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ABSTRACT

The virtual screening methods and techniques become one of the important and sophisticated ways of drug
discovery, and molecules clustering, they are many methods proposed and applied in virtual screening, most of
these screening methods used similarity coefficientsto  quantify the extent to which objects resemble one another.
The result of using these similarity coefficients achieves a good result, and work is continuing to enhance and
modify virtual screening methods or to present new methods, in this paper, we proposed a simple algorithm that
uses simple equation that increased the effectiveness of virtual screening. The proposed method calculates the
similarity and ranks the data to achieve better virtual screening results. We tested our proposed method with two
benchmarks datasets Directory of Useful Decoys (DUD) data sets and Maximum Unbiased Validation (MUV) that
already prepared and presented by 2D fingerprints ,the experiments have been conducted by selecting different
10 references from each activity class in each data sets, and we e evaluate the recall of active molecules at
different at cut of 1% and 5% as usually done in virtual screening to evaluate the recall value, the overall results
showed that the our proposed algorithm has good result in ligand-based virtual screening after comparing the
result with Tanimoto coefficient which considered the standard similarity measure virtual screening.
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INTRODUCTION

The process of discovering new drug is very difficoomplex ,and costly ,computer technology anthdaining
tools have contributed in facilitating these pracemwadays ,virtual screening become one of theetéfe tools of
drug discovery , there are a lot of ligand-bageiial screening and QSAR methods that have beeposed and
applied in screening , there are some good revapers that discussed and covered these methofld[gadd
based virtual screening has there three differgpe tof search ,structure searching, substructuagclseand
similarity search ,in this article we will conceon similarity search where the search look to fimgl highly similar
compounds in database that look like the referegeesies, many similarity measures have been eg@ind
suggested in ligand based virtual screening [5-Mist of the similarity measure and techniquegehbeen
derived from the methods that already used in gisgstem and textual information retrieval or frodocuments
retrieving methods ,the similarity searching heik laok for all the structures in a database thet achieving the
highly similar to a given structure. The reason fasing the similarity search is to find compournkat could
exhibit similar properties, as in Chemoinformattbe basic idea of the “similar property principl’ that the
compounds with similar structures are likely to iitrsimilar biological behaviours ,beside simitarcoefficients ,
there are other methods that have been used umalvistreening like machine learning methods[11, Vaual
screening as general has three different appreatligand-based and structured-based Similaritycbéng ,the
two approaches have been covered by researchedighnd-based VS on a chemical database has beatioady
used and many methods of information retrieval fdifferent areas have been adapted an appliedand based
virtual screening.in each process of similarityasge is core idea of the most methods is to fiedbest solution
to measure and quantify the degree of similarihgtween the queries’ reference structure’ and exdcthe
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molecules structures that stored in the datablase screened. Virtual screening as general hag ttifgerent
approaches, Ligand-based and structured—basedlafiynsearching ,the two approaches have beenredviey
researches ,but ligand-based VS on a chemicabastshas become widely used and many methodsoofriafion
retrieval form different areas have been adaptedmplied to ligand based virtual screening.in egmocess of
similarity measure is core idea of the most methieds find the best solution of that measure guodntify the
degree of similarity between the queries’ refeeesitucture’ and each of the molecules structivasstored in the
database that screened. The basic idea and methbdygplied for measuring these similarity is timilarity
coefficients ,and there are many similarity coeédfits that applied in virtual screening the wor&ttdone by[13,
14] discussed more than sixty similarity measties used in Chemoinformatics and virtual scregpamd one of
the standard similarity measure that gave goodteeand become standard similarity coefficientitiual screening
is Tanimoto coefficient ,but also there are othenilarity measures that used by combination thekiran with
different similarity measures concatenations aretlusgether as fusion and resulted high performaauee there
are many works that used fusion in virtual scregminearly time of virtual screening research esakntly[15-19],
till now the Tanimoto coefficient is considered sgtandard coefficients in molecules similarity sharg .

EXPERIMENTAL SECTION

The proposed M ethod

Most of similarity measures are that are used mual screening are derived from Tanimoto coeffitieour

proposed algorithm depends on a simple calculatiethod they can be used to calculate the similaaitg then we
rank the molecules descending though that the bigm®lecules that similar to a query will be in tiop, the

proposed algorithms built into account only the timed following criteria:

1.The number of the only features that have and ecplaés.

2.The features that have value, but the values ofethieires do not equal each other.

3.The features that appear only in one molecule an@ mappear to others.

4.The total features of molecules.

