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Validated predictive QSAR modeling was done on some N-aryl-oxazolidinone-5-carboxamides for higher
anti-HIV protease activities. Stepwise regression developed significant models showing importance of
atom based descriptors like RTSA indices, Wang-Ford charges and different whole molecular descriptors.
The true predictabilities of QSAR models were justified by challenging these against an external dataset. A
representative high active compound was predicted by this modeling. It showed that internal and exter-
nal validations may lead to the same conclusion.
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Acquired immune deficiency syndrome (AIDS) is an end stage
disease. It is manifested by gradual deterioration of the immune
competence of infected patients.! Human immunodeficiency
virus-1 (HIV-1) is the causative organism for AIDS. It belongs to
the lentiviridae family of pathogenic retroviruses. The HIV-1 prote-
ase is a homodimeric aspartyl protease. It cleaves a 55 kDa poly-
protein precursor and produces smaller functional protein
fragments. These are responsible for infectivity of the budding viri-
ons.? Inhibition of this protease enzyme stops these processing
steps giving rise to non-infectious and immature progeny virions.
A number of HIV-1 protease inhibitors (indinavir, ritonavir, nelfi-
navir, etc.) are marketed as anti-HIV drugs. Recently, these were
combined with nucleoside and/or non-nucleoside reverse trans-
criptase inhibitors for highly active antiretroviral therapy (HAART).
It is proved to be an effective therapy against AIDS.> However,
None of the available anti-protease drugs or treatment is com-
pletely devoid of untoward effects.* Phenotypic resistance and
cross resistance also restricted their uses.” Hence, search for new
more active as well as less toxic HIV-1 protease inhibitors are still
in progress. To find the structural requirements for more active
anti-HIV protease agents, QSAR modeling was done on some
N-aryl-oxazolidinone-5-carboxamides.® The general structure
of these compounds with arbitrary numbering is shown in
Figure 1.
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The HIV-1 protease inhibitory activity (K; in nM) data of thirty-
eight N-aryl-oxazolidinone-5-carboxamides were collected from
the published work of Ali et al.’ The K; values were converted to
the negative logarithmic scale (pK;). The pK; values were used as
response variables. The activities of compounds are shown in Table
1. Atom based electrotopological state atom indices (ETSA)”® and
refractotopological state atom indices (RTSA)*'° were calculated
using computer program ‘mouse’.!! Atomic descriptors like Wang-
Ford charges, electrostatic potential charges and different whole
molecular electronic descriptors were calculated by using Chem
3D Pro package.'? Energy minimization of these structures was
separately done under MOPAC module of AM1 (Austin Model 1)
method using RHF (restricted Hartree-Fock: closed shell) wave
function. Other whole molecular descriptors were calculated by
Dragon software.'? The total number of calculated whole molecular
descriptors was about 700. Descriptors without variances were

