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SUMMARY

Introduction:

A wide array of activities in bioinformatics involves prediction of patterns and classification
in biological data. Biological databanks, with their behemoth size, necessitate computer
intervention and automation in this classification process. Currently, support vector machines
(SVMs) are the computer programs with best prediction performance. SVMs optimise the
margin separating two classes for better generalisation on unseen data.

HTRAL, a 50 kDa secreted protein, a member of a family of serine proteases called “High
Temperature Requirement A”. The family includes other members namely: HTRA2, HTRA3,
and HTRA4. All these proteins show a nonspecific protease activity while the exact role of
these HTRAs is yet unknown. HTRA1 comprises a signalling peptide, a Kazal-like protease
inhibitor domain, an IGF (Insulin like Growth Factor) binding domain, a PDZ domain, and a
conserved serine protease domain.

The protein has shown a role in osteoarthritis, Alzheimer's disease and age-related macular
degeneration, to suggest a few studies. Changes in expression of the HTRA1 gene or changes
in activity of the enzyme are usually responsible for such conditions. The protein has also
shown a role in chemotherapy-induced cytotoxicity in gastric, ovarian and other similar
cancers.

These studies are suggestive of HTRA1 as a novel therapeutic target for multiple diseases
and conditions. A specific inhibitor for this serine protease would be of paramount
importance in further studies to elucidate the normal function of HTRA1 & its deregulation
in the development and progression of human disease. It could potentially lead to the
development of novel and effective clinical interventions.

Materials and Methods:

This project involves designing of an SVM Model for prediction of HTRA1 inhibitors with
the help of tools — PaDEL Descriptors & WEKA.

We have also made use of Perl & Python Programming Languages, MS Excel, Notepad++
for file handling, file conversions, data manipulation, visualisation and format conversions.




Results, Discussion and Conclusions:

The models generated have prime accuracy of 77.39% using a training set of 792 Active
Compounds and 264 Inactive Compounds. The model has been tested with 10 Fold Cross
Validation.
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1.Introduction

1.1. HTRA1

A serine proteases family called “High Temperature Requirement A” comprises four member
proteins: HTRA-1, 2, 3, and 4. While all of these proteins exhibit a nonspecific protease
activity, their specific roles and functions are yet unknown [,

HTRATI is a 50-kDa, extracellularly secreted protein. The carboxyl terminus comprises a
serine protease domain (which is highly conserved) and a PDZ protein-protein interaction
motif. The amino terminal region contains a predicted signal peptide, an IGF (Insulin Growth
Factor) binding domain, and a Kazal-like protease inhibitor domain.

Figl : Structure of HTRAL, visualised in PyMol, PDB ID 2JOA
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Fig2: The Structural Domains in HTRA1

The normal function of HTRA1 is unclear ! but is expected to be involved in cleavage of
extracellular matrix proteins. A number of these target substrates have been identified
including C-polypeptides of fibril-forming types I, II and III procollagen, fibronectin and
proteoglycans. HTRA1 has shown a role in osteoarthritis ©*!, Alzheimer's disease ' and age-




related macular degeneration . Overexpression of the HTRA1 gene or changes in enzyme
activity is usually associated with these conditions. HTRA1 has shown a role in
chemotherapy-induced cytotoxicity in mesotheliomas [, ovarian & gastric cancers V. It is
also shown regulation of TGF-beta signalling *.

The gene expression when induced by an oxidative stress, promotes premature cell
senescence through p38 MAPK in a protease activity-dependent manner . The protein is
down-regulated since early stages of bladder urothelial carcinomas development M. If
successfully validated, it is a potential biomarker with high sensitivity and specificity for
early detection of neoplasia '!l. Role of the molecule is also evident in inflammatory immune
responses, which mediates control of periodontal infections as evident by immunostaining
studies ',

A frameshift mutation in the HTRA1 gene results in reduced HtrA1 protein and increased
TGF-B1 expression, which may cause severe CARASIL and peripheral small arterial disease
(3], HtrA 1 regulates mineralization by inhibiting TGF-B /BMP signalling and/or by cleaving
specific matrix proteins, including decorin and MGP (matrix Gla protein) 4.

These studies suggest HtrA1 to be a novel therapeutic target for several diseases. A specific
inhibitor for this serine protease would be invaluable in elucidation studies of normal
functioning HTRAT1 and its deregulation in the development and progression of human
disease, potentially leading to the developments of new and effective clinical interventions.

