be

compellingly applied in the field of new antiviral searches [30].

1.3 Motivation

Antiviral activity is typically measured in far more complicated structures that comprises of
viruses, cells, and compounds. The focus is mainly laid over individual targets that are very
different from typical approaches, where targets are defined by individual proteins. One can
successfully locate the issue during the current corona pandemic; the search against less studied
viruses for broad-spectrum antiviral or therefore it decreases the use of common molecules or
privileged groups, such as nucleosides. In existing review papers, analysis of various compilation
of a large annotated data set of small-molecule antiviral activity, Viral ChREMBL v. 0.1 has been
done [32]. After filtering, data on the activity and inactivity of about 250K compounds were
represented as a sparse matrix of compound-virus interactions against 158 viral organisms

containing only 400K data points of 40M possible. Typically, the sparsity of interaction matrix

12



M in the RS setting reaches 90—99%.This is generally calculated using predictive models. In the
present study, a recommender system has not been applied for antiviral activity. This study tries

to find the best RS method using matrix factorization methods.

1.4 Objectives

The objectives of this research work include: -

(1) To calculate RS approach as an effective approach for conducting the drug activity prediction
for prostate cancer.

(2) To find the more accurate prediction approach for prediction of cancer drug.

(3) To have access to prediction results for new compounds or new viral species.

To tackle these challenges, different scenarios with the aim of prediction are developed using

compounds and viruses, which were used for following

e Model building

e Prediction of interaction profiles for new compounds or viruses.

1.5 Proposed Methodology

The proposed methodology for recommender system for antiviral activity is shown in Figl. This
research work presents an attempt to apply RS approaches in context of antiviral drug discovery.
CF algorithm is used for the completion of the antiviral activity matrix, implemented in Surprise
package and sparse-group inductive matrix completion (SGIMC) implementation of CBF.

Largely, the accessibility of restricted preparing information, with few cell lines tried with each

13



medication, speaks to a significant test for learning models that give important expectations in
new datasets. Moreover, it helps in gaining natural experiences that is later investigated. To
deliver these barriers and to grow more strong models dependent on data sharing over different
medications, recommender system has been built up in the literature: the CaDRReS (for Cancer
Drug Response forecast utilizing a Recommender System) structure. CaDRReS maps
medications and cell lines into an inactive "pharmacogenomic" space to anticipate drug reactions
for explicit inconspicuous cell lines and patients [33]. The standardizing examination uses
openly accessible datasets (CCLE, GDSC) propositions that are permitted from the CaDRReS to
have remarkably preferred prescient execution and superiority over other existing strategies.
Correlations on inconspicuous patient-determined cell-line datasets similarly feature CaDRReS's

capacity to sum up across datasets, significantly necessary for oncological applications [34].

The various steps of predicting cancer drug response using recommender as shown below in

Figure 1 are: -

1) Data cleaning and preprocessing

i1) Data classification into active, inactive and intermediate state.

i11) Applying Lipinski rule on active data.

iv) Applying IC50 rule.

v) Collaborative filtering.

vi) Regression techniques

14
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Figure 1.1 Research Methodology of predicting cancer drug response using Recommender
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Chapter 2

Literature Review

2.1 Review of Existing Techniques

Begg et al. [35] discussed that Cancer is a genetic disorder caused by mutation accumulation,
ranging from point mutations to changes in the number of copies and structural modifications.
These in turn, influence the expression of genes and eventually lead to cancer hallmarks,
including unregulated proliferation of cells and metastasis. Targeted medications are useful and
effective in killing tumors cells and/or have less toxicity to normal tissues in comparison to most
typical theories such as chemotherapy or radiotherapy. However, the reaction of every patient is
not similar to drug therapy and molecular information. This will tell us about how the patient
body system responds to a drug. For example, the epidermal growth factor receptor (EGFR) in
inhibitor therapy, KRAS mutations can be used for this therapy as predictor of resistance. Also, it
is observed in small cell lung cancer, targeting over expressed Bcl-2 has been seen to provide
therapeutic benefits. Therefore, the result collected from these observations are than used to
demonstrate the need of the use of molecular data to predict drug response and then provide

cancer therapy specific to patient molecular structure.

Weinstein et al. [36] discussed that according to large scale studies, such as cancer genome atlas

(TCGA) and international cancer genome consortium (ICGC), the number of molecular data,

16



patient/ tumor is increasing across all cancer types the identification of genes that drive cancer
has greatly benefited. However, this data is not appropriate for identification of bio markers of

drug responds.

Iorio et al. [37] proposed that on the other hand, drugs screening owned multiple panels of cancer
cell lines was carried out under the cancer cell lines encyclopedia (CCLE) and the collaborative
genomics of drugs sensitivity in cancer (GDSC). In order to decode functional relationships and
create models that can predict patient-specific drug responses, these cell-line datasets are mainly
depending upon genomic features. Apply mathematical and statistical approaches are used to

draw the useful results.

Menden et al. [38] discussed that several types of models are recommended to use genomic
features to predict drug responses. Based on genetic and drug response information from cell
lines, a model of drug specific was trained independently for each drug. By using a baseline gene
expression, some of the technique would work by including of model of linear regression.
Moreover, to support the kernel regression and vector machines, some neural network, random
forest and other combination of gene expression changes. However, it identified the variation in

the neural network that highlights the information about drug property).

Costello et al. [39] proposed that in order to test the given drug, there are some determinants
such as number of cell line that usually talk about the drug specific model. To obtain the best
result in the DREAM challenge for drug respond prediction, a model that is known as
(BMTMKL) Bayesian multitask multiple kernel learning was developed to generate accurate

number of data points and correct result for drug response model. This conducted work
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demonstrated the significance of exchanging drug data that improves the accuracy of the

prediction.

Koren et al. [40] discussed that Multitask learning assigns equal importance to all drugs, but
building a model that prioritizes information from similar drugs is probably more meaningful.
The collaborative filtering techniques are used for the purpose. The definition of Collaborative
filtering is to identify the connection between the users and items such as drugs in order to fulfill
the recommendation system of new patients. (i) The neighborhood methods helped to judge the
association between the two items and the two main classes of collaborative filtering method. (ii)
The matrix factorization is used by latent factor model that captures the association of user item.
In particular, matrix factorization methods successfully result in the Netflix Award, a
competition for collaborative filtering methods to predict movie consumer ratings depend upon

rating.

Sheng et al. [41] identified unnoticed drug reaction by calculating weighted average of perceived
drug reaction based on the similarity of two that is drug and cell line. This approach is based on

the predefined similarities which provide drug related response.

Ammad-ud-din et al. [42] developed component-wise kernelized Bayesian matrix factorization
(cwKBMF) models to forecast the response of drug by using the various latent factor based on
drug related data found with kernels of cell lines. Ammad-ud-din et al. showed the prediction of
drug response; cwKBMF could provide information of association of drug pathway and drug-
pathway associations and ingenerate BMTMKL. However, the need for normalization of drug
response data is a common weakness of both models. The preprocessing stage results in the loss

of information. A matrix factorization model based on cell line and drug similarities (SRMF)
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was recently proposed by Wang et al., which may outperform cwKBMF. The model does not,
however has a projection matrix, and is therefore not tailored to predict the drug reaction of
unseen samples. Overall, with a small number of cell lines tested for each drug, the availability
of minimal training seen a restrictive state. In addition, there has been no thorough exploration of

the interpret ability of models and their use to gain biological insights in the field.