Figure 1. General structure of N-aryl-oxazolidinone-5-carboxamide with arbitrary
numbering.
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Table 1
K; and pK; values of compounds in the dataset I°
Compd® R! R? R® R* R® RS R’ KP° pK;i
1 H H H H OCH; H iPr 0.100 10.000
2 F H H H OCH; H iPr 0.083 10.080
3 F F H H OCH; H iPr 0.066 10.180
4 CF;3 H H H OCH; H iPr 0.006 11.222
5 Ac H H H OCH; H iPr 0.001 12.097
6 H Ac H H OCH; H iPr 0.004 11.398
7 OCH; H H H OCH; H iPr 0.045 10.347
8 H H H H NH, H iPr 0.530 9.276
9 F H H H NH, H iPr 0.170 9.769
10 F F H H NH, H iPr 0.230 9.638
11 CF;3 H H H NH, H iPr 0.042 10.377
12 Ac H H H NH, H iPr 0.032 10.495
13 H Ac H H NH, H iPr 0.184 9.735
14 F H H -0-CH,-O- H iPr 0.107 9.971
15 F F H -0-CH,-0O- H iPr 0.085 10.071
16 CF;3 H H -0-CH,-O- H iPr 0.016 10.796
17 Ac H H -0-CH,-O- H iPr 0.006 11.222
18 H Ac H -0-CH,-O- H iPr 0.016 10.796
19 F H H F OCH; H iPr 0.070 10.155
20 F F H F OCH; H iPr 0.343 9.465
21 CF; H H F OCH; H iPr 0.072 10.143
22 Ac H H F OCH; H iPr 0.133 9.876
23 H Ac H F OCH; H iPr 0.080 10.097
24 CF; H H H OCF; H iPr 10.000 8.000
25 Ac H H H OCF; H iPr 2.000 8.699
26 H H H OCH; H H iPr 3.800 8.420
27 H Ac H OCH; H H iPr 0.840 9.076
28 F H H H H H cPr 0.257 9.590
29 F F H H OCH; H Pr 0.580 9.237
30 H Ac H H OCH; H «cPr 0.800 9.097
31 H H H OCH; H H 2-TP° 238.700 6.622
32 F H H OCH; H H 2-TP¢ 188.800 6.724
33 H Ac H OCH; H H 2-TP¢ 29.500 7.530
34 H H F H F F 2-TP¢  170.200 6.769
35 F H F H F F 2-TP¢ 160.200 6.795
36 H Ac F H F F 2-TP¢  167.700 6.775
37 H H H OCH; H H 2THF! 42.000 7.377
38 F H H OCH; H H 2THFY 150.000 6.824

2 Compound number.

b Taken from Ref. 6.

¢ 2-TP = 2-thiophene.

4 2THF = 2-tetrahydrofuran.

discarded. Highly correlated descriptors were grouped together
and descriptor with the highest correlation with the pK; was se-
lected from that group. From the remaining 231 descriptors, selec-
tion of descriptors was done by stepwise regression analysis'*
using F value as stepping criteria (F = 3.0 for inclusion, F = 2.9 for
exclusion). During stepwise regression, all intercorrelated inde-
pendent parameters (correlation coefficient >0.6) were discarded.
Calculated values of descriptors are shown in Supplementary data.
The dataset® (henceforth, called the dataset I) was divided into the
test set and the training set by Y based ranking method.'> Mole-
cules were ranked based on their pK; values. Molecules in the
1st, 5th, 9th, 13th and so on rows were collected. These 10 col-
lected compounds (almost 25% total dataset; compounds 5, 7, 10,
14, 16, 23, 26, 29, 32, and 38) were treated as the test set (test
set I), whereas, the rest was the training set. Regression equations
were justified by correlation coefficient (R), adjusted R? (R?), vari-
ance ratio (F) at specified degrees of freedom (df), probability fac-
tor related to F ratio (p), standard error of estimate (SEE). Leave-
one-out (LOO) cross validation method was used to validate mod-
els. Internal predictabilities of these equations were justified by
predicted residual sum of squares (PRESS), cross-validated R?
(Rﬁv), standard deviation error of prediction (SDEP) and standard
error of PRESS (Spgress). External predictabilities of these models
were justified by Rj., values. Moreover, k and k' values'®'” and
root mean square (rm?) value'® were also considered as external
predictability parameters. k and k' values should be within the

range of 0.85-1.15 and R34 and rm? values should be more than
0.5.

Stepwise regression generated different equations. Initially se-
lected equations (Rév > 0.75) were considered. Two equations
were developed with atom based descriptors. The first equation is:

pK; = 71.832(£14.037) + 14.731(£5.257)q
+27.683(£6.178)q,o + 14.791(+2.054)q,,
— 106.543(£14.319) 50 )

n=28; R=0.934; R: =0.851; F(4,23) = 39.594;

p < 0.00001; SEE = 0.558; RZ, = 0.820; PRESS = 10.196;

SDEP = 0.603; Spress = 0.665, Rlz,red =0.782; k=1.009;

k' = 0.985; rm? = 0.726.

where n is the number of compounds in the training set. The qq, the
¢10, the g»7 and the g»9 are Wang-Ford charges of atom numbers 9,
10, 27, and 29 of the general structure (Fig. 1). For atom based
descriptors, the best equation was obtained with the RTSA index
of the atom number 34 (R34), Wang-Ford charges of atom numbers

