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ABSTRACT

Quantitative structure activity relationship (QSAR) study was performed on a series of 3,5-disubstituted-4,5-
dihydropyrazole-1-carbothioamides possessing epidermal growth factor receptor (EGFR) kinase inhibitory activity
for establishing quantitative relationship between biological activity and their physicochemical / structural
properties. Several statistical regression equations were obtained using partial least squares regression (PLSR)
analysis. Most statistical significant model generated, explains 77% (r2 = 0.7705) of the total variance in the
training set as well as it has internal (g2) and external (pred r2) predicative ability of ~51% (g2 = 0.5065) and
61% (pred_r2 = 0.6112) respectively. In this model positive coefficient value of T_C_C 4 [This is the count of
number of carbon atoms separated from any carbon atom (single, double or triple bonded) by 4 bond distancein a
molecule] and SssOcount [ ] on the biological activity indicated that higher value leads to better epidermal growth
factor receptor (EGFR) kinase inhibitory activity whereas lower value leads to decrease activity. Negative
coefficient value of SKMostHydrophobicHydrophilicDistance [most hydrophobic value on vdW surface] on the
biological activity indicated that lower values leads to good epidermal growth factor receptor (EGFR) kinase
inhibitory activity while higher value leads to reduced activity. Contribution chart reveals that the descriptors
T_C_C_4, SKMostHydrophobicHydrophilicDistance and SssOcount contributing 46.75 %, 32.74% and 20.51%
respectively.

Key words. 2D-QSAR, epidermal growth factor receptor (EGFRpake inhibitors, 3,5-disubstituted-4,5-
dihydropyrazole-1-carbothioamides.

INTRODUCTION

Cancer chemotherapy has entered a new era of nlardigctargeted therapeutics, which is highly selectind not
associated with the serious toxicities of converglacytotoxic drugs [1]. Receptor protein tyroskiease plays a
key role in signal transduction pathways that ratlcell division and differentiation. Among theogth factor

receptor kinases that have been identified as Heipgrtant in cancer is epidermal growth factorepor (EGFR)
kinase. Activation of EGFR may be because of oyaeession, mutations resulting in constitutive aatiion, or

autocrine expression of ligand [2,3]. The role @HR has been most thoroughly studied in breastecamtere it
is over expressed in 25-30% of cases and is ctedelgith a poor prognosis. EGFR over expressialsg seen in
ovarian cancer [4], lung cancer (especially lungremtarcinomas) [5-7] and in hormone-refractory @tescancer
[8]. Compounds that inhibit the kinase activity BGFR after binding of ligand are of potential imsr as new
therapeutic antitumor agents [9,10].
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The thiourea and urea derivatives play significasie in anticancer agents because of their inhipitactivity
against receptor tyrosine kinases (RTKs), protegiosine kinases (PTKs), and NADH oxidase, whichypla
important roles in many aspects of tumorigenesisl3].

Various pyrazole derivatives are known to possessda range of bioactivities. The pyrazole motifkaa up the
core structure of abundant biologically active comnpds. Thus, various representatives of this heyete exhibit
anti-viral/anti-tumor [15-17], antibacterial [18-Rlantiinflamatory [22],analgesic [23]fungistatic [24]and anti-
hyperglycemic activity [25,26]Pyrazofurin a natural pyrazole C-glycoside, whigmonstrated a broad spectrum
of antimicrobial activity [27], a great deal of exttion, was paid to pyrazole as a potential antiohi@al agent. A
few reports regarding EGFR inhibitory activity ofrpzole derivatives containing thiourea skeletantaere in the
literature [28,29]In the present workquantitative structure activity relationship (QSARudy was performed on
3,5-disubstituted-4,5-dihydropyrazole-1-carbothicdes possessing epidermal growth factor receptdsHE)
kinase inhibitory activity for establishingquantitative relationship between biological adjiviand their
physicochemical / structural properties.

EXPERIMENTAL SECTION
Data set: A dataset of 30 molecules has been taken fromlitdwature [30]. Selected data set, their biolobica

activity is shown in Table-1. Biological data’s repented as epidermal growth factor receptor (EGER)se
inhibitory activity, ICsovalues (nM) were converted into log (14§C[plCs] for computational work.