1.2. SVM

A support vector machine (SVM) is a machine learning computer algorithm which uses
previously described examples to assign labels to new objects ).

These learning algorithms create supervised learning models to analyze datasets used in
regression analysis and for classification. An SVM training algorithm builds a model
assigning new datasets to either category to create a non-probabilistic, binary, linear classifier
when provided with a set of training dataset, each marked as belonging to one or the other of
two categories.

The SVMs showcase a data-driven method for solving classification tasks. When large
numbers of features are considered for sample description, SVMs show lower prediction
error compared to classifiers based on other methods like artificial neural networks.

SVMs enhance and optimise the margin separating two classes whereas other computer
programs implement a classifier through the minimisation of error occurred in training. Thus,
these trained models apply optimally on datasets, making SVMs ideal for protease functional
site recognition, gene expression data classification, protein function prediction and
transcription initiation site prediction ',



https://en.wikipedia.org/wiki/Algorithm
https://en.wikipedia.org/wiki/Linear_classifier
https://en.wikipedia.org/wiki/Binary_classifier
https://en.wikipedia.org/wiki/Probabilistic_classification
https://en.wikipedia.org/wiki/Statistical_classification
https://en.wikipedia.org/wiki/Regression_analysis
https://en.wikipedia.org/wiki/Supervised_learning

2. Materials and Methods
2.1 Tools
2.1.1. PaDEL Descriptors

Padel is a widely used bio-chemistry tool for obtaining descriptors and fingerprints. This
software uses the principles and approaches from The Chemistry Development Kit and at
presently are able to calculate 797 descriptors (of which 663 are 1D & 2D while 134 are 3D)
and to characterize 881 type of fingerprints.

d
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Fig3: PaDEL Descriptors Logo

Padel was constructed using Java and as a result provides you with user friendly interface and
an added advantage of library component. The library component facilitates the inclusion of
padel with other quantitative structure activity relationship software, so as to enable the
descriptor calculation feature and to promote its usability as standalone software as well. It is
a smart software that follows the Master/Worker pattern, speeding up calculations utilizing
multicore CPUs.

Usage of this software offers a myriad of advantages, like- its being free and open source
software makes it accessible and editable by developer’s community, offers not only GUI but
also command line interface, multi OS compatibility, reorganization of about 90 molecular
file formats and multithreaded operability.

PaDEL is a valuable addition in currently available dynamic of descriptor calculating
software. This software is available for download at-
http://padel.nus.edu.sg/software/padeldescriptor.




2.1.2. Weka

'WEKA
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Fig4 : WEKA Official Logo

Weka offers a diverse collection of machine learning algorithms for varied data mining tasks.
It encompasses series of in-built features enabling the pre-processing of data, data
classification, regression, clustering, association rules and even allows for visualization
techniques. These algorithms can either be applied on your dataset directly or can be called
using Java code. It further provides quick start for designing novel innovative machine
learning algorithms.

Weka is endowed with algorithms for transformation of datasets like- discretisation and
sampling algorithms, pre processing the dataset, feeding the processed data into learning
models, allowing analysis of the resultant classifiers and their performances, without any
necessary programming. The input required by the algorithms is usually a relational table
derived directly or by executing a database query from a file.

Weka can be used in following ways-

e by applying learning method on the input dataset and further gather significant
insights

e also learned models can be used for generating predictions on new occurrences

e lastly, several different learners can be applied to understand their various
performance measure like- specificity, sensitivity etc.

Weka GUI, called the Explorer, gives access to all its features using menu options and form
fills. The other ways include- Knowledge flow interface and the Experimenter. The
Knowledge Flow interface enables dragging learning algorithms and data sources boxes to
finally join them together into desired configurations, the Experimenter answers certain
practical questions when using classification and regression techniques. Last and the fourth
interface is Workbench is the most efficient form, offering unified interface that combines the
other three into one application.




2.1.3. Accessory Tools

The tools which are used for file handling, file conversions, data manipulation, visualisation
and format conversions.

2.1.3.1. Perl Programming Language
2. 1.3.2. MS Excel
2. 1.3.3. Notepad ++

2.1.3.4. Python Programming Language




2.2 Methodology

The methodology can be summarised as in Fig5, below:

Fig5: Work Flow
2.2.1. Retrieving the Data Set

Dataset was retrieved from PubChem, a renowned database for chemicals, molecules and
compounds, their activities at various biological/ biochemical assays. NCBI (National Center
for Biotechnology Information) a part of the National Library of Medicine is responsible for
maintaining PubChem.