The proposed algorithm calculates the similarityhaf molecules by checking the molecules featuydedture, and
then calculating the total of each above mentiarr@dria’s, this proposed algorithm idea has béerived from the
similarity measure that has been used in text autiment retrieving area. The proposed algorithnmeddp on the
presence and absence feature like other simileoifficients but it relies especially on givingjhiconsideration to
the features that have non values (zero valuesjeases the percentage of the similarity betwdgects, and
approved that ignoring (zero values) give goodiltesf the recall. The new algorithm has been eatdd using
benchmarked data which used in most of researchiraral screening, the conducted experiments shwat the
new proposed algorithm achieved good result compaviith Tanimoto that considered the standard airtu
screening coefficient.

The proposed algorithm ar chitecture

Partl Calculating the similarity

BEGIN of the algorithm

For 1 to the total features number

Check feature by feature (until the end of theuesgt
IF feature equal zeros

Count the count (count non presence value)
ELSE if

IF feature is equal and greater than zero Count
Count the absence features

IF feature of the query are not same, but grehtar zero
Summation the fixed given value

Else

Count the absence features

END IF

Calculate the similarity using the proposed equmtio

Part 2 ranking the molecules descending

For 1: the number of molecules in datasets
Sort the similarity results in decreasing order
Calculate the 1% and 5% cut off

End
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Each attribute ofnl andm2 will be calculated, and the final equation wif &s below
S e =absolute value (a +p)/ (n-c)

Each attribute ofnl (query) andm2 (reference) will be calculated, and the finalaen will be as below
Smme=abs ((a+p) /( n-c));

Where

a= the total number of features in bath andm2 that have and equal values.

p= fixed value (threshold =0. 05) for all the afigres m1 and2 that have value, but the values of the features do
not equal to each other.

c= the number of features that have zero valuaipml orm2.

N=the total number of features in each record deade (number of features).

METHOD

In this work we have proposed anew virtual scregmanking and screening algorithms ,the methaapidied to
For 2D ligand-based virtual screening, in our cartdd experiments we have used two benchmarks déta sets
have been chosen and used after developed andrgdepg Scitegic’'s Pilot software [20], we appligdthe
methods to the both the MDDR (MDL Drug Data Rep§2l], MUV dataset , the experiments are done by
selection some references randomly for each psoasdor all activity classes . The results of $heeening are
compared to the Tanimoto considered as a referstacglard in ligand-based VS of chemical dataseis,l@est
fusion methods that have been used proposed iraVstreening of ligand based virtual.

Dataset

In experiments we used the most popular and benmtisnaatasets DUD which recently have been usdigiamd
based virtual screening and in duking methodsp&2, the datasets firstly have been converteBipeline Pilot
ECFC_4 (extended connectivity fingerprints and éoldo size 1024 bits),the selected classes of DdJEhown on
table 1, the all conducted experiments are done thie both datasets .The second dataset Is maxinmimased
validation MUV that considered one of the commotadats ,the data has seventeen different class#®was on
table 2, each class has 15030 molecules.

EXPERIMENTAL SECTION

In experiments, we conduct the screening procesgpplying the proposed algorithm investigate tfieativeness
of using the algorithm , and the then comparediselts with Tanimoto coefficient ,in the experirteerwe used ten
references (queries)of active molecules for logkip to the similar molecules in the databasentbasurement of
the similarity between two molecules in VS is désa by the degree of sharing features betweesetimolecules.
The work conducted on two datasets MUV and DUD daaitain 2D chemical structure databases, The lsesiare
carried out by selecting 10 references (active aumgs) randomly to use as reference structures éach activity
class and apply the algorithm to obtain the agtisitore for all of its compounds, to be fare weehased the ten 10
reference structures in all screening processdoh e activity classes. These processes have Ippdiadito in same
manner to the two datasets the results of scredraing been evaluated by calculating the recaltatthd 5%. Here
1% and 5% represent the percentage numbers ofathbakes molecules belonging to the same actilises as
the reference structure that is retrieved in thel® and 5% of a ranking of the databases. Fod#te set MUV
there are seventeen activity classes are tedtedsdreening have been conducted by applying afdactive
compounds (references )randomly to use as refetnegtures, and the then measure obtains thétactcore for
all activity class compounds.