In response to some limitations, CaDRReS a new framework is developed that is regarded as
robust model by using knowledge sharing. In order to estimate drug respond for specific and
invisible lines of cells and patients, CaDRReS maps medicines and cell lines into concealed
pharmacogenomic. Our publicly accessible datasets (CCLE and GDSC) bench marking research
shows that this enables CaDRReS to provide substantially improved predictive efficiency and
robustness than other current methods. Cell lines datasets derived by patients which cells are
invisible often illustrate the robustness and generalization potential of CaDRReS into datasets,
key prerequisite for oncology application accuracy. In addition, by logical interpretation fully
adopted the unique pharmacogenomic model based upon CaDRReS is well adapted to biotic
interpretation, that help in understanding different responses of drugs, (ii) differentiate cellular
subtypes from drug response profiles, and (iii) characterize associations of drug pathways. A
web server was developed by Singla et al to predict inhibitors against the bacterial target protein
GImU (N-Acetylglucosamine-Uridyltransferase). To build models for predicting inhibitory
activity (IC50) of chemical compounds against GImU protein, Quantitative structure-activity
relationship (QSAR) and docking techniques have been used. These models were educated on 84
different compounds taken from the PubChem Bioassay (GImU inhibitors). These inhibitors
were docked at the active site of the GImU protein (2016) C-terminal domain using Auto Dock.

They developed a QSAR model using docking energies as descriptors and achieved a complete
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correlation between the actual and projected pIC50. Later on, QSAR models were established
using molecular descriptors and the full correlation was reached. Finally, the Department of
Bioinformatics, KSWU 5 Development of Predictive Systems developed hybrid models using
different types of descriptors to screen unknown bio active for anti-cancer against prostate cancer

and achieved a high correlation between expected and actual pIC50.

Singla et al. [43] found that there was a high association between certain molecular descriptors
used in the analysis and pIC50. Using the models built in the research, about 40 possible GImU
inhibitors were expected. The author’s claim that drugs against Mycobacterium tuberculosis
could be produced using these inhibitors. The research shows that better results will be obtained
by docking energy-based descriptors along with widely used molecular descriptors for predicting
inhibitory activity (IC50) of molecules against bacterial target GImU. An open-source
framework for the prediction of GImU inhibitors available at http:/crdd.osdd.net/raghava/gdoqq

was built based on the analysis.

Jamal et al. [44] developed the model with the help of machine learning techniques to predict the
new antimalarial compound activities. Using high-throughput screens of anti-malarial agents
which inhibited the development of the apicoplast in the Plasmodium malaria parasite, the

classification models were developed.

Mishra et al. [45] found that as measured from ROC curve analysis, the Random Forest-based
method provided better accuracy. The study indicates that powerful and precise predictive
computational models could be designed to screen large data sets in silico and could be used to
prioritize high-throughput screen molecules. A MetaPred web server has been created which

predicts the metabolization of a drug molecule's isoform. The study shows that the SVM based
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QSAR model can predict with high accuracy the substrate specificity of major Cytochrome P450
isoform. The metabolization of drug molecule can be predicted by the help of these molecules.
These models also help to understand the molecules show the metabolized or not. Specificity of
isoform can be predicted with the help of accurate result models. You can access the server at

http:/:/crddosdd.net/raghava/metapred.

Garg et al. [46] developed A KiDoQ web server available at http:/crdd.osdd.net/raghava/kidoq
has been developed by Garg enabling the prediction of the inhibitory value of a new ligand
molecule against Dihydrodipicolinate synthase (DHDPS). By using docking created energy-
based scores as descriptors for QSAR modeling, the study has incorporated both QSAR and
docking approaches. QSAR models have been conditioned and tested on Dihydrodipicolinate
syntheses inhibitors that have been experimentally confirmed. The inhibitors were docked using

Auto Dock software at the DHDPS active site.

The QSAR models based upon Multiple Linear Regression and Support Vector Machine. The
study suggests that for the Department of Bioinformatics, KSWU 6 Development of Predictive
Systems to screen unknown bio active for anti-cancer against prostate cancer DHDPS using
QSAR modeling, ligand-receptor binding interactions is most attractive approach that predicts
antibacterial agents. Periwal et al developed binary classification models using four widely used
state-of-the-art classifiers from high-performance full-cell screens of anti-tubercular agents, i.e.,

Naive Bayes, Random Woodland, J48 and SMO, respectively.

Periwal et al. [47] concluded that predictive models can recognize new active scaffolds that can
accelerate the process of Mycobacterium tuberculosis drug discovery when applied to virtual

screening of large compound libraries. For plant viral RNA silencing suppressor proteins in plant
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viruses, Zeenia Jagga and Dinesh Gupta developed classification models. There are four J48,
Random Forest, LibSVM and Naive Bayes in the analysis. The Random forest-based model was
best among the four classifiers and demonstrated maximum accuracy among other classifiers.
The study further concludes that these models will help to discover novel suppressors of viral
Ribonucleic acid (RNA) silencing that will contribute to the design of novel antiviral

therapeutics. The authors believe this research will assist in the analysis.

Varnek et al. [48] discussed that Chemoinformatics is an enormous area that uses computer
science and chemistry to solve chemistry problems such as molecular graph mining, searching
for compound databases, retrieval and extraction of chemical knowledge. Chemo informatics
also involves chemical space exploration, scaffold analysis, library architecture,
pharmacophores, and computer-aided drug synthesis in drug discovery. Chemo informatics is
now recognized as an area that lies at the crossroads of other areas such as computer science and
chemistry. Many of the chemo informatics activities in the past were dependent on proprietary or

commercial software and proprietary data.

Ramesh [49] Chemo informatics techniques are used commonly in academic field due to the
availability of open-source software such as PubChem and ChEMBL. Machine learning is an
exciting method for the mining of knowledge from broad compound databases for design drugs

with important biological properties, as a large amount of data is accessible in many databases.

Ali et al. [50] discussed that Machine learning helps to understand the links between chemical
structures and also their biological activities in drug discovery. The compound structure needs to
be translated into chemical knowledge for machine learning, which can be achieved through

multiple computational processing using descriptor generation, chemical graph retrieval, etc. It is
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essential to evaluate the fundamentals of chemical graph theory to understand how the structure
of a chemical compound influences its biological activity. A chemical graph is also referred to as
a 'structural graph' or 'molecular graph' and is essentially a construct of mathematical expression
consisting of an ordered pair G = (V, E), where V denotes atom vertices connected by a set of
edges or bonds E. The chemical structure is fully specified in a graph representation; it includes

the necessary data to model and provide insights into a wide range of biological phenomena.

Garcia-Domenech et al. [51] projected several chemical graph variations, like weighted chemical
graphs and chemical pseudo graphs. Self-loops and multiple edges are used by chemical
pseudographs (reduced graphs) to imprison detailed bond valence information while weighted
chemical graphs assign edges and vertices values to indicate atomic properties and bond lengths.
Chemical descriptors are a set of numerical values obtained for diversity analysis of compounds,

molecular data mining, and activity prediction of compounds from chemical structures.

Hansch et al. [52] classified chemical descriptors as one-dimensional (OD or 1D), 2D, 3D, or 4D.
The CaDRReS' predictive performance and robustness is compared with other existing methods,
that follows the model depending upon elastic net regression, cwKBMF, SRMF and a control

method based on random drug sensor permutations (Control).