Dataset consists of multiple structure files in .sdf fromat, divided as Active, Inactive
molecules where Actives are confirmed for a particular biochemical activity whereas Inactive
are proven to be not.
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The specifications for the dataset is given as following:-

PubChem AID: 540248

Fluorescence polarization- based biochemical high throughput confirmation assay for
inhibitors of the HTRA serine peptidase 1 (HTRAT1)

Protein Target: HTRA1 protein

Total tested substances: 1596
Active compounds: 1056

Inactive compounds: 540

Data retrieved is in form of two files : An “Active” File and another file containing “All”
molecules.

To separate inactive molecules from “All” File, a python script is used.




~

¥ the output file
output file = ogpen('file
# contains names
names = []
Fltry:
$# filel contains the NHAMES
= with open({'filel.txt', 'r') as filel:
E for each name in filel:
each name = each name.strip()
- names . append (each name)

L]

4 o

file? contain=s the HLMES, DATA

= with open({'fileZ.Txt', 'r'}) as filel:

E for each line in filel:

if k = len({name=): break

= if each line.strip() = names[k]:
# add name

print{each line, file=putput file, end=""})
= while True:
# add that data till 2222 to file3.txt
line = filel.readline () .strip()

print{(line, file=output_ file)
$# if delimiter s=stop

= if line = '32Z22:

- break

o E+= 1

Flexcept IOError as error:

print("File errocxr: " + str(error))

Fig7: Python Script to separate inactive from all compounds.

From complete dataset, active and inactive compounds are divided into test and training data
sets manually. The ratio used is:-

Training : Test:: 3 :1

Active compounds: 792 (training set), 264(test set)

Inactive compounds: 402(training set), 134(test set)

2.2.2. Descriptor Calculation




Molecular fingerprints are an encoding methodology for structure of a molecule. Fingerprint
consists of a binary digits (bits) pattern which denotes presence/ absence of particular
substructures in the molecule.

Comparing fingerprints provide for applications like query matching with a given
substructure, determining similarity between two molecules, etc *°/,

In contrast to numerical descriptors where the quantitative plot is used for values which fall
in specific value ranges, binary encoding is simple, as only the lack (0) or occurrence (1) of a
specific substructure is detected.

Thus fingerprint (the fixed-length bit-string) represent the negative (0) or positive (1)
occurrences of certain features solely or combinations of multiple features.

PaDEL Descriptors software is used for generating fingerprints of the 792 Active and 402
Inactive molecules.

. Help

neral | 1D & 2D | 3D | Fingerprints

lecules directory/file C:\Users\Mayank\Desktop\V2\Active.sdf
scriptor output file C:\Users\Mayank!\Desktop\V2Meow
Descriptors

gerprints
Standardize

nove salt

tect aromaticity
ndardize tautomers
IRKS tautomers file
ndardize nitro graups
tain 3D coordinates
avert to 3D
Advancad

FOR ORIE !D‘

)& 2D
lculate 1D and 2D descriptors.

stop

acessing 852908 in Active.sdf (8/1056). Average speed: 0.88 s/mol.
scessing 852833 in Active. sdf (7/1056). Average speed: 1,22 sjmol.
scessing 851690 in Active sdf (5/1056). Average speed: 1,10 s/mal.
scessing 850390 in Active. sdf (5/1056). Average speed: 2.15 s/mol.

Fig7: PaDEL Descriptors calculating Fingerprints for an Active File.




Name, FubchemrFu, PUbChemy Y1, Pubchems Pz, PUpchemyr's, Pupchemi P4, Pupchemr s, PupchemyFo, Pubchent's /, Pubchemery, Pug
"g44¢45",1,1,1,0,0,0,0,0,0,1,1,1,1,0,1,1,1,0,1,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,

"846665",1,1,1,0,0,0,0,0,0,1,1,1,1,0,1,1,1,0,1,1,0,0,0,0,0,0,0,0,0,0,0,0,0,1,0,0,0,0,0,0,0,0,0,0,0,0,0,0, 0,

»847110",1,1,0,0,0,0,0,0,0,1,1,1,0,0,1,1,0,0,1,1,0,0,0,0,0,0,0,0,0,0,0,0,0,1,0,0,0,0,0,0,0,0,0,0,0,0,0,0, 0,

