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Abstract

The molecular orbital semi-empirical method PM3 was employed to calculate a set of molecular properties (variables or
descriptors) of 21 flavonoid compounds with anti-HIV activity. The correlation between biological activity and structural
properties was obtained by using the multiple linear regression and partial least squares methods. The model obtained showed
not only statistical significance but also predictive ability. The significant molecular descriptors related to the compounds with
anti-HIV activity were: electronegativity () and the charges on atoms C3 and C7 (Q; and Q5, respectively). These variables led
to a physical explanation of electronic molecular property contributions to HIV inhibitory potency. © 2001 Elsevier Science

B.V. All rights reserved.
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1. Introduction

Human immunodeficiency virus type 1 (HIV-1)
[1,2] is the causative agent of acquired immuno-
deficiency syndrome (AIDS), which is characterized
as a systemic and fatal disorder. Recently, a series of
flavonoid compounds with active anti-HIV principle
have been isolated and synthesized [3—5]. Previous
works have also reported a series of other activities
related to flavonoid compounds [6—-10].
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273-9975.
E-mail address: alberico@igsc.sc.usp.br (A.B.F. da Silva).

Extensive synthetic and structure—activity studies
have been carried out on anti-HIV compounds [11—
13]. The overall picture which emerges from these
studies shows that the hydrophobic, electrostatic,
and steric characteristics of substituents have a
predominant role in the anti-HIV activity [14—15].

In a previous work [16], we made use of principal
component analysis (PCA) and hierarchical cluster
analysis (HCA) to investigate which descriptors
would be more effective for classifying 21 flavonoid
compounds according to their degree of anti-HIV
activity. In that work we found that only five
variables, namely LUMO (the energy of the lowest
unoccupied molecular orbital), y (electronegativity),
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Fig. 1. Structural skeleton and numbering of the flavonoid
compounds studied.

and Q,, O and Q; (charges on atoms 2, 3 and 7,
respectively), were responsible for classifying the 21
flavonoid in more active and less active compounds.

In the present work, the multiple linear regression
(MLR) and partial least squares (PLS) methods [17-
18] are employed with the aim to obtain a correlation
between the five previously calculated descriptors and
the anti-HIV activity of the 21 flavonoid compounds
[16]. The main structure and numbering adopted are
shown in Fig. 1, and their structures are shown in Fig. 2.

2. Calculation

The biological evaluation of the flavonoids was
done by using the log of the numerical indicator for
activity, ECs, that indicates pharmacological potency
(concentration which inhibits virus replication by
50%) [3]. The respective log ECs, values for all the
21 flavonoid compounds studied are shown in Table 1.

The five variables previously selected by PCA and
HCA analyses [16] were used initially for the construc-
tion of the MLR and PLS models for the data matrix
described in Table 1. The PIROUETTE and MATLAB soft-
wares [19-20] were used in our statistical analyses.

The descriptor matrix X = (n,m) with n = 21 rows
(n being the number of samples) and m = 5 columns
was autoscaled as pretreatment, i.e. was meancentered
(each element of data matrix was subtracted by its
mean column) and scaled to variance of one (each
element divided by the standard deviation of its
column) before the MLR and PLS analyses.

The multivariate technique of partial least squares
(PLS) regression was used for modelling [18,21]. In
the PLS method, the latent variables are computed
taking into account both the descriptors and activity
values (y), making use of more information when
building the model. Contrary to MLR regression
method, PLS allows the simultaneous use of strongly
intercorrelated descriptors by focusing the systematic
covariances in the X block in a few latent variables. In
modelling it is essential to determine its complexity to
avoid overfitting. The predictive capability of the
resulting model depends on the quality of the data
(the more and better the data available, the more accu-
rate prediction is possible), and the number & of signif-
icant latent variables necessary. Cross-validation is a
practical and reliable method for testing this signifi-
cance. In principle, the so-called ‘leave-one-out’
approach consists in developing a number of models
with one sample omitted at the time. After developing
each model, the omitted data is predicted and the
differences between actual and predicted y(log ECs)
values are calculated. The sum of squares of these
differences is computed and finally the performance
of the model (its predictive ability) can be given by
the standard error of prediction (SEP) defined as

: 2
i =9
=1

SEP =

n

where y is the experimental log ECsy, § is the
predicted value and n is the number of samples used
for model building.

The predictive ability of the model was also quan-
tified in terms of the O which is defined as:

- 2
> i)
=1

0°=10- =
Z()’i -5
i=1

Where )_) = ymean

3. Results and discussion
3.1. Multiple linear regression (MLR) analysis

From the data matrix displayed in Table 1, the
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Fig. 2. Structure of the 21 flavonoids studied.
following regression equation was obtained: R> =098 0 = 0.74 SEP = 0.29 F = 10.57

log ECsp = 15.98 + 0.12LUMO — 2.81x — 1.800, where R? is the general correlation coefficient, and F
+0.920; — 0.940; (D is the Fisher test for significance of the equation.
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Fig. 2. (continued)

The statistical quality of Eq. (1) is good and
accounts for 98% of the variance in log ECs.
Compound 21 was excluded, since it was considered
as an outlier due to the fact that none of the descriptors
used in this study describe the presence of the group
NO, in carbon number 8 (C8). It is interesting to
notice that only compound 21 contains a NO, group
in C8 (see Fig. 2).