2.2 Comparative analysis of existing techniques

The analysis of existing techniques has been demonstrated in the below Table 2.1:
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Table 2.1. Comparison of various Existing Techniques

Author’s Methodology Technique Finding Limitation
Name
Begg et Targeted inhibitor Less toxic to normal The reaction of every
al. [35] medications therapy, KRAs tissues, small cell patient is not similar to
are useful mutations can lung cancer. drug therapy and
and effective be used for the molecular information,
in killing therapy as provide cancer therapy
tumor cells. predictor of specific to patient
resistance molecular structure.
Iorio et drugs Collaborative In order to decode Datasets are mainly
al. [37] screening genomics of functional relationships depending upon
owned drugs sensitivity | specific drug responses, genomic features.
multiple in cancer cell-line is used.
panels of (GDSC) and
cancer cell mathematical
lines was and statistical
carried out approaches are
under the used to draw the
cancer cell useful results.
lines
encyclopedia
(CCLE)
Menden Based on linear variation in the neural | A model of drug specific
et al. [38] genetic and regression, network highlight the was trained
drug vector information about independently for each
response machines, drug property drug.
information. neural network,

random forest
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Koren et Multitask collaborative identify the Does not build a model
al.[40] learning filtering connection between that prioritizes
assigns equal the users and items information from similar
importance to such as drugs in order drugs.
all drugs. to fulfill the
recommendation
system of new
patients
Sheng et This collective Identify unnoticed Does not work on
al. [41] approach is filtering drug reaction by dissimilarities.
based on the calculating weighted
predefined average of perceived
similarities drug reaction based
which on the similarity of
provide drug two that is drug and
related cell line.
response.
Ammad- forecast the component-wise provide information Problem of
ud-din et response of kernelized of association of drug normalization.
al. [42] drug by using | Bayesian matrix pathway and drug-

the various

latent factor

factorization

pathway associations
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Chapter 3

Data and Preprocessing

3.1 Data Preparation

The data contained in the database of CHEMBL is obtained from over 42,500 publications. In
the database in total, over 1 million distinct compound structures are presented, with 5.4 million
activity values. The data are comprised of 8200 targets that include 5200 proteins (of which 2388
are human). Targets are the different selections in the database with respect to organisms,

cancers, protein types, species, etc.

The CHEMBL database is available on https://www.ebi.ac.uk/chembldb. The interface is simple
and easy to use and offers all the information with much ease. The user can fetch useful

information from the interface such as compound, targets in the desired manner.

The above fetching operation could be understood through the following example: in order to
locate the protein of the prostate cancer from the database different pathways can be used on the
database. A keyword search of the database can be performed using a protein name, synonym,
UniProt accession or ChEMBL target identifier of interest. Another way to fetch the protein is by
browsing according to protein family (e.g., to retrieve all chemokine receptors), or organism
(e.g., to retrieve all Plasmodium falciparum targets). As another method, BLAST search could be

used since the database includes protein targets for which bio activity data are available. Users
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perform search on ChEMBL target dictionary with a protein sequence of interest. This is one of
the convenient ways to locate closely related proteins with activity data, even if the sequence of

interest is not represented in the database.

Users can search for compounds using a keyword search with names/synonyms or ChEMBL
identifiers that are developed for this purpose. The properties of compounds can be obtained
such as potency, selectivity, ADMET (absorption, distribution, metabolism, and excretion -
toxicity) information or closely related compounds. The use of ChREMBL identifier is seen as an
effective strategy for searching the required compound. The interface provides a choice of
several different drawing tools, allowing users to sketch a suggested structure or substructure of
interest. The concerned data for the desired target is achieved through drug-screening data by
conducting large-scale studies; from ChEMBL web resource and during this study all the content

was kept protected with baseline gene expression data.

The target search is the “Prostate cancer” in the ChEMBL data source. As an output it will
display the data of prostate cancer. For the further filtering, the target protein taken is a simple
protein or complex protein and the target organism taken is Homo sapiens. As a result, it
provides the compounds of all human prostate cancer. An approach known as the Bayesian
sigmoid curve fitting approach is implemented to gather the data by calculating raw intensity.
Various types of data are obtained and then each compound is tested with each drug at 8
different concentrations Bayesian sigmoid curve fitting is used to draw a curve of drug response
for each pair. This was done with the clear motive of re-computing at IC50 (half maximal
inhibitory concentration) by considering variation in drug dosages. IC50 is the informative

measure of a drug efficacy. It is used to indicate that what amount of drug is needed to inhibit
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biological process by half and provide measure of potency of a drug. IC50 can be calculated by
plotting x-y graph and fit data in the straight line and thus its value can be calculated with the
help of fitted line. Drug dosage of IC50 is a minimal concentration that ensures 50% cell death
and the drug dosage obtained in this way is easily comparable across data set. A low IC50 is
used that is in minimal amount to obtain 50% inhibition of the target protein. If the Drugs with
median IC50 <1 puM then such drug is considered as cytotoxic drugs that is responsible for
creating high toxicity across cell-lines and as a result conducting drug response prediction
problem becomes easy. Our final data set contained 3373 types of the target protein and these
final data sets are used in the models for the purpose of training and validation. Compounds
having values of less than 1000 nM are considered to be active while those greater than 10,000
nM are considered to be inactive. As for those values in between 1,000 and 10,000 nM will be

referred to as intermediate.

3.2 Data Preprocessing

The source of information is gathered from ChEMBL and is responsible for compound—virus
interactions. The data sets create a model for training and cross-validation. The ChEMBL data
set as per ICTV (International Committee on Taxonomy of Viruses) taxonomy comprises large
activity data points that are extracted from the ChEMBL web source, annotated and standardized
by virus species. As data processing output, large data set for cross-validation and training

comprised approximately 40,000 interaction values and more than 3000 compounds.
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3.2.1. Compound Features

PSA (Prostate-specific antigen) image is used for designing. Two-dimensional descriptors,
chemical structures and various features are displayed. Descriptors were selected and calculated
using default options, excluding the following set: (1) round descriptor values, (2) precluding
descriptors with all missing values (3) precluding descriptors with constant and near-constant
values, and (4) precluding descriptors with a standard deviation (SD) of 0.0001. In accordance
with the SGIMC (Sparse Group Inductive Matrix Completion) requirements, the features with
“NaN” (Not a Number) values were omitted. The features were reduced to investigate their
effect on the production for further cross-validation tests. Lipinski’s rule is used to define that
whether a compound has pharmacological or biological properties that would make it a drug.
This rule was given by Christopher A. Lipinski in 1997. The Lipinski's Rule states that to be an

orally effective drug, it has to meet the following criteria:

Hydrogen bond acceptors < 10 (all nitrogen or oxygen atoms)

Hydrogen bond donors < 5(the total number of nitrogen—hydrogen and oxygen—hydrogen bonds)

Octanol-water partition coefficient (LogP) <5

The Molecular weight < 500 Dalton

To ensure the soundness of selection, three random replicates used for given data set are stated

below.

e Prediction of interaction profiles for compounds

e Prediction of new interactions for compounds
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e Prediction of interactions for viral species

Prediction of various compounds which are targeting various molecules associated with prostate
cancer. As a graph standard Value all data is one side with wide range but after applying Lipinski
rule all data distributed from 0-10 in x-axis. So now, it is clearly visible that active compounds
are between 400-500. The range was 3000 before applying Lipinski but after applying that it’s in
between 400-500. Since they possess only the interaction matrix, Collaborative filtering (CF)
algorithms cannot execute because of its limitation. The main limitation is cold-start problem
(CS): interaction values cannot be reliably predicted for pairs consisting of new compound or
targets due to an inability to calculate similarity of their empty pairs. CF algorithms were used to
handle the prediction. Hyper parameters for the best models were selected by k fold cross-
validation and grid search in the model selection module. External validation was carried out on

the Extra data set and Models.