"850257",1,1,0,0,0,0,0,0,0,1,1,1,0,0,1,0,0,0,1,1,0,0,0,0,0,0,0,0,0,0,0,0,0,1,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0

"8s503%0",1,1,0,0,0,0,0,0,0,1,1,1,0,0,1,0,0,0,1,1,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,

"gs516%90",1,1,0,0,0,0,0,0,0,1,1,1,1,0,1,1,0,0,1,1,0,0,0,0,0,0,0,0,0,0,0,0,0,1,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,

"g52833",1,1,1,0,0,0,0,0,0,1,1,1,1,0,1,1,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0, 0,

"g52908",1,1,1,0,0,0,0,0,0,1,1,1,0,0,1,1,0,0,1,1,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0, 0,

"8s56609",1,0,0,0,0,0,0,0,0,1,1,1,0,0,1,0,0,0,1,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,1,1, 0,

"gs5s8709",1,1,0,0,0,0,0,0,0,1,1,1,0,0,1,1,1,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,1,0,0,0,0,0,0,0,0,0,0,0,0,0,0, 0,

"855829",1,1,1,0,0,0,0,0,0,1,1,1,1,0,1,1,1,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,1,1,0,0,0,0,0,0,0,0,0,0

"856354",1,1,0,0,0,0,0,0,0,1,1,1,0,0,1,1,0,0,1,1,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,

"8s5707%",1,1,1,0,0,0,0,0,0,1,1,1,0,0,1,1,0,0,1,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0, 0,

"g57243",1,1,0,0,0,0,0,0,0,1,1,1,1,0,1,1,1,0,1,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,

»8s572%97",1,1,1,0,0,0,0,0,0,1,1,1,0,0,1,0,0,0,1,1,0,0,0,0,0,0,0,0,0,0,0,0,0,1,0,0,0,0,0,0,0,0,0,0,0,0,0,0, 0,

"8s58057",1,1,0,0,0,0,0,0,0,1,1,1,1,0,1,1,0,0,1,1,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0, 0,

"858e67",1,1,0,0,0,0,0,0,0,1,1,1,1,0,1,0,0,0,1,1,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0, 0,

"863328",1,1,1,0,0,0,0,0,0,1,1,1,1,0,1,1,0,0,1,1,1,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0

"8e¢3762",1,1,0,0,0,0,0,0,0,1,1,1,1,0,0,0,0,0,1,1,1,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,1,0,0,0,0,0,0,0,0,0,0,0,

"8¢s5786",1,1,1,0,0,0,0,0,0,1,1,1,1,0,1,1,1,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,

Fig8: A fragment snapshot of a Fingerprints File after running through PaDEL

2.2.3. Descriptor Selection

Selection of fingerprints (descriptors) is performed using “frequency-based approach”.

Following equation (Fig 9) and (Figl0) is used for calculating frequency of each descriptor,

in both inactive and active molecules

NA

}:
NA

Figl0

Fig9

Where

F*andF{' = Mean of the i" fingerprint in Active (A) and Inactive (I) molecules respectively.

NA and NI = total number of molecules in active and inactive datasets respectively.

value (0 or 1) of the i fingerprint for the j™" molecule.

I)ji:




Frequency Score (FS) for each fingerprint is calculated as following equation:-
_ TA 1

Figl1: Frequency Score Formula
Where: FS; = inhibitory score for i descriptor.

For active molecules, descriptors should be highly positive whereas for inactive molecules, a
higher negative score is preferred.

Magnitude represents the importance of the fingerprints.

Following Perl scripts are used for descriptors selection:-
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¥! CifPerl/bin/perl

my S$x,5m,5g=0,5number compounds active=0,S%sum des=0,Scount=0;

my @molecule_des,@des_ac:ive,@coun:_array;@des_suml=0;@finger_ac

npen{fE,“>>ac:ive_average.:x:“];
for(my Sw=1;Sw<=881;5w++)
E{
Ssum des=0;
open (fl,"active.t=xt") ;
while (Sx=<f1>)
E{
Emolecule des=split(’ t",5x) ;
H#print Smolecule des[4]."\t";
-¥print Smolecule des[1]."\t";
Ssum des=S5sum des+Smolecule des[Sw];
Snumber compounds active=S5number compounds active+l;
Bl
#print "\n".Snumber compounds active;
$Einger_p_ac:ive=(Saum_deafSnumber_compounda_ac:ive]*109;
Sfinger active[Sgl=S5finger p active;
fprint S$finger active[$qg];
So=5g+l;
Snumber compounds active=0;
close (£1) ;
1

foreach 5a(@finger actiwve)