Table 1: General structure of 3,5-disubstituted-4,5-dihydr opyrazole-1-car bothioamides and their biological activities (data set of 30
molecules)

SNO | Compound | Ry R, EGFR (logl/I Csp)
1 Cco1 3,4-2CH | 4-F 6.08
2 C02 3,4-2CH | 4-Cl 5.87
3 C03 3,4-2 Chl | 4-Br 5.66
4 C04 3,4-2 Chl | 4-CH 6.47
5 C05 3,4-2 Chl | 4-OCH 7.15
6 C06 3,4-2 CH | 4-OH 6.89
7 C07 3,4-2 Chl | 4-NO, 5.51
8 C08 3,4-2CH | 2-F 5.28
9 C09 3,4-2CH | 2-Cl 5.41
10 C10 3,4-2 CHl | 2-Br 5.37
11 Ci11 3,4-2 Cl 4-F 5.20
12 C12 3,4-2 Cl 4-Cl 5.13
13 C13 3,4-2 Cl 4-Br 5.16
14 Cl4 3,4-2 Cl 4-CH 5.13
15 C15 3,4-2 Cl 4-0OCH 5.24
16 C16 3,4-2 Cl 4-OH 5.28
17 C17 3,4-2 Cl 4-N® 5.11
18 Cle 3,42 Cl 2-F 5.1¢
19 C19 3,4-2 Cl 2-Cl 5.14
20 C20 3,4-2 Cl 2-Br 5.19
21 Cc21 3,4-2 Br 4-F 5.05
22 C22 3,4-2 Br 4-Cl 5.09
23 C23 3,4-2 Br 4-Br 4.99
24 C24 3,4-2 Br 4-CHs 5.01
25 C2t 3,42 Br 4-OCHs 5.0¢
26 C26 3,4-2 Br 4-OH 4.94
27 Cc27 3,4-2 Br 4-N® 4.97
28 C28 3,4-2 Br 2-F 4.87
29 C29 3,4-2 Br 2-Cl 4.91
30 C3C 3,42 Br 2-Br 4.9¢
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QSAR Analysis: Structure of the compounds of selected series ween using 2D Draw application option of
QSAR Plus [31] and converted to 3D structure byoetipg to QSAR Plus window. Energy minimizationstbé
compounds were done by using Merck Molecular Fdfiedd (MMFF) method [Charge-Modified Qeq charge;
Maximum number of cycles = 10,000; Convergenceegdt (root mean square gradient) = 0.01; Gradient
type=analytical and 1.0 as constant (medium'’s digke constant which is 1 for in vacuo) in dieléctproperties.
The default values of 20.0 and 10.0 Kcal/mol wesed.for electrostatic and steric energy cutoffiofieked by batch
optimization. After optimization, number of physatemical (Individual (H-Acceptor count, H-Donor ey X
logP, SMR, polarisablity, etc.), retention indexh{} atomic valence connectivity index (ChiV), Patbunt, Chi
chain, Chiv chain, Chain Path Count, Cluster, Ratkter, Kapa, Element count (H, N, C, S, O, Cl, IBrEstate
numbers (SsCH3 Count, SACH2 Count, SssCH2 CouftH Stount etc.), Estate contribution (SsCH3-index.,
SACH2- index, SssCH2 — index , StCH index) and Palgace area), alignment (for example, T_2 O 2 N_5,

T 226, T CO1T O _CL5 etc.) and atom typedthasm MMFF atom types and their count in each nubec

In MMFF, there are 99 atom types and hence 99 igscs indicating number of times that atom hasuoed in a
given molecule are generated) independent destsiptere calculated for the data set. Calculatedripgers and
biological activity were taken as independent argethdent variables respectively. Random, manualsphdre
exclusion methods were used for creation of trginamd test data set. Partial least squares regre¢BLSR)
statistical method was used to generate QSAR moBel®wing statistical parameters were considecesklect the
statistical significance QSAR models: squared dati@n coefficient (f), F-test (F-test for statistical significance of
the model), and cross-validated squared correlatefficient (q).

Generation of training and test set of compounds: In order to evaluate the QSAR model, data set vidadet! into
training and test set using Sphere Exclusion, randad manual data selection methods. Trainingsseséd to
develop the QSAR model for which biological actvidlata are known. Test set is used to challengeQtBAR
model developed based on the training set to atbespredictive power of the model which is notliried in
model generation.

Sphere Exclusion method: In this method dissimilarity value provides an idedandle training and test set size. It
needs to be adjusted by trial and error until ardésdivision of training and test set is achievattrease in
dissimilarity value results in increase in numbemolecules in the test set.