9 and 32 (the g9 and the g3, respectively) and the existence of ami-
no group at R’ position of the general structure (I;). The equation is:

pK; = 15.647(£0.616) — 1.801(0.155)Rs4
+14.902(+5.138)qo — 5.779(+0.670)qs,
—1.256(£0.345)I 2)

n=28; R=0.941; Ri = 0.865; F(4,23) = 44.340;
p < 0.00001; SEE = 0.531; R%, = 0.834; PRESS = 9.369;
SDEP = 0.578; Spress = 0.638; R3.q = 0.754; k = 0.979;
k' =1.016; rm? = 0.689.
When only whole molecular descriptors were subjected to step-

wise regression analysis, two equations showed RZ, value more
than 0.75. The first equation is:

pK; = 20.166(3.305) — 0.009(:0.002)QXXm
—0.349(£0.115)nCaH — 6.456(:2.591)PJI2
+4.916(+1.065)Lop 3)

n=28; R=0917, Rf\ =0.814; F(4,23) = 30.549;

p < 0.00001; SEE = 0.624; Rév = 0.776; PRESS = 12.670;

SDEP = 0.673; Spress = 0.742; Rlz,red =0.536; k= 0.988;

k' =0.999; rm? = 0.501.

Where geometric descriptor QXXm'® stands for Qxx COMMA?2 value
(weighted by atomic masses). The nCaH is the number of unsubsti-
tuted aromatic carbon with sp? orbital. Topological descriptors like
Lop®° and the PJI2?! are lopping centric index and 2D Petitjean shape

index, respectively. This equation explains 81.4% variance and pre-
dicts 77.6% variance of biological activity. The second equation is:

pK; = 48.354(£6.225) — 3.940(+1.508)Dispp
+1.420(+0.106)nCp — 92.402(+21.527)X2Av
—1.695(£0.232)S2K (4)

n=28; R=0.945; Rf\ =0.874; F(4,23) = 47.643;

p < 0.00001; SEE = 0.515; R%, = 0.843; PRESS = 8.892;
SDEP = 0.563; Spress = 0.622; R, = 0.782; k = 1.011;
k' =0.983; rm? = 0.677.
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The Dispp?? or the d COMMA?2 value (weighted by atomic polar-
izability) is a geometric descriptor. The X2Av?? and the S2K?* are
topological descriptors representing the average valence connec-
tivity index (x-2) and the 2-path Kier alpha modified shape index,
respectively. Functional descriptor nCp is the number of primary
carbons having sp> orbital. When atom based and whole molecular
descriptors were considered together, the best equation was found.
It is:

pK; = 16.701(2.072) — 6.799(+0.670)q55
+0.454(£0.157)L/Bw + 0.631(+0.108)nCp
— 2.259(+0.385)VEA1 (5)

n=28; R=0.966; R: = 0.922; F(4,23) = 80.669;

p < 0.00001; SEE = 0.404; Rév = 0.902; PRESS = 5.567;
SDEP = 0.446; Spress = 0.492; Rlzjred =0.825; k=10.989;
kK =1.006; rm? = 0.790.

In Eq. 5, the g3s is the Wang-Ford charge of the atom number
35. The L/Bw?’ is length to breadth ratio and the VEA1%° is eigen-
vector coefficient sum of adjacency matrix. Sometimes stepwise
regression produces equations with biased intercorrelated descrip-
tors with low effects on the dependent parameter. To overcome
this, variation inflation factors (VIF)?”-?® of each model were deter-
mined. The VIF was calculated from 1/1 — r* where r? is the multi-
ple correlation coefficient of one descriptor’s effect regressed on
the remaining molecular descriptors. For VIF value larger than
10, information of the descriptor may be hidden by other descrip-
tors. The VIF factors of different descriptors of Eqs. 1-5 are pro-
vided in Supplementary data. The highest value obtained was
2.834 for g7 in Eq. 1. To check whether the built models are biased
to a particular splitting method or not, k means cluster analysis (k-
MCA)?® was adopted. The k-MCA divided the dataset in four clus-
ters containing 9, 5, 14, and 10 members each depending on
Euclidian distance. Nine compounds (25% compounds of the total
dataset, compounds 5, 9, 15, 19, 21, 23, 27, 31, and 38) were se-
lected randomly for designing the test set (test set II). The remain-
ing compounds were treated as the training set (Training set II).
The QSAR Egs. of 1-5 were redeveloped. These are:

pK; = —71.832(+14.037) + 14.731(£5.257)q,
+27.683(+6.178)q, + 14.791(+2.054)q,;
— 106.543(+14.319) 50 (6)

n=29; R=0.924; R,z\ = 0.830; F(4,24) = 35.206;
p < 0.00001; SEE = 0.595; Rév = 0.807; PRESS = 11.276;
SDEP = 0.624; Spress = 0.684.
Similarly:
pKi = 16.197(£0.617) — 1.863(£0.171)R34
+8.389(+4.603)qy — 5.273(£0.681)q5,
—1.194(£0.358)I; (7)

n=29; R=0.931; R: = 0.845; F(4,24) = 9.281;

p < 0.00001; SEE = 0.568; R%, = 0.809; PRESS = 11.123;

SDEP = 0.619; Spress = 0.681.

another model:

pK; = 20.166(+3.305) — 0.009(+0.002)QXXm
—0.349(+0.115)nCaH — 6.456(+2.591)PJI2
+4.916(+1.065)Lop (8)

n=29; R=0.900; R2 = 0.814; F(4,23) = 30.549;
p < 0.00001; SEE = 0.681; R%, = 0.721, PRESS = 16.297;
SDEP = 0.750; Spgess = 0.824.

the other model:

pK; = 48.608(+5.393) — 4.952(+1.274)Dispp
+ 1.444(+0.103)nCp — 98.825(+19.710)X2Av
—1.603(£0.200)S2K (9)

n=29; R=0.949; R2 = 0.885; F(4,24) = 54.718;
p < 0.00001; SEE = 0.490; R%, = 0.809; PRESS = 8.918;
SDEP = 0.554; Spgess = 0.610.

and the final one:

pK; = 16.701(2.072) — 6.799(+0.670)qa5
+0.454(+0.157)L/Bw + 0.631(+0.108)nCp
— 2.259(+0.385)VEA1 (10)

n=29; R=0960; R: = 0.922; F(4,23) = 80.669;
p < 0.00001; SEE = 0.681; R%, = 0.890; PRESS = 6.448;
SDEP = 0.471; Spress = 0.518.

Comparing earlier Eqs. 1-5, Eqs. 6-10 show similar statistical
qualities. Therefore, QSAR models are not dependent on any partic-
ular splitting method. Stepwise regression procedure is highly sus-
ceptible to chance correlation. Randomization test was performed
to circumvent this. Values of pKjs were permuted randomly and
repeatedly to generate QSAR models. Resulting scrambled regres-
sion coefficients (Rscg) are compared with regression coefficients
of the original QSAR models. For statistically significant models,
original regression coefficients (R) should be significantly greater
than Rscg.2° For 95% confidence interval, 19 trials were made. The
Rscr values are shown in Supplementary data. As Rscg values for
different models range from 0.477 to 0.565 (much less than non-
randomized Rg), robustness of the original models was confirmed.
Determination of the applicability domain®! is a theoretical ap-
proach for ensuring the predictability of the model property for
the entire set of chemicals. Applicability domain is a theoretical re-
gion in a chemical space defined by the model descriptor and mod-
el response. Predictions for only those chemicals that fall into that
space are considered reliable. Extent of extrapolation®' that calcu-
lates applicability domain by leverage for each chemical was
adopted and the details of it are avoided. Prediction is considered
unreliable for compounds of leverage value greater than 3p/n
where p is the number of model variables plus one and n is the
number of datapoints. For Eqs. 1-5, the warning limit for these
compounds was 0.54. Leverage values for compounds of Eqgs. 1-5
are provided in Supplementary data. All compounds, except com-
pound 13 for Eq. 1, lie within the warning limit.