{

print £2 S=a."M\t";

1

fprint "".Sfinger p active."\t";

Figl2: Perl Script for Frequency Score Calculation
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! C:/Perl/bin/perl
my 5$5x,5v,5m;

my (Bactive,@inactive,@freg score;

npen{fl,"a:tive_ave:age.txt"};

open(f2,"inactive average.txt");

while (Sx=<fl>)

{
factive=split('\t',5x);
}

close (fl) ;
while (S yv=<f2>)

{
Ainactive=split('\t',Sv):;
}
for(si=0;51<B81;51++)
{
freqg scorel[$i]l=Sactive[5i]-

open(f3,">>freq score.txt");

foreach Sm(Efreg score)
{

print f£3 Sm."\tL";

}

exit;

Figl3: Perl Script for Frequency Score Calculation

LI}
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#! C:/Perl/bin/perl

my S

my (@freq score,@after compare,fce
open(fl,"freg score.txt");

while (Sx=<fl>)

{

Bfreq score=split("\t",5x);
}

my 5 =0;

for(si=0;:51<881 :514++)

{

if{Sfreqg score[51]>=0.06)

{

Safter comparel[$i1]l=5freq scorels
Scounter[$]]=51;

So=S41

open(f2, ">>selected descriptors.ft
foreach Sx(Ecounter)

{
print f2 S=z."\t";
}

exit;

Figl4: Descriptor Selection Program with threshold selected 0.6




" Fi e s DL L raesaig pecaoa
2 my xX,3vs

2 my @index srray,feach line;

4 open(fl, "selected descriptors.txt™) ;
5 open {£3 , ">ractive =selected descriptors
o while (sx=<Lf1>)

T {

a2 index srray=saplit{'wt',Fx):

= H

10 foreach Fx(Eindex array)

11 [=H1+
12 open (£2 , "activedes . txt"™) ;
13 while (sy=<£2>)
14 [H1¢
15 Beach linme=aplit{'“t"',5¥):
la if(Feach line[0]l=—5x)
17 [=1
18 print £3 vr;
15 — 1
20 = )
Z1 cloge (£2) ;
i =

Figl5: Perl Script for generating selected descriptors file
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Figl6: Selected Fingerprints File
The selected number of descriptors (fingerprints) is 242.

2.2.4. Model Generation




An ARFF file is generated to be fed to WEKA for Model Generation.

An ARFF (Attribute-Relation File Format) file is ASCII texts file that describing a series of
instances, sharing a specific set of properties or attributes. The “Machine Learning Project” at
the Department of Computer Science, University of Waikato developed this format for use in
the Weka software.

These files have two distinctive parts:-
(i) Header information,
(ii.)  Data information.
The Header contains relation names, attributes list (columns in the data), their types.

Lines that begin with a % are comments.
The @RELATION, @ATTRIBUTE and @DATA declarations are case insensitive.

1 Erelation sKu
2 Q@attribute '1' {0,1}

3 @attribute '2" {0,1}

4 @attribute '3" {0,1}

5 @attribute '4"' {0,1}

6 @attribute '5' {0,1}

@attribute '€' {0,1}

@attribute '209" {0,1}

9 Qattribute 'class' {'Positive', 'Negative'}
10 @data

i1 o,0,1,0,0,0,0,0,0,1,0,0,0,0,0,0,0,1,0,0,0,0,0,0,0,0,0,0,0,0,0,1, 0,0, 0, 0,0,0,0,1,0,0,0,0,0,0,0,0,0, Positive

AA A A A AN AN A AT A AN A A AT AN A N AN A AR A AN N AT AAN N ANT AN A AN AN N Taeled e

Figl7: A Sample ARFF File

The Sequential Minimal Optimization (SMO) classifier is chosen for model building in
Weka.

A support vector machine requires the solution of a very large QP (quadratic programming)
optimization problem for training. The SMO classifier breaks these problems into a list of
smallest possible QP problems, which are solved logically, avoiding a time-consuming inner
loop of numerical QP optimizations.