The evaluation of the regression coefficients in the
model — Eq. (1) — shows that xy e Q, have the
highest contributions to the variation in log ECs,. In
a following step, the so-called statistical method of
stepwise multiple regression procedure, based on
the forward-selection and back ward-elimination
methods, was used for variable selection with the
aim to obtain the best regression equation (in such a
way that variables that swallow little increment or are

redundant in the explanation of the dependent variable
(log ECsq) were not included). In order to avoid over-
fitting or difficulties in interpretation of the resulting
models, pairs of variables with r = 0.7 were classified
as intercorrelated ones, and only one of the variables
was included in the model. After some consideration,
the following equation was obtained:

log ECs, = 16.39 — 2.90y + 1.180; — 0.980;
2
R*> =0.90 0> = 0.80 SEP = 0.25 F = 24.77

There is some general improvement in the statistics of
Eq. (2) as compared to Eq. (1). The F test as well as
the predictive capability expressed by Q” and SEP,
are slightly better in Eq. (2) than in Eq. (1) since
Eq. (2) has smaller residuals for higher activity.
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Table 1

Values of the five most important properties (descriptors) that classify the 21 flavonoid compounds studied and their respective values of

log ECsp (units: Lumo and y are in eV)

Compound LUMO X Atomic charges log ECs [3]
() 0; Oy
1 1.064 5.089 0.1670 —0.3072 0.2021 1.00
2 1.082 4.904 0.1015 —0.0978 0.2115 2.12
3 0.904 5.101 0.1563 —0.3130 —0.0442 1.70
4 0.978 5.151 0.1545 —0.3043 0.1350 1.00
5 1.064 5.155 0.1663 —0.3079 0.2027 0.70
6 1.030 5.093 0.1762 —0.3155 0.2020 0.95
7 0.975 4.798 0.1091 —0.1197 —0.0750 2.09
8 1.080 4.943 0.0894 —0.0977 —0.1372 2.52
9 1.171 5.057 0.0875 —0.0870 —0.2132 1.54
10 0.500 4.956 0.0646 —0.1909 —0.0372 1.76
11 0.770 5.067 0.1217 0.0160 0.2113 1.45
12 0.591 4.923 0.1382 —0.1848 —0.2078 1.96
13 0.656 4.953 0.1118 —0.3041 0.2050 1.69
14 0.652 4.953 0.1093 —0.3043 0.2050 1.43
15 0.647 4.949 0.1132 —0.3066 0.2052 1.28
16 1.225 5.265 0.1669 —0.3087 0.2051 0.60
17 1.147 5.164 0.1697 —0.3075 0.2047 0.70
18 1.167 5.219 0.1639 —0.3064 0.2062 0.60
19 1.186 5.215 0.1657 —0.3084 0.2044 0.60
20 1.217 5.255 0.1621 —0.3040 0.2056 0.70
21 1.413 5.589 0.1846 —0.3069 0.2727 1.08

From Table 2, one can see the agreement between the
observed and calculated values are satisfactory.

3.2. Partial least squares (PLS) analysis

The same five selected descriptors from previous
work [16] were also used here as independent vari-
ables, and log ECs, as the dependent variable. Using
one latent variable, the conventional Rz, SEP and Q2
values were 0.83, 0.25 and 0.81, respectively. The
regression equation was shown to be the following:

log EC5y = —0.47 LUMO — 0.87y — 0.780,

+0.670; — 0.660; 3)

R>=0.83 0> =0.81 SEP=0.25 F = 12.17

The second model was built by using the 20
compounds and the same variables as used in Eq.
(2). The PLS analysis resulted as a significant
component model with the following statistics:

R*=0.85 0 = 0.82 SEP = 0.24 F = 24.86

The quality of both PLS models (Eqgs. (3) and (4)) may
be demonstrated by the comparison between the
observed and calculated activities given in Table 3,
but the statistical quality of Eq. (4) is slightly better
than Eq. (3). Here it is interesting to remember that the
PLS method, differently from the MLR method,
works always with linearly independent variables
[18,21].

In fact both PLS models, the first one with five
descriptors (LUMO, yx, O,, Q5 and Q5) and the second
one with three descriptors (y, Q5 and Q;), can be used
in future studies, but we believe the second one is
more appropriate to work with due to the least number
of descriptors and also because the best regression
equation was obtained for both MLR and PLS meth-
odologies when only the three descriptors y, Oz and
0, were used.