For solving all the challenges, the sparse-group inductive matrix completion (SGIMC) content-
based filtering (CBF) algorithm was implemented. With side feature, matrices models were
trained on the interaction matrix. Using the interaction matrix, external validation was carried
out. Model selection was performed on the basis of grid search of hyper parameters and cross-
validation. Stratified fold is variation of K Fold that gives stratified folds using cross-validation
object they are made by sample percentage of each class.10 cross validation is used to evaluate

models by generating training data using partitioning of original data for training of model.

Using hyper parameters and data sets of the finest model, models for resolving species-wise CS
problems were formed without cross-validation for the prediction of the latest interactions

between viral species and between known compounds. Model evaluation and model building

30



were conducted where each species and their activity profiles are not included. These are

implemented as external test sets.

3.3 Number of Features and its influence

The selected algorithm has the predictive ability that is based upon additional test that is
responsible for calculating the effect of features. The model is created that represents different
number of features using feature matrices. The prediction evaluation on reduced matrices was
focused on a k-fold stratified cross-validation of hyper parameters from the best interaction

prediction model.

On right side various compounds are shown and their values are shown in graph of Compounds
targeting molecules associated to prostate cancer. In the table given below graph is shown which
is representing the solubility vs. molecular weight. In the above graph, the different color dots
are the different target molecule. The graph has different molecule in one compound of prostate

cancer which is listed on side.
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Solubility vs Molecular Weight of compounds
targetting molecules associated to Prostate Cancer
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Figure 3.2. Solubility vs. Molecular Weight
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Chapter 4

Collaborative Filtering Methods

4.1 Overview of methodology

Figure 4.1 shows the flow of methodology which describes how various methods are applied to
get desired output of the recommendation system. The rectangles are showing processes and

arrows are showing flow of the data from one step to another step.

Pre-processing

Filtering using Inductive
Matrix Completion

(IMC)
Content-based Collaborative
Filtering Filtering

Regression

l

Evaluation and

Analysis

Figure 4.1. Flow diagram of methodology
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Before applying the methods first data was pre-processed so that unwanted data and noisy data
can be removed. For this the data is collected from CHEMBL and then separated active data
from non-active data. Next, data filtering is applied using Inductive Matrix Completion (IMC)
and then we consider two different types of recommendation systems namely, Collaborative
Filtering (CF) and Content-based Filtering (CBF). From both these systems we choose CF over
CBF. In CF various techniques are there and we used regression techniques for our prediction.
Multiple regression techniques were applied and compared and finally, Singular Value

Decomposition (SVD) was the best choice as it gave the least error rate in the results.

4.2 Filtering Methods

A number of filtering methods were applied and they are discussed here.
4.2.1 Inductive Matrix Completion (IMC)

In this we define a cancer associated matrix P €RN9*Nd where each row consists of total number
of genes Ny and each column consists of total number of diseases N for training, such that P;; = 1
if gene i is linked to disease 4 and 0 for the unobserved relationship. Given a sample Q for matrix
M € R™", the main motive is to identify entries which are missing under the structure of the
matrix. A common assumption is made that matrix should be of low-rank. By applying low rank
standard model for association matrix P~ WH', we solve the minimization problem in the

equation given below:
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In this A is a regularization parameter, W; and H; are latent factors of 1 and j respectively, it
should be noted that W €RN9*¥ and H € RNa*¥ factors have value closer to the observed value

and the rank of WH' is small. The associated matrix P is typically much dispersed.

Matrix completion is used to get the loss information by using machine learning techniques. It
deals with complex matrices. Using this method, missing data can be found with the help of low
rank matrix. The matrix completion problem is resolved by the matrix factorization method by
finding latent features that establish the internal relationship in the data (between chemical

compounds and cancer).
4.3 Recommender System Approaches

There are two types of approaches that are used in recommendation system as mentioned below.

i.  Content-based Filtering (CBF)

ii.  Collaborative Filtering (CF)

4.3.1 Content-based Filtering

This approach is based on a description of symptoms and user preference profile. This approach
can be used when symptoms data is known but not of patient. In this, keywords are used to
describe items and user profiles which can be further used to show the liking of patient. Content-
based Filtering follows the idea by recommending the item to user K that is like previous value

and is highly rated. Content-based Filtering follows TF-IDF (Term frequency — inverse
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document frequency) that has potential to state the importance of document/word/movie etc.

There exists transparency in the concept, but the concept becomes ineffective for large data.

Limitations of CBF include:

1. Content analyzed in this method is very limited, hence, not enough to discriminate
various drugs for prostate cancer.

2. More advanced techniques like Collaborative Filtering method are better suited in
searching a particular drug for prostate cancer.

3. CBF does not have any built-in packages to support development hence handwritten code

will be written.

4.3.2 Collaborative Filtering

CF assumes that a person having some kind of symptoms in the past are likely to have particular
symptoms in the future also and for them similar kind of treatment will be given.
Recommendations are generated by analyzing user information related to symptoms. In this
patient or symptoms are grouped together that matches with current user so that recommendation

can be given to them based on past experience.

CF has various methods, but the most applied methods are matrix factorization and regression. In
our thesis we used regression because it uses data to provide future patterns and the type of
statistical calculation it provides makes it easy to analyze which one is best. General view of

matrix factorization is given below but however this method is not used in this process.
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Matrix Factorization

mxn

Matrix Factorization is an embedded model in which feedback matrix ACR™" where m denotes

number of users and n denotes number of items. The method learns:
A user matrix U € R™! in which row m is devoted to user i
An item matrix V € R™in which row n is devoted to user j

These things are learned such that product of UV" gives good approximation of feedback matrix

A. UV'is just dot product of (U;,V;j) for user 1 and item j, that was expected to be close to Ajj

Reasons to use CF

1. This method does not depend upon machine analysable content hence complex data can
also be identified like appropriate drug for prostate cancer

2. Domain knowledge is not needed in this case because automatic embedding is there.

3. In this only feedback matrix is needed to train the system. There is no need to provide

each minute details as these can be learnt automatically.

4.4 Regression

It is a statistical method which helps in analyzing the relationship between two or more interest
variables. Regression helps to understand the important factors, the factors that can be ignored
and what is the impact of one on another. In this we have one dependent variable and one or
more independent variables. The independent variable regresses the value of dependent variable

which means how dependent variable is impacted by change in independent variable.
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As discussed earlier, regression is used to evaluate the relationship between two or more
variables, and it helps to understand what data points represent and which one is the most
appropriate approach to find less error rate to find the most appropriate drug for the prostate

cancer.

There are various regression techniques and some of them are described below.

Lasso Regression

In this penalty is added for non-zero coefficients to the sum of absolute values. Thus, many

coefficients are exactly zeroed for high values. Lasso function is given by:

n m
Ligsso = ) 0 = xyB)? +2 ) 1|
i=1 =

Where, y is observations of response variable, X is a linear combination of predictor variables, 3

is the estimation of sum of square of residuals.

A tuning parameter, A controls the strength of the L1 penalty. A is basically the amount of

shrinkage:

When A = 0, no parameters are eliminated. The estimate is equal to the one found with linear

regression.

As A increases, more and more coefficients are set to zero and eliminated (theoretically, when A

= oo, all coefficients are eliminated).
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Elastic Net

Due to critique on lasso, elastic net emerged. Lasso is unstable because its value is also
dependent on data. Penalties of both lasso and ridge are combined to form this solution to get

best results. Elastic Net aims at minimizing the following loss function:

A ?: i lI M2 1- = A = A
Lonee(8) = 2B G 22N g2 0N )
=1 =1

Where a denotes mixing parameter of ridge and lasso.