Random selection: In order to construct and validate the QSAR modmsh internally and externally, the data sets
were divided into training (90%, 85%, 80% and 75Ptotal data set) set and test sets (10%, 15%, 208@25% of
total data set) in a random manner. Ten trials wemen each case.

Manual data selection: Whole range of activities was sorted on the babiesults obtained in sphere exclusion
and random methods.

After the creation of training and test set, Mirddaiax value of the test and training set is checksihg the QSAR

tool, if the values are not following the Min — Maken the training / test set is again set andgatore is repeated.
If the Min — Max is following, then Partial Leastg$ares Regression (PLSR) used for model buildingg€

correlation Limit — < 0.5; No. of variables — 1/5thtotal training set; Term selection — r2; F tést— 4.00, Out —

3.99; Model building criteria — Cross validation).

Partial least square regression (PLSR): PLSR was used for model generation. PLSR is anrexkpa of the
multiple linear regression (MLR). In its simplesiriin, a linear model specifies the (linear) relagtip between a
dependent variable and a set of predictor variallesPLSR, prediction functions are representedfdmtors
extracted from the Y’XX'Y matrix. The number of dugrediction functions that can be extracted tylpjicaill
exceed the maximum of the number of Y and X vagabPLSR is probably the least restrictive of theious
multivariate extensions of the multiple linear eggion models. PLSR can be used as an exploratatysis tool to
select suitable predictor variables and to identiyliers before classical linear regression. Alé tcalculated
descriptors were considered as independent varetudiological activity as dependent variable.

RESULTSAND DISCUSSION

All the 30 molecules of the selected series welgested to partial least squares regression (PlaBRlysis, results
of random selection method (Table-2-5), sphereuskah method (Table-6) and manual data selectiothade
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(Table-7) are shown in the Table 2 to 7. Statifificaignificant QSAR models with equations obtainxd
epidermal growth factor receptor (EGFR) kinasebitbrsis shown inTable-8.

Table2: List of predictive QSAR modelswith equation generated from PL SR by Random data selection method (90%)

- Trial Stepwise-forward backward (SW-FB)

Trainingset% | 7,7 Test Set 2 [ ¢ Pred r° | r’se | o°se | Pred r’se | Ftedt
90% 1 | c20,c29,c100 0.6830 0.6046 -0.1624 0.3410 0.3808.4098 53.8690
90% 2| c03,c08,cl0 0.7389 0.6690 -9.5279 0.3125 18.35 0.6973 70.7625
90% 3| c21,c07,c10 0.7000 0.6241 -2.8854 0.3B38 4@.37 0.5030 58.5884
90% 4| cl2,c14,cl0 0.6956 0.6193 -2.0083 0.3867 68.37 0.4594 57.1313
90% 5| c19,c03,c10 0.691B 0.6117 -1.89p6 0.3386 00.38 0.4488 56.1134
90% 6 | c27,c02,c10 0.6730 0.5861 0.2823 0.3438 8.3860.3800 51.44685
90% 7| c24,c06,c10 0.804p 0.6443 0.46y5 0.2887 ©@.3210.8174 49.2773
90% 8 | c28,c06,c10 0.7854 0.6127 0.5192 0.2480 0.3330.7914 43.9250
90% 9| cl16,c23,c10 0.6836 0.60%5 -0.7439 0.3426 26.38 0.3903 54.0030
90% 10| cl16,c21,c1() 0.6855 0.60y9 -1.3255 0.3323 822.3 0.3946 54.487¢

Table3: List of predictive QSAR models with equation generated from PL SR by Random data selection method (85% )

. Trial Stepwise-forward backward (SW-FB)
Trainingset%| -, Test Set r? g® | Pred r?| r’se| o°se| Pred r’se| Ftet