It can be observed that for the set of compounds
studied in this work, higher values for the variable y
combined with high positive charges on atom 7 (C7)
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Table 2
The Anti-HIV activity calculated by using MLR

Compound log ECs5
Observed value Calculated value® Residue Calculated value® Residue

1 1.00 1.0430 —0.0430 1.0621 —0.0621
2 2.12 1.6882 0.4318 1.7265 0.3935
3 1.70 1.1255 0.5745 1.1814 0.5186
4 1.00 0.9407 0.0593 0.9472 0.0528
5 0.70 0.8615 —0.1615 0.8733 —0.1733
6 0.95 1.0076 —0.0576 1.0422 —0.0922
7 2.09 2.5854 —0.4954 2.4781 —0.3881
8 2.52 1.9617 0.5583 1.9812 0.5388
9 1.54 2.1599 —0.6199 1.9488 —0.4088
10 1.76 1.9487 —0.1887 1.8200 —0.0600
11 1.45 1.3591 0.0909 1.5612 —=0.1112
12 1.96 2.0511 —0.0911 2.1246 —0.1646
13 1.69 1.4225 0.2675 1.4160 0.2740
14 1.43 1.4899 —0.0599 1.4598 —0.0298
15 1.28 1.5272 —0.2472 1.4977 —-0.2177
16 0.60 0.5531 0.0469 0.5363 0.0637
17 0.70 0.8396 —0.1396 0.8452 —0.1452
18 0.60 0.6963 —0.0963 0.6861 —0.0861
19 0.60 0.7072 —0.1072 0.6977 —0.0977
20 0.70 0.5837 0.1163 0.5627 0.1373
21 1.08 - - - -

* From the regression equation (1).
® From the regression equation (2).

and high negative charges on atom 3 (C3) lead to an
increasing of the anti-HIV activity. Here it is also
important to mention that the descriptor y is related
to the strength of molecular association by charge
transfer and the atomic charges (Qz and Q) to the
electrostatic interaction between the drug and a center
of opposite charge on the receptor.

A performance comparison between MLR and PLS
models showed that the PLS model have substantially
better predictive capability (higher Q* and smaller
SEP) than the MLR model. However, as expressed
by the correlation coefficients, the data-fitting ability
for both MLR and PLS models seems to be similar.

4. Conclusions

Significant regression equations were obtained by
multiple linear regression and partial least squares
methods for 20 flavonoid compounds according to

their anti-HIV activity. The best regression equation
obtained was based on the following descriptors:
electronegativity (y) and atomic charges on atoms
C3 and C7 (Q3 and Q5 respectively). The model
obtained showed not only statistical significance but
also predictive ability and revealed that higher values
for y combined with high positive charges on C7 and
high negative charges on C3 lead to an increasing of
the anti-HIV activity. These variables allowed a
physical explanation of electronic molecular proper-
ties contributing to HIV inhibitory potency as the
electronic character relates directly to the electron
distribution of interacting molecules at the active site.

A comparison of the performance between the
MLR and PLS models showed the PLS have substan-
tially better predictive capability than the MLR
model, even thought their correlation coefficients are
comparable. This indicates clearly that the correlation
coefficient by itself is not a good parameter for testing
the model performance. Also, it has been shown that
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Table 3
The Anti-HIV activity calculated by using PLS

Compound log ECs5
Observed value Calculated value® Residue Calculated value® Residue

1 1.00 0.9193 0.0807 1.0037 —0.0037
2 2.12 1.7041 0.4159 1.7560 0.3640
3 1.70 1.2167 0.4833 1.2827 0.4173
4 1.00 0.9910 0.0090 0.9696 0.0304
5 0.70 0.8423 —0.1423 0.8751 —0.1751
6 0.95 0.8748 0.0752 0.9802 —0.0302
7 2.09 2.0745 0.0155 2.3510 —-0.2610
8 2.52 1.9646 0.5554 2.0844 0.4356
9 1.54 1.9371 —0.3971 2.0718 —0.5318
10 1.76 2.1905 —0.4305 1.8037 —0.0437
11 1.45 1.6804 —0.2304 1.6665 —-0.2165
12 1.96 1.9603 —0.0003 2.1146 —0.1546
13 1.69 1.5165 0.1735 1.2793 0.4107
14 1.43 1.5313 —0.1013 1.2790 0.1510
15 1.28 1.5185 —0.2385 1.2824 —0.0024
16 0.60 0.6231 —0.0231 0.6467 —0.0467
17 0.70 0.77838 —0.0788 0.8550 —0.1550
18 0.60 0.7290 —0.1290 0.7474 —0.1474
19 0.60 0.7169 —0.1169 0.7540 —0.1540
20 0.70 0.6620 0.0380 0.6692 0.0308
21 1.08 - - - -

* From the regression equation (3).
® From the regression equation (4).

PLS is an excellent tool for those cases where the
descriptors are by any means correlated.
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