Decision tree reqgression

Decision Trees are a non-parametric supervised learning method used for both classification and
regression tasks. It keenly observes features of the object and tree structure is made to train the
model so that it can give meaningful outcomes in future. Its training process takes long time but

after that it makes prediction very fast.

_ 1
Vi = EZ)’;‘
j

In this m is the total number of predictions generated and y; is the vector of predicted value and

y;denotes the predicted values

K-nearest Neighbors Regression

It stores all available cases and then with similarity measure it predicts numerical target. KNN
regression uses same function as KNN classification. The KNN regression is used for estimating

continuous variable.
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In this x; and y; are the two real vector points or training points.

Support Vector Regression (SVR)

Like classification it is known for the use of kernels, sparse solution and control of the margin
and support vectors. It is a supervised machine learning model that predicts real values rather

than class. This model can help in prediction where data is non-linear.

N
y= > (ai—a).(x,x)+b
i=1

In this a; — a; denotes the difference between the weights of line draw from input values and

(x;, x)denotes two input points and b denotes bias.

Random forest Regression

This technique is capable of performing both regression and classification by using multiple
decision trees and this technique is called Bootstrap and aggregation. In these multiple trees are
combined for determining output rather than depending on one tree. Row sampling and feature
sampling in performed randomly from the data sets to form data sets of every model.

1 N
MSE = ;Z_zl(fi —yi)?

L

In this N denotes the total data points number, fi denotes returned value of model, yi actual value

of data point.
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Gradient boosting regression

It is a machine learning technique for regression and classification in which it produces
prediction model in the form of group of weak prediction model like decision tree. It depends on
the intuition that best model can be obtained by combining the next model with previous model

and it also lowers error rate.

Fm+1(x) = Fm(x) + hm(x) =Y

Here m denotes the stages of the algorithm, F,,(x) denotes the imperfect model generated on

each stage and h,,,(x) denotes new estimator to improve the result of the generated model.

Extra tree regression

This technique uses Meta’s estimator that can fit in randomized decision trees for various sub
samples of the dataset. It also uses average error rate which should be low and fitting can be
controlled. It creates large number of decision trees with the help of training data sets. Prediction

is made by calculating average of predictions made by various decision trees.

. Syl
Gain (S, A) = Entropy(S) - ZveValues(A) <

Entropy(S,)

Here Entropy(S) denotes entropy of the provided data, Entropy(S,) denotes entropy of data

after transformation.

Singular Value Decomposition (SVD)

It is a method of decomposition of one matrix A € C™" into three matrices as shown below.

A=UzV!T
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U denotes m x m unitary matrix, £ denotes m x n diagonal matrix, V denotes n x n unitary

matrix, V' denotes transpose of V

SVD calculation finds eigen values and eigenvectors of AA" and A"A. Columns of V are made
by A'A and columns of U are made by AA". In ¥ singular values are square root of Eigen
values. Singular values are diagonal entries and can be put in descending order. If matrix A is

real then U and V are also real.

4.5 Regularization

This technique is used to decrease the error rate by applying a function on training set and to
avoid over fitting. In this an additional penalty term is added to an existing function to decrease
its error rate. Fluctuation in the result produced by functions is also controlled by it. In simple
words we can say that this technique avoids more complex model to be implemented so that over

fitting can be avoided.

L1 reqularization

In this objective function is minimized which can is computed by adding penalty term to the sum
of absolute values of coefficients. It uses minimum absolute values of coefficients. L1
regularization includes Lasso, Elastic Net, Classification and regression trees, K- nearest

neighbor.
Cost function for this is:

Min (|[Y =X (©) |I> + A|©]))
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A denotes hypermeter and its value equals to ain lasso regularization. It is used to select features

from a large number of features.

L2 reqularization

In this objective function is minimized by adding penalty term to the sum of coefficient squares.
L2 regularization includes Support vector regression, Random forest regression and Extra tree

regression.
Cost function for this
Min(|[Y - X(©)| + M|O]*)

A denotes aparameter. If we change value of apenalty term will also get affected. aand penalty
are directly proportional i.e., if value of aincreases, then penalty value will also increase and

magnitude of coefficients will decrease.

4.6 Model evaluation

In this 10-fold cross validation model is evaluated in which data set is partitioned into k equal
size data sets from which one set is taken to be validation set and another is taken to be training
set. Training of data and validation continues till all sets are covered. Average is taken from each
data set error to calculate final error. This algorithm is used to retain a constant proportion of
inactive and active class assignments to prevent potential errors. Further grid scan is performed
to optimize the algorithm. After that scan is completed then the test data which have labeled data
in it and is used to check whether model is generating correct output or not and training data is
compared based on similarities and differences so that eligibility of the model can be ensured.

Then distance between test and training data is measured so that they can group the elements
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which have less distance between them. Mean Squared Error is used to find average of set of
errors. It tells the closeness of line of regression to the set of points. This thing is calculated by
taking distance from points to regression line and these distances basically represent error points
and then after obtaining them squaring of them is done. In this squaring is done because it will
remove negative signs as negative distance does not make any sense. It is a risk function which

gives expected value of error loss.
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Chapter 5

Results and Discussion

5.1 Data Set Description

Many online sites provide variety of datasets which are suitable for various researches and

experiments. The dataset is taken for this CHEMBL containing drugs which can have an impact

on cancer. The dataset for recommender system for prostate cancer is installed from CHEMBL

using 'pip install chembl webresource client' command. Figure 5.1 shows part of the dataset

which has been installed from CHEMBL.

cross_references  organism pref_name score species_group_flag target_chembl_id target_components target_type tax_id
Alpha-ketoglutarate- . o .
Homo ——y [['accession” 'QI6QET', SINGLE
0 I sapiens dependent dlox;g:lT(aEse 18.0 False CHEMBL3112376 ‘component_descriptio. PROTEIN 9606.0
[{ref_id" ‘075387, Homo L-type amino acid P [Faccession’: 'O7T5387, SINGLE y
wref name” None, “re.  sapiens transporter3 10 False  CHEMBLATAS o conent descripto..  PROTEIN 20000
Rattus
2 1 TS Prostate  17.0 False  CHEMBLG13556 1 TISSUE 10116.0
[{wref_id "POT285" Home i . - [{'accession’ "POT288", SINGLE y
xref_name’ Nong, wre... sapiens Prostate specific antigen  16.0 False CHEMBL2099 ‘tomponent_descriptio...  PROTEIN 5606.0
Homo
4 1 sapiens Prostate cells  15.0 False  CHEMBLG14850 I CELL-LINE 9506.0
Homo . [{'accession” 'P15941", SINGLE
- a. '
70 I ETTs Mucin-1 40 False CHEMBL3580494 ‘component_descriptio..  PROTEIN 9606.0
Homo - ) - aqnoe  ACCESSION' 'P24304',  PROTEIN y
m I sapiens Interleukin 13 receptor 40 False CHEMBL3331285 ‘component_descriptio..  COMPLEX 9606.0
Homo  Aurora kinase AfTargeting [faccession': 'O14965", PROTEIN
2 0 sapiens protein for Xip2 0 False CHEMBL3BSI30L o onent descriptio.. COMPLEX  S2000
Homo Mitochondrial complex | camap  [LACCESSION' 'PO3023, PROTEIN y
i 0 sapiens (NADH dehydrogenase) 0.0 False  CHEMBL2363065 ‘tomponent_descriptio... COMPLEX 9606.0
Homo [faccession’ 'QO9460°,  PROTEIN
74 I sapiens 265 proteasome 0.0 False CHEMBL2384701 ‘component_descriptio..  COMPLEX 9606.0