A linear amount of memory is required for SMO training, which enables it to handle very
lengthy training datasets. Computation time for SMO is primarily that of SVM evaluation;
making SMO fastest for linear SVMs and small data sets. On real- world sparse data sets,
SMO can be more than 1000 times faster than the chunking algorithm.*!

The (Gaussian) RBF Kernel is selected.

The RBF (radial basis function) kernel is an accepted kernel function used in various
partitioning learning algorithms like support vector machine classification.



https://en.wikipedia.org/wiki/Statistical_classification
https://en.wikipedia.org/wiki/Support_vector_machine
https://en.wikipedia.org/wiki/Positive-definite_kernel
https://en.wikipedia.org/wiki/Radial_basis_function

On 2 samples, x and x', RBF kernel is represented as feature vectors in some input space and
can be defined as

x—x|
Klx.x') = exo -u

Where ||x-x’||* = squared Euclidean distance between 2 feature vectors.

3!

= a free parameter.

S R

A similar definition involves a function:

|1 I RN

Value of RBF kernel (K) falls between zero and one; value decreases with distance. It is also
referred as a similarity measure.*"

The gamma parameter measures the influence of a singular training data point, where low
values meaning ‘far’ and high values meaning ‘close’. It is defined as inversed radius of
influence of model selected samples.

Misclassification of training dataset is replaced against simplicity of the decision surface by
C parameter. Decision surface is smooth in low C, whereas a high value allows model

freedom to select more samples as support vectors, classifying all training samples correctly
[25]



https://en.wikipedia.org/wiki/Similarity_measure
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Figl18, 19,20: Configuration of WEKA

2.2.5. Model Testing

The model performance is evaluated with ten-fold cross-validation techniques, where training
and testing were carried out ten times.

In each iteration, n-1 sets are used for training while a single set is used for testing. The
training set is randomly divided into ten training and testing sets. To avoid any bias in the
prediction model, an independent validation set is also used. Complete process is repeated ten
times, and the results are reported after obtaining the average *°!.

2.2.6. Model Optimisation

Model fitness is assessed using multiple standard parameters like true positive rate (TP), false
positive rate (FP), precision, recall, F-measure, Matthew’s Correlation Coefficient (MCC),
ROC area, PRC area, Accuracy.?”

The value of Gamma and C-Value, when modified, gives varying accuracy. The classifier can
be optimized for values of parameters with best accuracy along with high MCC.




3. Results & Discussions

The results are derived in form of a Weka Classifier Specifications, which on application to a
dataset will be able to distinguish between an inhibitor and non-inhibitor against HTRAT.

Following results are obtained with varying values of C, Gamma :-

ﬂGammaﬂAccurawﬂTP Rateﬂ FP Rateﬂ Preci nﬂ Recall ﬂF-Measureﬂ MCC GCAreaﬂ PRCAreaﬂ |
1 1 0.01 75.20%4 0.918 0.575 0.759 0.918 0.831 0.407 0.672 0.751 Positive
0.425 0.082 0.725 0.425 0.536 0.407 0.672 0.502 Negative
0.752 0.409 0.747 0.752 0.732 0.407 0.672 0.667
2 1 0.1 74.9581 0.9 0.547 0.764 0.9 0.827 0.404 0.676 0.754 Positive
0.453 0.1 0.697 0.453 0.549 0.404 0.676 0.5 Negative
0.75 0.397 0.742 0.75 0.733 0.404 0.676 0.669
3 1 1 67.7554 0.951 0.54 0.675 0.991 0.803 0.151 0.525 0.675 Positive
0.06 0.009 0.774 0.06 0.111 0.151 0.525 0.363 Negative
0.678 0.627 0.708 0.678 0.57 0.151 0.525 0.57
4 0.1 0.01 66.3317 1 1 0.663 1 0.798 0 0.5 0.663 Positive
0 0 0 0 0 0 0.5 0.337 Negative
0.663 0.663 0.44 0.663 0.529 0 0.5 0.553
5 1 0.001 66.3317 1 1 0.663 1 0.798 0 0.5 0.663 Positive
0 0 0 0 0 0 0.5 0.337 Negative
0.663 0.663 0.44 0.663 0.529 0 0.5 0.553
6 10 0.01 77.3869 0.861 0.398 0.81 0.861 0.835 0.48 0.732 0.79 Positive
0.602 0.139 0.688 0.602 0.642 0.48 0.732 0.548 Negative
0.774 0.311 0.769 0.774 0.77 0.48 0.732 0.708
7 1 10 67.5042 0.954 0.953 0.673 0.954 0.802 0.138 0.52 0.673 Positive
0.047 0.006 0.792 0.047 0.089 0.138 0.52 0.358 Negative
0.675 0.634 0.713 0.675 0.562 0.138 0.52 0.567
8 1 100 67.5042 0.954 0.953 0.673 0.954 0.802 0.138 0.52 0.673 Positive
0.047 0.006 0.792 0.047 0.089 0.138 0.52 0.358 Negative
0.675 0.634 0.713 0.675 0.562 0.138 0.52 0.567
9 0.1 0.001 66.3317 1 1 0.663 1 0.798 0 0.5 0.663 Positive
0 0 0 0 0 0 0.5 0.337 Negative
0.663 0.663 0.44 0.663 0.529 0 0.5 0.553
10 0.1 0.1 66.3317 1 1 0.663 1 0.798 0 0.5 0.663 Positive
0 0 0 0 0 0 0.5 0.337 Negative
0.663 0.663 0.44 0.663 0.529 0 0.5 0.553
11 0.1 1 66.3317 1 1 0.663 1 0.798 0 0.5 0.663 Positive
0 0 0 0 0 0 0.5 0.337 Negative
0.663 0.663 0.44 0.663 0.529 0 0.5 0.553
12 0.1 10 66.3317 1 1 0.663 1 0.798 0 0.5 0.663 Positive
0 0 0 0 0 0 0.5 0.337 Negative
0.663 0.663 0.44 0.663 0.529 0 0.5 0.553