RESULTSAND DISCUSSION

The results of all conducted experiments that us®and MUV datasets that were obtained a good agh h
resulted in Table 3 and Table 4 .The screeninglteedeamonstrated that our new algorithm achievetebeesults
when they were compared by Tanimoto, and thesédtsemthieved showed the efficiency of the new atgors, the
both tables contains the activity classes and Irecdlies and average of the recall values,. That fiolumn
represents the activity class of the dataset, &x ecolumn represents the average recall obtaireed the top 1%
and the top 5% ranking for each of the activityssks by using Tanimoto coefficient and two lasi twlumns
showed the proposed algorithm results , the Estof the tables showed the overall rankings resifit and 5%
average results, the mean recalls, we found thatmathod achieved a clear and good result in 5%ecdll and a
little bit results in 1% recalls, the result arldoathe results that obtained by screening prooé$8UV dataset
achieved significant results for it gave resuftattincreased more than two point and this coul@dresider high
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results one compared with Tanimoto the standardficiest in virtual screening ,And actually the expments
showed and confirmed that the , the new propossttiad is presented enhancement in virtual scrgenin

Table1.DUD Selected 11 activity classes

Activity class | Active molecules
FGFR1T 120
FXA 146
GART 40
GBP 52
GR 78
HIVPR 62
HIVRT 43
HMGA 35
HSP90 37
MR 15
NA 49
PR 27

Table2 .MUV activity classes

Activity index Activity class
466 S1P1 rec. (agonists)
548 PKA (inhibitors)
600 SF1 (inhibitors)
644 Rho-Kinase?2 (inhibitors)
652 HIV RT-RNase (inhibitors)
689 Eph rec. A4 (inhibitors)
692 SF1 (agonists)
712 HSP 90 (inhibitors) 30
713 ER-a-Coact. Bind. (inhibitors)
733 ER-b-Coact. Bind. (inhibitors)
737 ER-a-Coact. Bind. (potentiators)
810 FAK (inhibitors
832 Cathepsin G (inhibitors)
846 FXla (inhibitors)
852 FXlla (inhibitors)
858 D1 rec. (allosteric modulators)
859 M1 rec. (allosteric inhibitors)

Table 3. Therecall iscalculated using the top 1% and top 5% of the DUD 12 selected activity classes

Selected activity Tanimoto Proposed Method
Classes 1% 5% 1% 5%
Fgfrit 2.97 7.25| 3.167 7.41
Fxa 3.01 8.7 2.74 9.58
Gart 54 | 21.25 7 23.25
Gbp 15.16| 27.12 16.154 28.07
Gr 245 | 6.79| 282 8.205
Hivpr 522 | 12.74] 435 13.871
Hivrt 231 | 442 1.86 6.511
Hmga 5.45| 10.02 5.714 8571
Hsp90 358| 9.46| 324 10.54
Mr 3.87 | 8.67 | 4.667 10
Na 3.04 | 6.53| 3878 6.11
Pr 153 | 593| 296 7%
Avg 45 | 10.74 4.88 11.015
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Table4. Therecall is calculated using the top 1% and top 5% of the MUV activity classes

Activity index Tanimoto Proposed Method
1% 5% 1% 5%
466 3.1 5.86 3 7.33
548 8.62 | 22.76 12.67 24
600 3.79 | 11.38 4 10.33
644 759 | 17.59 8 17.67
652 276 | 7.93 2.67 8.33
689 3.79 | 9.66 3.33 7.33
692 0.69| 4.83 2 8
712 4.14 | 10.34 267 7.33
713 3.1 7.24 2.67 5.67
733 345 | 897 2.67 6.33
737 241 | 8.28 2 9.43
810 2.07 6.9 1.67 8.67
832 6.55 13.1 8.67 17.67
846 9.66 | 28.62] 9.67 25.67
852 12.41] 2139 1133 22
858 172 | 5.86 2.33 5
859 138 | 8.97 1.67 7.67
Average 4.54 | 11.70| 4.765882 | 11.67

CONCLUSION

This study proposed a new method of virtual scregnthe proposed method are tested using two beargism
datasets, the proposed algorithm concepts are edlépt give high consideration to features that hawe values
(zero values) and this increases the percentagfeeddimilarity between molecules, the results tdizained by the
conducted experiments on DUD and MUV achieved gadthncement in ligand based virtual screeningrebelts

are compared with Tanimoto results. By the obtaire=iillts we recommended using of our proposed aiityil

algorithm in virtual screening of 2D fingerprinterhical database, the overall a obtained resulthefproposed
method showed that clearly the screening searchgusur algorithm outweighed the Tanimoto resultbe T
significance test conducted on that VS resultdlafatasets showed that good enhancement has happ&ved.
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