85% 1 c16,c22,c25,c03,c10 0.7069.6293 -2.0213| 0.342Q 0.384§ 0.4532 | 55.463B3
85% 2 c13,c17,c19,c21,c10 0.6860.6077 -0.0765] 0.3523 0.3942 0.3222 | 50.406P
85% 3 c20,c21,c27,c06,c10 0.7616.6504 0.5407| 0.2664 0.3226§ 0.5474 | 73.476P
85% 4 c11,c15,c04,c09,c10 0.7488.6347 0.3174| 0.2989 0.3604 0.4699 | 68.558[L
85% 5 c20,c24,c30,c03,c10 0.7059.625(0 -0.3953| 0.3391 0.3829 0.4066 | 55.2033
85% 6 c15,c21,c27,c03,c10 0.7%74.652(0 -0.9827| 0.3090 0.3701] 0.4478 | 71.786P
85% 7 €26,c01,c03,c08,c10 0.724@.6387 -0.2836] 0.3223 0.3689 0.5019 | 60.3979
85% 8 c14,c29,c30,c07,c10 0.7009.6208 -0.1700] 0.3407 0.383§ 0.4062 | 53.894p
85% 9 ¢15,¢18,c30,c03,c10 0.8%78.767H -5.3932| 0.2485 0.3177 0.7310 | 42.219p
85% 10 | ¢15,c29,c30,c04,c10 0.8540.716Q -0.9525 0.2329 0.325 0.8839 | 41.1741

Table4: List of predictive QSAR modelswith equation generated from PL SR by Random data selection method (80%)

- Trial Stepwise-forward backward (SW-FB)

Trainingset | Test Set r? q Pred 1’ | r’se g°se | Pred r’se | Ftes
80% 1 c25,¢29,c01,c03,c07,c10 0.7164 0.6826 -0.44583319| 0.3777 0.5113 55.57[76
80% 2 ¢20,c28,c2¢01,c04,c1C | 0.606¢ | 0.456¢ 0.831¢ 0.3597 | 0.422¢ 0.273¢ 33.919¢
80% 3 c12,c15,c16,c25,c09,c10 0.8499 0.7536 -19.798.2571| 0.3293 0.9646 59.4540
80% 4 c17,c18,c20,c22,c29,c]10 0.6846 0.6038 0.2623.3573 | 0.4005 0.3070 47.75p7
80% 5 c22,c26,c03,c08,c09,c10 0.8307 0.5970 -4.6Y2%2642| 0.4076 0.6609 107.9299
80% 6 c21,c23,c29,c03,c07,c10 0.6951 0.6100 -0.04183501| 0.3960 0.3616 50.15[L7
80% 7 cl12,c14,c21,c04,c06,c10 0.7705 0.5064 0.6112.2479| 0.3635 0.5563 35.2447
80% 8 c15,¢17,c28,c2c03,cl1C | 0.789% | 0.667« | -0.446¢ | 0.296( | 0.372. 0.469¢ 39.379¢
80% 9 c19,c21,c27,c29,c03,c10 0.6736 0.5861 0.4560.3604 | 0.4058 0.2875 45.3943
80% 10 c18,c¢26,c28,c01,c02,c10 0.7810 0.5686 -0.116.2930| 0.4112 0.5196 37.4413

Table5: List of predictive QSAR modelswith equation generated from PL SR by Random data selection method (75%)

- Trial Stepwise-forward backward (SW-FB)

Trainingset% | Test Set r? g Pred r’| r’se g’se | Pred r’ss| Fted
75% 1 | c12,c13,c15,c21,c2c02,c0¢,c1C 0.7707| 0.661(| -0.426:| 0.3174] 0.385¢ 0.380( 67.088¢
75% 2 | cl1,c14,c24,c27,c2c01,c0€,c1C 0.797%| 0.661¢| 0.430¢ | 0.254(| 0.328: 0.526¢ 37.404!
75% 3 | c15,c16,c23,c24,c27,c30,c08,c10 0.7970.7020| -0.2329| 0.2954 0.3582 0.4319 78.6938
75% 4 c14,c27,c28,c29,c04,c06,c09,c10 0.7891 | 0.6090 0.6053 0.2411| 0.3282 0.4905 35.5498
75% 5 | c15,c16,c21,c23,c02,c05,c07,c10 0.6350.5199| 0.6963 | 0.3212 0.3685 0.4120 34.8198
75% 6 | c15,c16,c21,c27,c06,c07,c08,c10 0.§896.8009| 0.1529 | 0.1992 0.2674 0.5648 76.5357
75% 7 | c16,c17,c20,c21,c22,c25,c03,c10 0.7050.6254| -0.4465| 0.3623 0.4083 0.3598 47.807]2
75% 8 c13,c17,c19,c21,c24,cc0€,c1C 0.7027 | 0.5949 0.5538 0.312¢| 0.364¢ 0.427¢ 47.279:
75% 9 ¢19,c20,¢21,c27,c03,c06,c08,c10 0.8§720.7636| 0.2594 | 0.2117 0.2887 0.5402 65.2164
75% 10 | c11,c15,c21,c22,c29,c04,c09,cl0 0.1432.6068| 0.4256 | 0.3162 0.3913 0.3689 57.8683
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Table6: List of predictive QSAR modelswith equation generated from PL SR by by spher e exclusion method