Figure 5.1. Dataset related to prostate cancer



After installing the data sets, the target search query is implemented to find those drugs which
have a relation with the treatment of prostate cancer. After applying this target search, a target ID
is obtained for the compound for treating prostate cancer. Figure 5.2 shows the CHEMBL target

IDs for the compounds which are related to prostate cancer.

e CHEMBL3112376
1 CHEMBL4148
3 CHEMBL2899
5 CHEMBL3712961
6 CHEMBL4295936
7 CHEMBLS9%@
8 CHEMBL3712956
18 CHEMBL5261
11 CHEMBL5475
12 CHEMBL5578

13 CHEMBL1875195
14 CHEMBL3713916
24 CHEMBL1795185
25 CHEMBL2186
27 CHEMBL1764945
28 CHEMBL215@837
20 CHEMBL358@482
EL) CHEMBL4185784
31 CHEMBL4296@22
36 CHEMBLS66@
37 CHEMBL1163126
38 CHEMBL1795198
39 CHEMBL2821752
48 CHEMBL3128839
41 CHEMBL3632454
42 CHEMBL3879825
43 CHEMBL4295952

44 CHEMBL1892
45 CHEMBL2623
47 CHEMBL4899
48 CHEMBL5639

49 CHEMBLZ2846267

Figure 5.2. CHEMBL target IDs for compounds related to prostate cancer

After applying target search to obtain target IDs of compounds related to prostate cancer, further
target search is applied according to Half-maximal inhibitory concentration (IC50). The most
commonly used and insightful indicator of a drug's efficacy is the half-maximal inhibitory
concentration (IC50). It indicates the amount of drug needed to inhibit a biological process by
half and thus serves as a measure of antagonist drug potency in pharmacological research. A low

IC50 means that the drug concentration needs to be low to obtain 50% inhibition of the target
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protein. Thus, according to it search query is implemented to get compounds which has low
value for IC50. Figure 5.3 shows the list of compounds that have low IC50 value which is

required to obtain target protein.

[ "alpha-ketoglutarate-dependent dioxygenase alkB homolog =°',
"L-type amino acid transporter 37,
"Prostate specific antigen’,
"Breast cancer type 1 susceptibility protein’,
‘Serine/threonine-protein kinase TAD1',
"Cyclin-dependent kinase 2-associated protein 1°',
"Serine/threonine-protein kinase TAD2',
"Ovarian cancer G-protein coupled receptor 1',
"Bromodomain testis-specific protein”,
"PHD finger protein 13°,
"ATPase family aaa domain-containing protein 27,
"Serine/threcnine-protein kinase ICK',
"Kinesin-1like protein KIF2ZBB',
"tRMA-dihydrouridine(28) synthase [MAD(P)+]-like",
"Glutamate carboxypeptidase II",
"Prostatic acid phosphatase”’,
"Mitogen-activated protein kinase kinase kinase 8°,
‘Serine/threonine-protein kinase WHK2',
"Anoctamin-1°,
"Testis-specific serine/threonine-protein kinase &',
"Lysine-specific demethylase SB',
"PDZ-binding kinase’,
"ATP-binding cassette sub-family G member 2°',
"Beta-hexosaminidase subunit beta’,
"Dual specificity protein phosphatase 26°,
"Mixed lineage kinase 7',
"Muclear receptor coactivator 3°,
"Phosphatidylinositol 2,4,5-trisphosphate 2-phosphatase and dual-specificity protein phosphatase PTEN',
"Aurora kinase A/Targeting protein for Xklp2',
"Mitochondrial complex I (MADH dehydrogenase)”’,
"26S proteasome’]

Figure 5.3. List of compounds with low IC50 values required for target protein

5.2 Results of Data cleaning and Pre-processing

The ChEMBL compound interactions are mainly divided into two categories, active compounds
and inactive compounds and they are encoded as 1 and 0, respectively. Compounds having less
than 1000 nM(nanometer) are considered to be active while those greater than 10,000 nM are
considered to be inactive. Values between 1,000 and 10,000 nM are referred to as intermediate.

Figure 5.4 shows the frequency of the active and inactive compounds of prostate cancer.
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Figure 5.4. Bio activity class v/s Frequency

To check which compound is hydrogen bond acceptor and which compound is hydrogen bond

donor Lipinski’s rule is applied. The Lipinski's Rule states that to be an effective drug, the

following criteria should be met:

Molecular weight < 500 Dalton
Octanol-water partition coefficient (LogP) <5
Hydrogen bond donors <5

Hydrogen bond acceptors < 10

Dalton is the unit used to express molecular weight of compound. Octanol-water partition
coefficient is defined as ratio concentrated solute in water to its concentration in aqueous phase.
Hydrogen bond donors and hydrogen acceptors are the donators and acceptors of hydrogen bond
respectively. Data obtained after applying Lipinski’s rule is checked for normal distribution. To
visually explore the distribution of data, inspect different properties of data and the attribute

required to transform. Figure 5.5 shows the compound values after applying Lipinski’s rule, e.g.,
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MW (molecule weight), LogP, number of hydrogen bond acceptors and number of hydrogen

bond donors.

Table 5.1shows the standard values for the compounds Table 5.2 shows the transformed values
after applying Lipinski’s rule. Data obtained after applying Lipinski’s rule is checked for normal
distribution. To visually explore the distribution of data, inspect different properties of data and

the attributes required to transform.

target_pref_name molecule_chembl_id canonical_smiles standard_value bioactivity_class MW LogP  NumHDon
Alpha-
ketoglutarate-
Cetcce2[nHle(- - g
0 di;lgf;gﬁ;gné CHEMBL3145420 nANHICICIE(Codececed)ca-0ne2e1C 10000.0 inactive 332407 3.55796
alkB..
Alpha-
ketoglutarate- CetfnHIn-
1 dependent CHEMBL3145433 S _ A 10000.0 inactive 373243 424797
dioxygenase c2ncicecce 3nHI2)e(=0)c1CcTcce(Clec1CI
alkB..
Alpha-
ketoglutarate-
2 dependent CHEMBL3145437  CeilnHIn(-c2ne3cccee3nH]2)e(=0)c1Cc Tece(Chec 10000.0 inactive 338.793  3.59452
dioxygenase
alkB...
Alpha-
ketoglutarate-
3 dependent CHEMBL3145418  Cef[nH]n(-c2nc3cecec3[nH]2)e(=0)c1Ce 1cccce 1CH 10000.0 inactive 3387893 350452
dioxygenase
alkB..
Alpha-
ketoglutarate- _ 3 L
4 depencent  CHEMBL3145434 O=cte(Cezeccec2)e( cziﬁ%ﬁ]g'gtgg1 100000 inactve 36424 420070
dioxygenase
alkB...
CCIC@HIIC) ) )
g
3370 265 proteasome CHEMBL431636 [C@@H1C(=0)0IC@HI1C=ONC@HICICEH. . 1440.0 infermediate  360.413 -061450
B Spotessome  CHEMBLIZITREN EClC@Aic) 57 active 5E3605 200140
[C@@HI1CE=0)0[C@HIIC=0NC@HIICL@@. .. ’ o -
CCIC@HIIC)
3372 268 proteasome CHEMBL3237361 [C@@HI1C=0)0[C@H]1C(=OINCCC(COCH1c... 5.0 active 483579 413020
- . CC=0INC@@H] y ) ) f0764 23
3373 265 proteasome CHEMBL3231290 (CO=0INCEC(C0C feceeed GO0 eeze. . 2300.0 intermediate  600.764 332620