A QSAR modeling faces a serious drawback when a model fails
to predict activities of compounds outside the dataset. For a small
dataset with limited extent of structural variations this problem is
further manifested. Success of a model is not truly justified until it
predicts activities of structurally diverse compounds. Considering
this, sixteen structurally related anti-HIV I protease compounds
(compounds 39-51) were collected from the work of Reddy
et al.>2 and this dataset is henceforth called Dataset II. These com-
pounds were treated as the test set (test set IIl) for the Dataset I
(training set III). General structure of compounds 39-51 is shown
in Figure 2. The activities of these compounds are provided in Table
2. Structures, activities of compounds 52-54 are given in Table 3.
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Figure 2. General structure of compounds 39-51.

Calculated values of whole molecular descriptors for the dataset
Il are shown in Supplementary data. As positions of these atoms
are changed for the dataset II, it was not possible to check predic-
tabilities of atom based descriptors. Hence, Egs. 1, 2, and 5 were ex-
cluded from external validation process. The predictabilities of
other equations were challenged with respect to the test set III.
Predictabilities of these models were justified by RZ.,, k k' and
rm? values. After the new QSAR modeling, Egs. 3 and 4 produced
Egs. 11 and 12, respectively and these are:

pK; = 17.244(+3.528) — 0.008(+0.002)QXXm
— 0.368(+0.119)nCaH — 4.379(+2.866)PJI2
+5.696(+1.113)Lop (11)

n=38; R=0869; R: = 0.725; F(4,33) = 25.441;

p < 0.00001; SEE = 0.782; R, = 0.679; PRESS = 26.413;
SDEP = 0.834; Spress = 0.895; RZ., = —3.483; k = 0.700;
kK =1.567; rm? = 0.226.

pK; = 49.228(£5.506) — 4.470(1.423)Dispp
+1.490(£0.105)nCp — 100.870(<20.166)X2Av
— 1.642(£0.210)S2K (12)

DC = 43,51,54; n=38; R=0.929; R = 0.847;
F(4,33) =52.135; p < 0.00001; SEE = 0.584;
RZ2, = 0.820; PRESS = 14.852; SDEP = 0.625;
Seress = 0.671; RZ., = 0.588; k=1.114; k' = 0.924; rm? = 0.184.
Evidently, predictability of Eq. 11 for the test set Il was poor
whereas the same of Eq. 12 was moderate. For Eq. 12, three com-
pounds (43, 51, and 54) were deleted as these showed extreme var-
ied predictive results. These compounds may act through different
mechanismy(s) of action(s). For Eq. 11, no deletion could be made as
most of the predictive values were out of range. Now, for dataset I,
several QSAR models were developed but equations with RZ, less
than 0.75 were discarded. After obtaining unsatisfactory predict-
ability results from the developed models, other models were
tested. One QSAR model produced Eq. 13 on Y based ranking for
the dataset I. This equation is:

pK; = —9.838(£5.030) + 14.912(+3.475)IVDE
— 1.581(0.979)/3D — 1.638(=£0.405)SEigm
—0.394(+0.120)G(S...S) (13)

n=28; R=0894; R> = 0.763; F(4,23) = 22.791;

p < 0.00001; SEE = 0.704; Rév = 0.700; PRESS = 16.989;
SDEP = 0.779; Spress = 0.859; R, = 0.755; k = 1.034;
k' =0.971; rm? = 0.715.

Table 2
K; and pK; values of compounds in the dataset II*®

Compd® R' R? R R K pKi

]
39 7;( J\ H H OH
(o)
o]
40 Jj\
1 7‘:( J\ 3CF; H OH 2.620 8.582
42 'f'}‘INJJ\ 3-Ac H OH 0.980 9.009
0 H

- o)
43 > NJI\O/
o H

131.400 6.881

34-diF H OH 2.13.000 8.672

H H OH 3.510 8.455

44 \,,'i"/\o H H OH 8.050 8.094
O

45 \"in/\O 3Ac H OH 35.110 7.455
O

46 \"in/\O 4Ac H OH 39.870 7.399
O

4731.000 5.325

47 N H H H
) \"/\ o (0]

21.630 7.665

48 ;"\ﬂ/\o 3CF, OH H
o)
O o)