. Dissimilarity Stepwise-forward backward (SW-FB)
Trial value Test Set r’ g Pred r’ | r’se | ¢°se | Pred r’se | Fted
1 2.6 c23,c12,c14 0.6601L 0.5785 0.6519 0.3526 @.3920.2385 48.5553
2 3.0 c22,c12,c13 0.6604 0.5797 | 0.5574 | 0.3541| 0.3939 0.2278 48.6093
3 3.1 c02,c03,c12,c13,c23,cz 0.664: | 0.568: | 0.572¢ | 0.364¢ | 0.413¢ 0.249: 43.531¢
4 3.2 c02,c03,c10,c12,c13,c29,c23,c24 0.691M5961| 0.3086 | 0.3619| 0.4137 0.3169 44.7280
5 35 c02,c03,c10,c12,c13,c19,c29,c23,¢24 0.69035955| 0.3558 | 0.3693| 0.4227| 0.3030 42.5427
Table7: List of predictive QSAR models with equation generated from PL SR by manual data selection method
. Stepwise-forwar d backward (SW-FB)
Trial Test Set r’ Pred 1 | r’se | o°se | Pred r’se | Ftest
1 c12,c¢13,c23,c02,c03  0.64990.5535| 0.7725 | 0.3675| 0.4150| 0.1800 | 42.6906
2 c12,c13,c24,c02,c03  0.67000.5763| 0.4500 | 0.3569| 0.4044| 0.2780 | 46.7013
3 c12,c23,c24,c02,c03  0.66220.5665| 0.5886 | 0.3590| 0.4067| 0.2618 | 45.0952
4 c12,c13,c23,c24,c03 0.6608| 0.5703 0.6385 0.3601 0.40p3 0.2468 44.8035
5 c12,c13,c23,c24,c03 0.6741 0.5861 0.4396  0.35691010 0.2768 47.1336
6 c12,c13,c23 ,c02 0.6477 05570 0.8392 0.3524 6@.40 0.1636 44.1327
7 c12,c13,c19,c23,c0R2  0.6492 0.5579 0.7700 0.36801131 0.1824 42.5632
8 c12,c13,c23,c02,c1( 0.6772| 0.5898| 0.2663 | 0.3543| 0.3994| 0.3029 48.2537
9 c12,¢23,c29,c02 | 0.6360| 0.5422| 0.9547 | 0.3646| 0.4089| 0.1022 41.9392
10 c19,c23, c24,c29,c0? 0.7663 | 0.6189 0.2277  0.3023 0.38p0 0.4129 36.0753
Table 8: List of significant QSAR models with equation generated from PLSR
Model. no Method Test set Equation
log1/ICse= 0.2794 T_C_C_4 0.1336 SKMostHydrophobicHydrophilicDistange
+0.1223 T_N_CI_6 +2.1328
Random Optimum Components = 2
1 selection method C14,C27,C28,C29,C| n=22 Degree of freedom =24 F+e36.5498
; 04,C06,C09,C10 | r2=0.7891 g2 =0.6090 pr2d= 0.6053
75%ltrial 4/PLS - -
r2 se = 0.2411 g2 se = 0.3282 pred_x234905
Alpha rand R"2 = 0.00000 ; Alpha rand Q"2 = 0.0008Ipha rand Pred R"2 1
0.01000
log1/1GCso = 0.1809 T CCoA4 - 0.1428
SKMostHydrophobicHydrophilicDistance + 0.3643 Sss@t + 3.7834
Random Optimum Components = 2
2 selection method C12,C14,C21,C04,C| n=24 Degree of freedom =21 F+e36.2447
80%/irial 7/PLS 06,C10 r2=0.7705 g2 =0.5065 pmred= 0.6112
r2 se = 0.2479 g2 se = 0.3635 pred_x236563
Alpha rand R"2 = 0.00000 ; Alpha rand Q"2 = 0.0008Ipha rand Pred R"2 7
0.00100