13 10 1 69.263 0.984 0.881 0.688 0.984 0.809 0.221 0.551 0.687 Positive
0.119 0.016 0.787 0.119 0.207 0.221 0.551 0.39 Negative

0.693 0.59 0.721 0.693 0.607 0.221 0.551 0.587
14 10 0.1 73.6181 0.857 0.502 0.771 0.857 0.812 0.381 0.677 0.755 Positive
0.498 0.143 0.639 0.498 0.559 0.381 0.677 0.487 Negative

0.736 0.381 0.726 0.736 0.727 0.381 0.677 0.665
15 10 0.001 75.1256 0.904 0.55 0.764 0.904 0.828 0.407 0.677 0.754 Positive
0.45 0.096 0.704 0.45 0.549 0.407 0.677 0.502 Negative

0.751 0.397 0.744 0.751 0.734 0.407 0.677 0.67
16 10 0.0001 66.3317 1 1 0.663 1 0.798 0 0.5 0.663 Positive
0 0 0 0 0 0 0.5 0.337 Negative

0.663 0.663 0.44 0.663 0.529 0 0.5 0.553
17 100 0.0001 75.1256 0.905 0.552 0.764 0.905 0.828 0.407 0.677 0.754 Positive
0.448 0.095 0.706 0.443 0.548 0.407 0.677 0.502 Negative

0.751 0.398 0.744 0.751 0.734 0.407 0.677 0.669
13 100 0.001 76.2982 0.864 0.435 0.796 0.864 0.829 0.451 0.714 0.778 Positive
0.565 0.136 0.678 0.565 0.616 0.451 0.714 0.529 Negative