Figure 5.5. Showing dataset compound values after applying Lipinski’s rule
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Table 5.1. Standard values

Hydrogen bond donors Hydrogen bond acceptors

10000

50 17000

Table 5.2. Standard values transformed after applying Lipinski’s rule

Hydrogen bond donors Hydrogen bond acceptors
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After the transformation step is taken, the data gets uniformly distributed in which pIC50 which
is known as negative logarithm of IC50 is computed. pIC50 is used when compound is converted
into molar. The compounds’ standard values get transformed. Figure 5.6 shows standard values
that get transformed after applying pIC50. Figure 5.7 shows data set get transformed after

applying negative logarithm of IC50.

standard_value standard value_transformed

Figure 5.6. Standard value vs standard value transformed
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target_pref_name molecule_chembl_id canonical_smiles bioactivity_class MW  LogP NumHDonors NumHAcceptors stand

Alpha-
ketoglutarate-
0 dapendant CHEMBL3145420
dioxygenase
alkB...

Cetece2jnHel-

inacti 0
naNHIC(Cle(Cedececed)e =02 1C inactive 332407 35796 20 30

Alpha-
ketoglutarate-
1 dependent CHEMBL3145438
dioxygenase
alkB...

CetlnHin(-

encleeceeanH2i=0) Cefece (Clee 1CH mactie 373243 424792 20 i

Alpha-
ketoglutarate-
2 dependent CHEMBL3 145437
dioxygenase
alkB...

CeAnH]n(-

. .
eaneacecee3nHI2)e(=0)e Cetece(Cllee by Ll cfed = il

Alpha-
ketoglutarate-
3 dependent CHEMBL3145418
dioxygenase
alkB...

CellnHin(-

c2nc3cceccnHi2)e (=0 1Ce 1ecccc 1l inactive 338.768 ~3.59452 20 30

Alpha-
ketoglutarate-
4 dependent CHEMBL3145434
dioxygenase
alkB...

0=c1c(Ce2eccec2)o(-c2eecec2)nH]n-

clne2eceeed inactive 366.424 428970 20 10

Figure 5.7. Dataset gets transformed

Next, the compounds in dataset are sorted on the basis of bioactivity class. Firstly, the active
compounds are sorted and then inactive compounds with their respective name, mean_pIC50,
number of potential drugs, and standard deviation. Figure 5.8 shows sorted dataset with respect

to bioactivity class.
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target_name bicactivity_clazzs mean_pCI530 number of potential drugs std

0 ATP-binding cassette sub-family G member 2 artive 6.542876 514 0395154
1 Lyzine-zpecific demethylase SB ariive 7.022058 434 0450795
2 Mitogen-activated protein kinase kinase kinase 8 ariive 7.253563 191 D.692827
3 Glutamats carboxypeptidase Il artive T 645947 141 1.054482
4 Serinefthrecnine-protein kinase TAD1 artive 6.915112 119 D.455263
5 PLZ-hinding kinase active 6.706240 65 0.591532
& ATPaze family 4484 domain-containing protein 2 artive 6.789362 47 0386870
7 285 protezsome ariive 7.354350 45 0821879
8 Bromodomain testis-zpecific protsin ariive 6.655502 38 0.485977
9 Anoctamin-1 active £.550480 30 0.avoma2
10 Mixed lineage kinase 7 arfive 7.589279 19 0.757974
11 Alpha-ketoglutarate-dependent dicxygenase alkB. .. artive 6.185997 16 0.076142
12 Muclesr receptor coactivator 3 ariive B.54 2665 15 D0.452254
13 Aurara kinass ATargeting protein for Zkp2 ariive 6.979054 14 0791235
14 Prostatic acid phosphatase attive 7.712754 10 D.611243
15 Mitochondrial complex | (MADH dehydrogenass) arfive 6.045346 2 0017160
16 Prostate specific antigen active 6.645592 2 0.000000
17 Serinefthreonine-protein kinase TA02 artive B.676133 2 0565103
18 Breast cancer type 1 suzceptibility protsin ariive £.000000 1 MaM
19 Serinefthrecnine-protein kinase ICK ariive 7.386581 1 MaM
20 ATP-binding cassette sub-family G member 2 inactive 4 550439 197 0379131
21 Mitogen-activated protein kinase kinase kinase & inactive 4 572589 99 [.337852
22 Muclear receptor coactivator 3 inactive 4777133 62 0.204941
23 ATPaze family A484 domain-containing protein 2 inactive 4 345843 56 0417396
24 Alpha-ketoglutarate-dependent dioxygenase alkB. . inactive 4 575892 38 0334190

Figure 5.8. Sorted dataset w.r.t. bio activity class
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After that, data set obtained after transformation of standard values and application of pIC50 is
split. The data gets separated on the basis of variance threshold value = (.8 * (1 - .8))). Figure 5.9

shows compounds data that is obtained after data splitting

0 4 2 3458 738 s b - i nget: Prostate Prostatic  Serine/threonine-  Serine/threonine- Serine/threonine-  Serine/threonin
... binding - specific acid protein kinase protein kinase protein kinase protein kina
kinase D“‘tﬂ'g antigen phosphatase ICK TAO1 TAO2 WHI
0 0DDOD1T 1T 1 1 1 0. 0 0 0 0 0 0 0
1 01 0011 100 1. 0 0 0 0 0 0 0
2 010011100 1. 0 0 0 0 0 0 0
3 11001 1 100 1. 0 0 0 0 0 0 0
4 01 DD 11 1 1 1 0. 0 0 0 0 0 0 0
3370 1 1 1 1 00 D0 1 1 1 0 0 0 0 0 0 0
3311 1 01 1 00O O0ODODO D 0 0 0 0 0 0 0
3372 1 01 1 0O O O D O 1. 0 0 0 0 0 0 0
373 1 001 1 00O 0D O D 1 0 0 0 0 0 0 0
3374 1 0 1 1 0 O O O O 1 0 0 0 0 0 0 0

3375 rows = 207 columns

Figure 5.9. Data splitting from transformed values

5.3 Comparison of Regression techniques

Collaborative Filtering (CF) technology was used to evaluate recommendation methods for
effectiveness. Various filtering techniques were investigated: Lasso(least absolute shrinkage and
selection operator), EN (Elastic Net), CART (Classification and regression trees), KNN (k-

nearest neighbors), SVR (Support Vector Regression), RFR (Random Forest Regression), GBR

54



(Gradient Boosting Regression) and ETR (Extra Tree Regression). The performance of the

models is given in Figure 5.10 and Table 5.3.