In the above QSAR models, n is the number of mdésc(raining set) used to derive the QSAR modeis the
squared correlation coefficient, g2 is the crodidaged correlation coefficient, pred is the predicted correlation
coefficient for the external test s€tjs the Fisher ratio, reflects the ratio of the sade explained by the model and
the variance due to the error in the regressioghHialues of the F—test indicate that the modedtagistically
significant. f se, g2 se and predse are the standard errors terms forfrand pred_¥(smaller is better). Ris the
correlation coefficient for observed vs. predicbéalogical activity.
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Table 9: Actual and predicted biological activity for Training set and test set

Predicted Biological Activity (pl Csg)
S.No. | Compound | Actual (plCsp) Model 1 Model 2
1 Co1 6.08 6.00 5.92
2 C0z 5.817 5.82 5.6(C
3 C03 5.66 5.75 5.64
4 C04 6.47 6.29* 6.11*
5 C05 7.15 6.53 6.61
6 C06 6.89 5.84* 5.74*
7 CO7 5.51 5.84 5.74
8 Co¢ 5.2¢ 5.81 5.71
9 C09 5.41 5.72* 5.62
10 C10 5.37 5.35* 5.22*
11 C11 5.20 5.26 5.22
12 C12 5.13 5.24 5.07*
13 C1:z 5.1¢ 5.2C 5.1¢
14 C14 5.12 5.51* 5.36*
15 C15 5.24 5.38 5.47
16 C16 5.28 5.19 5.14
17 C17 5.11 5.25 5.20
18 C18 5.18 491 4.84
19 C19 5.14 5.13 5.08
20 Cc2C 5.1¢ 5.12 5.07
21 Cc21 5.05 5.02 5.22*
22 C22 5.09 5.00 5.07
23 C23 4.99 4.99 5.19
24 C24 5.01 5.24 5.34
25 C25 5.09 5.08 5.42
26 C2€ 4.94 4.9t 5.14
27 Cc27 4.97 4.54* 4.70
28 C28 4.87 4.65* 4.82
29 C29 491 4.64* 4.82
30 C30 4.96 4.63 4.81

*indicates compounds are in the test set for the corresponding model and rest are in the training set.

( Actual vs. predicted biological activity for N Actual vs. predicted biological activity for Test )
Training set of Model-1 set of Model-1
y=0.689x + 1.521
2 -
7.0 g:g R? = 0.653
6.6 ® 6.3 L g
6.2 6.0 *
5.8 y=0.789x + 1.124 5.7 PN 2 2
5.4 R?=0.789 g‘ll
5.0 4.8
4.6 T ‘ T T T T T 45 T Ig T T T T T T 1
46 50 54 58 62 6.6 7.0 45 48 51 54 57 6.0 63 6.6 69
\_ VAN J

Figure-01: Graph between actual and predicted biological activity of training and test set for Model-1.
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( Actual vs. predicted biological activity for N\ (
Training set of Model-2 Actual vs. predicted biological activity for Test
set of Model-2
70 y = 0.424x + 3.044
2 =
6.6 R2=0.729
6.2 ¢
>8 y=0.770x + 1.217 *
54 R2=0.770
5.0
46 + : T T ' ' ! '
46 50 5.4 5.8 6.2 66 7.0 5.0 5.4 5.8 6.2 6.6
\_ AN J
Figure-02: Graph between actual and predicted biological activity of training and test set for M odel-2.
Model-1 Model-2
Figure-03: Contribution plot for Model 1-2.
B L e T T AT 08 A0 30 31 33 32 D) B 1 30 0 35 83 M) 03 a) sd 43 88 0} ) 0. ) 12 N3 |
‘ Model-1 _ Model-2

Figure-04: Data fitnessplot for Model 1-2.

From the table-8, the equation of Model-01 explai@%o (r2=0. 0.7891) of the total variance in trering set as
well as it has internal (g2) and external (pred p®dicative ability of 61% (g2 =0.6090) and 61%efb r2 =

0.6053) respectively. Model- 02 explains 77% (r@.#705) of the total variance in the training setaell as it has
internal (g2) and external (pred_r2) predicativelitgbof 51% (g2 = 0.5065) and 61% (pred _r2 = 0.B11
respectively.
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Table-09 represents the predicted biological agtivy the model for training and test set. The pibbbserved vs.
predicted activity provides an idea about how whed model was trained and how well it predictsdbtvity of the
external test set. From the plot (Figure-02 andt 8an be seen that the model is able to preditatttivity of the
training set quiet well as well as external test peviding confidence of the model.