0.763 0.335 0.756 0.763 0.757 0.451 0.714 0.694




19 100 0.01 73.1156 0.797 0.398 0.798 0.797 0.797 0.398 0.699 0.77 Positive
0.602 0.203 0.6 0.602 0.601 0.398 0.699 0.495 Negative
0.731 0.332 0.731 0.731 0.731 0.398 0.699 0.678
20 100 0.1 73.7856 0.857 0.498 0.772 0.857 0.813 0.386 0.68 0.757 Positive
0.502 0.143 0.641 0.502 0.563 0.386 0.68 0.45 Negative
0.738 0.378 0.728 0.738 0.729 0.386 0.68 0.667
21 100 1 69.263 0.984 0.881 0.688 0.984 0.809 0.221 0.551 0.687 Positive
0.119 0.016 0.787 0.119 0.207 0.221 0.551 0.39 Negative
0.693 0.59 0.721 0.693 0.607 0.221 0.551 0.587
22 1000 1 69.263 0.984 0.881 0.688 0.984 0.809 0.221 0.551 0.687 Positive
0.119 0.016 0.787 0.119 0.207 0.221 0.551 0.39 Negative
0.693 0.59 0.721 0.693 0.607 0.221 0.551 0.587
23 1000 0.01 72.3618 0.802 0.43 0.786 0.802 0.794 0.375 0.686 0.762 Positive
0.57 0.198 0.593 0.57 0.581 0.375 0.686 0.483 Negative
0.724 0.352 0.721 0.724 0.722 0.375 0.686 0.668
24 1000 0.001 75.8794 0.835 0.391 0.808 0.835 0.821 0.452 0.722 0.784 Positive
0.609 0.165 0.652 0.609 0.63 0.452 0.722 0.529 Negative
0.759 0.315 0.755 0.759 0.757 0.452 0.722 0.698
25 1000 0.0001 75.8794 0.87 0.46 0.788 0.87 0.827 0.437 0.705 0.772 Positive
0.54 0.13 0.678 0.54 0.601 0.437 0.705 0.521 Negative
0.759 0.345 0.751 0.759 0.751 0.437 0.705 0.688
26 10000 0.0001 76.4657 0.854 0.41 0.804 0.854 0.828 0.459 0.722 0.783 Positive
0.59 0.146 0.671 0.59 0.628 0.459 0.722 0.534 Negative
0.765 0.322 0.759 0.765 0.761 0.459 0.722 0.699
27 10000 0.001 73.5343 0.798 0.388 0.802 0.798 0.8 0.409 0.705 0.774 Positive
0.612 0.202 0.606 0.612 0.609 0.409 0.705 0.501 Negative
0.735 0.325 0.736 0.735 0.736 0.409 0.705 0.682
28 10000 0.01 72.3618 0.802 0.43 0.786 0.802 0.794 0.375 0.686 0.762 Positive
0.57 0.198 0.593 0.57 0.581 0.375 0.686 0.483 Negative
0.724 0.352 0.721 0.724 0.722 0.375 0.686 0.668
29 10000 1 69.263 0.984 0.881 0.688 0.984 0.809 0.221 0.551 0.687 Positive
0.119 0.016 0.787 0.119 0.207 0.221 0.551 0.39 Negative
0.693 0.59 0.721 0.693 0.607 0.221 0.551 0.587
30 10000  0.00001 75.8794 0.869 0.458 0.783 0.869 0.827 0.438 0.705 0.772 Positive
0.542 0.131 0.677 0.542 0.602 0.438 0.705 0.521 Negative
0.759 0.348 0.751 0.759 0.751 0.438 0.705 0.688

Fig21: Table of Results (Values of Accuracy and other params for various C, Gamma combinations)

The best classifier currently obtained shows an accuracy of 77.39%

Its C Value is 10.0 and Gamma Parameter is 0.01

The value of MCC is 0.480
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3.2. Discussion

With iteratively varying values of C and Gamma Parameter, it is understood that values of
accuracy change with every combinations.

The values of accuracy solely are not reliable measure of quality of a model as it fails to
consider all parameters. Thus we also need to consider other factors like TP Rate, Recall,
MCC, etc

In model 9, 10, 11, 12, Value of accuracy remains 66.33% for four values of gamma when ¢
1s 0.1

In model 21, 22, Value of accuracy remains 69.26% for two values of ¢ when gamma is 1.

In model 19, value of accuracy is 73.12% whereas MCC is just 0.398

Hence, for selection of a model, we need to look at multiple parameters.
Thus, selecting Model 6, with C value 10, gamma 0.01:

It gives accuracy 77.39% with MCC 0.480




4. Conclusions

In this study, we have developed multiple SVM models using SMO classifiers and RBF
kernels, in multiple cycles.

The first few cycles involved using datasets of varying sizes for understanding the protocol.
Later cycles involved larger datasets with varying values of C and Gamma parameters.

The learning involved in former cycles was, the dataset needs to be sufficiently sized to avoid
biased model training, followed by skewed results. The results obtained were of high
accuracy but the model developed was not of any significance as it failed to classify the new
datasets accurately.

Later cycles, brought learning that a model with high accuracy doesn’t necessarily means it is
of paramount significance as we also need to consider other factors like TP Rate, Precision,
Recall and MCC.

The best model obtained with C value 10 & gamma 0.01, gave an accuracy 77.39% with
MCC 0.480

The model obtained is still not very reliable for classifying novel datasets accurately. If we
need a very high dependence then we need to improve it further. This model can be cross
validated and enhanced using other methods like ANN, etc.
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