Algorithm Performance Comparison

s )=

Running time(s=seconds):

33s

Figure 5.10. Algorithm performance comparisons

Table 5.3 shows the Mean Squared Error (MSE), Standard Deviation (STD) and running time for
all the algorithms. Lasso regression is a regularization technique which uses shrinkage which
means data values are shrunk towards the central point. After running Lasso, output is -1.2 MSE
value, 0.08 STD value and it took 2 ms(millisecond)to run. Elastic Net Regression combines
penalties of ridge regression and lasso regression to get best from both. After running Elastic
Net, output is -1.2 MSE value, 0.08 STD and it took 1 ms to run. Classification and Regression
Tree refers to the algorithm in which firstly data is classified and then on the target variable

regression algorithm is performed to predict the value. After running Classification and
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Regression Tree, output is -1.1 MSE value, 0.09 STD value and it took 2 ms to run. K-nearest
Regression is a method that follows non-parametric approach and works in intuitive manner
which approximates the value associated with independent variable and continuous outcome by
taking average of observations. After running K-nearest Neighbor, output is -0.8 MSE value,
0.06 STD value and it took 3000 ms to run. Support Vector Regression uses same principle as
Support Vector Machine but with some minor changes like margin of tolerance is set in this so
that only finite possibilities are there. After running Support Vector Regression, output is -0.8
MSE value, 0.06 STD value and it took 15000ms to run. Random Forest Regression uses
ensemble learning method for regression. It operates by making multiple decision trees during
training time and gives output as the mean of all predictions. After running Random Forest
Regression, output is -0.8 MSE value, 0.08 STD value and it took 33000ms to run. Gradient
Boosting Regression performs both classification and regression to produce prediction model
which is in the form of ensemble of weak prediction model mainly containing decision tree.
After running Gradient Boosting Regression, output is -0.8 MSE value, 0.06 STD value and it
took 11000ms to run. Extra Tree Regression combines predicted output from multiple decision
trees. After running Extra Tree Regression, output is -1.1 MSE value, 0.01 STD value and it took

46000ms to run.

Table 5.3. Predictivity of various algorithms

Algorithm | MSE | STD | Running Time

Lasso -1.2 1 0.08 |2ms

EN -1.2 1 0.08 | 1 ms
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CART -1.1 10.09 |2ms
KNN -0.8 | 0.06 | 3000ms
SVR -0.8 1 0.06 | 15000ms
RFR -0.8 | 0.08 | 33000ms
GBR -0.8 | 0.06 | 11000ms
ETR -1.1 ] 0.01 | 46000ms

After comparing all the algorithms on the basis of MSE, STD and running time we can conclude

that Support Vector Machine (SVM) or SVR and RFR as the most promising models.

SVR is a powerful method for building a classifier. It aims to create a decision boundary
between two classes that enables the prediction of labels from one or more feature vectors. This
decision boundary, known as the hyper plane, is orientated in such a way that it is as far as
possible from the closest data points from each of the classes. These closest points are called

support vectors.

Similar compounds possess comparable properties. The correspondence of compound is
computed for the interaction profiles. The functioning of models varies on the direction of
similarity calculation: compound-based similarity. Compound-based models demonstrate
enhanced predictive power. Even so, the similarity calculation is important for SVM algorithm.
Basically, due to increase in information capacity of similarity matrix, there is increase in the
number of interaction profiles N, the predictive power of the model also increases, but at the

same time, space and time complexity is O(N?). It rates the applicability of similarity-based
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Collaborative Filtering methods limited for large data sets. The considered data set required at
least 1700 GB RAM and 2 h or 2500 GB and 6 h for an msd (Most Significant Digit) or cosine

calculation of 250K compounds, respectively.

Co-clustering and matrix factorization-based methods are based upon profile similarity;
accordingly, the calculation does not need large memory spaces. Interaction matrix rows and
columns are grouped for comparing of profiles and to complete the missing values. The best co-
clustering model shows a cross-validation median ROC AUC of 0.81, which is compound (0.86)
based SVM and RFR. Compound-based similarity methods perform better than co-clustering

based methods in cross-validation (median AUCs of 0.83 and 0.86).

Cancer genomic data are high-dimensional, heterogeneous and noisy. The application of SVR
learning in cancer genomics is popular and successful. The appeal of SVR approach is due in
part to the power of the SVM algorithm, and in part to the flexibility of the kernel approach to

representing data. SVR can be robust, even when the training sample has some bias.

Although SVR with non-linear kernels are extremely powerful classifiers, they do have some
downsides as following: 1). Finding the best model requires testing of various combinations of
kernels and model parameters; 2). It can be slow to train, particularly if the input dataset has a
large number of features or examples; 3). Their inner workings can be difficult to understand
because the underlying models are based on complex mathematical systems and the results are
difficult to interpret. The success or failure of machine learning approaches on a given problem
may vary strongly with the expertise of the user. Of special concern with supervised applications
is that all steps involved in the classifier design (selection of input variables, model training, etc.)

should be cross-validated to obtain an unbiased estimate for classifier accuracy. For instance,
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selecting the features using all available data and subsequently cross-validating the classifier

training will produce an optimistically biased error estimate.

We carried out 10-fold cross-validation and by grid search enhanced the hyper parameters of the
models. y-scrambling test was performed to prove that lack of data set impact imbalances the
prediction results, this test is performed on the 10 best models for each scenario in both external
validation and cross-validation. Models’ quality gets decreased by using y-randomization hence

giving compelling proof of importance of prediction model.
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Chapter 6

Conclusions and Future Work

6.1 Conclusion

This chapter provides a summary of results obtained and focuses more on the importance of
work. It helps to know the findings of the study and provide the conclusion of the study. Prostate

cancer is the second leading cancer. This cancer has become a burden on today's society.

Finding drugs for prostate cancer is a complex and time-consuming task that takes years to find,
right from the initial stage to the final stage of marketing. In this process, testing is done in which
potential inhibitors of the particular target are tested for their bio activity. Millions of drug
molecules are needed at the initial stage for the discovery of drug and design. Hence, using
computational methods for the early prediction of a drug's biological activity saves time and

money.

Considering the present scenario of prostate cancer cases and death rates and also the complexity
that is involved in designing the drug, an attempt is made to develop a prediction system to
predict the drug's biological activities by using regression models.Experiments performed shows
that recommended system algorithm based on collaborative filtering of activity data has achieved
a great result in predicting activity class. It is shown that collaborative filtering is having high

prediction capability in cross-validation

The collaborative algorithm is preferred because of its capability in which feature information

for compounds can be used. The main difficulty in this approach is the requirement of generating
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and processing information of additional features, which is a challenging task in the case of
prostate cancer and thus require a lot of computational resources. Using IMC, we differentiate
data into a new set that contains more uniformly distributed values. By developing correct
features can help in solving the problem, but this can be tricky.In collaborative filtering, various
regression techniques have been used from which best results was given by Support Vector
Machine (SVM) and Random Forest Regressor (RFR). Thus, two prediction models are available
Support Vector Machine and Random Forest Regressor from which any method can be used by
the user according to his choice. The cut-off points for defining potent compounds areplC50>=6.
Micro molar is the measuring unit for pIC50. If pIC50 is having a higher value then it shows

greater potency.

This research shows that computational tools are a more effective alternative in drug screening
so that lead compounds can be identified. It is believed that this prediction tool can help
scientific society with drug discovery. This research will encourage bio-informatics scientists to
develop free software's and servers to facilitate drug prediction system. The work done in this
research can help to prioritize active molecules which could help in prostate cancer drug

discovery.

6.2 Future Work

1. Bio active agents those are having therapeutic potential for prostate cancer can be
identified using developed prediction system.
2. Further user interface can be added so that adding further details regarding compounds

properties and functions in future.
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Other targets of prostate cancer like vitamin D3 receptor, androgen and estragon receptor
can be considered for research.

Bio active chosen through prediction tool can be used in in-vitro settings.

The best method discovered is SVD through which we have found 36 drugs which can be
used to fight with prostate cancer but in future we will found 1 or 2 drugs which can fight
with prostate cancer.

Regression is a supervised learning method while Matrix factorization is an unsupervised
method. In future, comparison of these two methods can be done to find the better out of

the two.
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