Interpretation of the M odel 2 (M ost significant)

Among the significant models generated (Table-@&)del 2 is the most significant one as it is hawimg higher
correlation coefficient value for the test set €R8.729) as compared to model 1 (R2 = 0.653) dysalan Figure 2
and 1 respectively.

The equation 2 explains 77% (r2 = 0.7705) of thaltgariance in the training set and has an intefg2) and
external (pred_r2) predictive ability of ~51% (q20:5065) and ~61% (pred_r2 = 0.6112) respectivEhe F test
shows the statistical significance of 99.99 % @f thodel which means that probability of failuretioé model is 1
in 10000. In addition, the randomization test shawafidence of 99.9 (Alpha Rand Pred R*2 = 0.00} the
generated model is not random and hence may bewrlassthe QSAR model. In the QSAR model 2, thetigesi
coefficient value of T_C_C_4 [This is the couritrmmber of carbon atoms separated from any cagtom
(single, double or triple bonded) by 4 bond distairta molecule] and SssOcount [this descriptoindsfthe total
number of oxygen atom connected with two singledsdon the biological activity indicated that higivalue leads
to better epidermal growth factor receptor (EGFR)ag&e inhibitoryactivity (compound c¢05,c01,c02,c07 etc.)
whereas lower value leads to decrease activity poamd ¢28,¢13,¢26,c29,c30 etc.). Negative coefitcialue of
SKMostHydrophobicHydrophilicDistance [most hydropimo value on vdW surface] on the biological activit
indicated that lower values leads to good epidergrawth factor receptor (EGFR) kinase inhibitcagtivity
(compound c05,c01,c07, etc.) while higher valueldeta reduced activity (compound ¢28,c15,c29,c3adB etc.).
Figure-03 represents the contribution chart showimgtribution of the various descriptors playingpontant role in
determining the epidermal growth factor receptdBFR) kinase inhibitoractivity for model 01-02 and Figure-04
represents the data fitness plot for model 01-O@ntkbution chart for model 2 reveals that the digsors
T_C_C_4, SKMostHydrophobicHydrophilicDistance anssScount contributing 46.75 %, 32.74% and 20.51%
respectively.

I nter pretation of the Model 01

The equation 1 explains 79% (r2=0. 0.7891) of ttaltvariance in the training set as well as it imésrnal (q2) and
external (pred_r2) predicative ability of 61% (qR.6090) and 61% (pred_r2 = 0.6053) respectivelye Fhtest
shows the statistical significance of 99.99 % @f thodel which means that probability of failuretioé model is 1
in 10000. In addition, the randomization test shaaesfidence of 99 (Alpha Rand Pred R*2 = 0.01) ftinat
generated model is not random and hence may begtassthe QSAR model.

In the QSAR model 1, the positive coefficient vahfeT _C_C_4 [This is the count of humber of carlaioms
separated from any carbon atom (single, doublemetbonded) by 4 bond distance in a molecule] and_CI_6
[this is the count of number of Nitrogen atom#igée, double or triple bonded) separated from ahlphe atom
by 6 bonds in a molecule] on the biological activittdicated that higher value leads to better epidé growth
factor receptor (EGFR) kinase inhibitoagtivity (compound c05,c01,c02,c07 etc.) whereas lower vigads to
decrease activity (compound €28,¢13,c26,c29,c30 .).etc Negative coefficient value of
SKMostHydrophobicHydrophilicDistance on the bidlk] activity indicated that lower values leads good
epidermal growth factor receptor (EGFR) kinasebiibry activity (compound c05,c01,c07, etc.) while higher value
leads to reduced activity (compound ¢28,c15,c29¢28)c18 etc.). Contribution chart for model 1 idsethat the
descriptors T_C_C_4, SKMostHydrophobicHydrophilisaince and T_N_CI_6 contributing 59.70%, 22.70%, an
17.60 % respectively.

The observed vs. predicted activity provides aia idieout how well the model was trained and how iveltedicts
the activity of the external test set. From the jflecan be seen that model is able to predictaitterity of training
set quite well (all points are close to the regmsdine) as well as external test set providingfaence in the
predictive ability of the model.

From Figure 1, and 2, it is seen that the plotshsferved vs. predicated activity for different mlederovide an idea
about how well the models were trained and how tiely predict the activity of the external test set
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