49 < g
o e

o)
50 2 )L H OH H
o 4

pZ O S
51 N \"/‘ 3CF; OH H

T
o]
@i

657.000 6.182

1800.000 5.745

41.090 7.386

2 Compd: compound number.
5 Taken from Ref. 36.

Eq. 13 predicts 76.3% and explains 70.0% variances. VIF values,
average scrambled regression coefficient, leverage values and
correlation matrix of Eq. 13 are provided in Supplementary data.
Upon cluster based splitting technique, these descriptors produced
the following equation:

pK; = —13.928(+5.338) + 18.100(+:3.679)IVDE
—2.177(+0.908)J3D — 1.845(+0.416)SEigm
— 398(+0.111)G(S...S) (14)

n=29; R=0.894; R2 = 0.767; F(4,24) = 24.027
p < 0.00001; SEE = 0.697; R%, = 0.725; PRESS = 16.080;
SDEP = 0.745; Spess = 0.818.
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Table 3
K; and pK; values of the compounds in the dataset II*®
Compd? Structures Ki°[pK;
(0] (@]
H
N 7.000/8.155

52 -
)/(o OH
o
o}
53 o N
- \"/ N N/
H
o
0o
N N~
54 N H
OH

10.600/7.975

1090.000/5.963

2 Compd: compound number.
b Taken from Ref. 36.

External validation for the test set Il produced Eq. 15.
pKi = —15.794(+5.005) — 1.783(+0.927)J3D
—0.304(£0.115)G(S...S) + 18.7052(+3.535)IVDE
—1.934(+0.425)SEigm (15)

n=38; R=0.867; R2 =0.721; F(4,33) = 24.876;

p < 0.00001; SEE = 0.789; R, = 0.679; PRESS = 26.462;
SDEP = 0.834; Spress = 0.802; R%,., = 0.878; k = 0.936;
K =1.074; rm? = 0.610.

For the dataset I, inherent statistical qualities of Eqs. 13 and 14
are inferior to earlier developed models [REv values <0.75] but the
predictability of the model for external data is higher than Egs. 11
and 12 as suggested by RZ .4, k, k' and rm? values of Eq. 15.

In 2D QSAR analyses, a number of equations are developed, but
equations of higher statistical qualities (evidenced by R, RZ,, etc.)
are mainly highlighted. To obtain statistically robust models, an
arbitrary cut off value of R%, (0.75) was initially considered. After
including more number of compounds from other dataset (the
Dataset II), two types of equations were found. One type of equa-
tions [Egs. 3 and 4] has good statistical qualities for inherent vali-
dation but have moderate [e.g., Eq. 4] or poor [e.g., Eq. 3] statistical
predictions for Dataset II. The other type of equation [Eq. 13] may
have lesser overall statistical quality for dataset I, as compared to
the first kind of equations [Eqs. 3 and 4] but has satisfactory, if
not excellent, predictability for a set of compounds (of Dataset II)
that not only lie outside the data but also have much more struc-
tural variations as well as complexities. The first kind of equations
highlights the structural details of a set of compounds. Their pre-
dictabilities are limited to the dataset. The second kind of equa-
tions [Eq. 13] is more versatile. Their scope of predictability may
be safely extrapolated for the design of new compounds. If any
equation, that is, Eq. 3, gave anomalous predictions for external
dataset, it is better to ignore the equation, and thus, detail of this

model is avoided. The inconsistency between inherent and exter-
nal validation for small dataset may be due to the reason that for
inherent validation, some descriptors were present in dormant
stages due to limited number of datapoints and complexities of
molecules. The influences of these descriptors become prominent
when a different dataset is challenged against these. Hence, equa-
tions like Eq. 13 are difficult to find by conventional QSAR methods
devoted to inherent validation. The only way to find these models
is to expose different equations with external datasets containing
compounds with huge structural variations.

Eq. 1 shows importance of the gg, the g0, the ;7 and the g,9 for
the dataset I. The positive coefficients of the qq, the g9 and the g7
indicate that the positive charge of the atom number 9 and the
negative charges of atom numbers 10 and 27 may be increased.
The negative charge of the atom number 29 may be decreased.
The charge distributions of atom numbers 27 and 29 may be di-
rectly correlated with the type of moiety associated with the atom
number 27, that is, the nitrogen atom. The charge distributions on
these atoms suggest that comparing small groups like isopropyl or
cyclopropyl, bulky groups like thiophene and/or tetrahydrofuran
may have an influence on the decrease of the negative charge of
the atom number 27 and on the increase in the negative charge
of the atom number 29 (the O atom). Substitutions on nitrogen
was earlier reported as a contributing factor for interaction with
the hydrophobic pockets of the HIV-I protease enzyme>® and this
information complies with current QSAR study. The negative coef-
ficient with Wang-Ford charge of the atom number 32 in Eq. 2 sug-
gests that Wang-Ford charge of this atom may be decreased. The
R-state index is assumed to be related to the dispersive or van
der Waals interactions with the enzyme. From the negative coeffi-
cient of R34, it is evident that the increase in the value of this
parameter may be unfavorable. The negative coefficient of I; defies
the presence of amino group at the atom number 34. In Eq. 4, neg-
ative coefficients of the Dispp, the S2K and the X2Av indicate that
low values of these descriptors may be favorable. The positive coef-
ficient of the nCp suggests that the total number of primary sp> car-
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Equivalent to
the atom number 35

Figure 3. Structure of the designed proposed compound.

bon may increase the activity. In Eq. 5, the negative coefficient of
Wang-Ford charge at the atom number 35 suggests that the charge
of the atom may be decreased. This descriptor also indicates that
the presence of electron donating group in R® position and the ab-
sence of electron withdrawing group in R® position may be condu-
cive to the activity. The positive coefficient of L/Bw suggests that
the required ratio of length and breadth may be higher. The nega-
tive coefficient of VEAT signifies that the value of this descriptor
may be lowered. Lastly, Eq. 13 shows importance of topological
descriptors Balaban 3D index (J3D), mean information content in-
dex vertex degree equality (IVDE), eigenvalue sum for mass
weighed distance matrix (SEigm) and geometric descriptor sum
of geometric distance between two sulfur atoms [G(S-S)]. Regres-
sion coefficients show that increased values of IVDE and decreased
values of the J3D, the SEigm and the G(S...S) may be favorable. As
values of G(S...S) are positive for compounds 31-36 and zero for
all other compounds, the presence of bulky thiophene group at
R” position of the dataset I may be unfavorable.

Based on the QSAR predictions, one new compound was de-
signed. This one was proposed for higher activity. For this design,
descriptors of Eq. 5, undoubtedly the best internal validated model,
as well as that of Eq. 13, proved to be the best external validated
model, were considered. The structure of the proposed compound
is given in Figure 3. The predicted pK; value of this compound from
Eq. 5 and 13 were 12.095 and 12.099, respectively. These activities
are almost equivalent to that of compound 5 which showed the
highest activity (pK; = 12.097). Significance of this designed com-
pound lies in the fact that its predicted activities are similar for
the best internal and external validated models. Moreover, the
molecule (Fig. 3) retained its central hydroxyl group which may
form hydrogen bonds with the carboxylate groups of the catalytic
aspartic acids of the protease enzyme as observed in the co-crystal
structures. However, this is just one of the many possible struc-
tures that may be designed from the current QSAR modeling. Thus,
this work shows that both internal and external validations were
equally important and may lead to the same prediction and conclu-
sion. Regression coefficients of Eqs. 1-5 and 13 are significant at
95% confidence level as shown by their t- and p-values (provided
as Supplementary data). Observed (Obs), calculated (Calcd), resid-
ual (Res), predicted residual (Pres) and LOO predicted activities of
Eqs.1-5 and 14, correlation matrices of dependent and indepen-
dent variables and Plots of observed versus predicted values of
important equations like Eqs. 5, 13, and 15 are shown in Supple-
mentary data. The recommended ratio of the number of predictor
parameters to number of data point of 1:5 was maintained.>4-3¢
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