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ABSTRACT: The quantitative structure activity relationships (QSAR) of the Aldose Reductase (AR)
inhibitory activity of forty-eight flavones were studied using Free-Wilson, Combinatorial Protocol in
Multiple Linear Regression (CP-MLR) and Partial Least Squares (PLS) procedures. For the later two
procedures one hundred and fifty two Molconn-Z parameters and six indicators corresponding to the
hydroxyls of flavones were used as molecular descriptors. Independently, all procedures suggested the
significance of hydroxyls in modulating the activity of these compounds. The CP-MLR procedure
identified twenty-six descriptors to model the activity. They suggested that structures rich in aromatic
CH fragments, limited number of aliphatic fragments such as -CH2-, -CH< and free hydroxyls at 7-, 3’-
and 4’- positions of the 2-aryl-benzpyran-4-one core would be preferred for the activity. The PLS
analysis agreed with the information content and the relative significance of the descriptors identified in
the CP-MLR for modeling the activity. The study offers scope to modulate the inhibitory activity of
these compounds.

INTRODUCTION

In healthy people, glucose is metabolized through Embden-Meyerhoff pathway. In cases of diabetes
mellitus, with the increased levels of glucose in insulin-insensitive tissues the Aldose Reductase (AR) in
polyol pathway facilitates the conversion of glucose to sorbitol. In this cascade of events the
accumulated sorbitol is attributed to be responsible for cataract, neuropathy and retinopathy in diabetic
cases."” Thus, the inhibition of AR in polyol pathway may prevent and lead to the cure of the
complications arising out of the diabetes mellitus. In this background, Matsuda and coworkers’ studied
the AR inhibitory activity of large number of flavones and related compounds from traditional
antidiabetic remedies. Here, many of these compounds shared 2-Aryl-benzpyran-4-one as scaffold for
different chemical groups surrounding this moiety. This offers scope to investigate the AR inhibitory
activity of these compounds in relation to the functional group environment surrounding this core
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moiety. In this connection, application of graph theory to chemical structures results in several
topological, topographical and related descriptors characteristic to the molecular graphs from different
perspectives. POLLY*, Molconn-Z’, CODESSA®, DRAGON’, TOPS-MODE?, etc are some well known
or recent programs embedded with graph theoretical concepts for characterizing the chemical structure
and compute large number of descriptors for modeling and other studies. When dealing with large
number of descriptors in the modeling studies, for the optimum utilization of contents of the generated
datasets, it is necessary to identify different models as well as information rich descriptors
corresponding to the phenomenon under investigation. The Genetic Function Approximation (GFA)’,
MUtation and SElection Uncover Models (MUSEUM)'® and Combinatorial Protocol in Multiple Linear
Regression (CP-MLR)'" are a few approaches which address the evolution of multiple models and in
doing so identify contributing descriptors in quantitative structure-activity relationship (QSAR) and
quantitative structure-property relationship (QSPR) studies. Here we have considered the CP-MLR
approach“‘14 to discover the structure-activity models and contributing descriptors for the AR inhibitory
activity of flavones’ (Figure 1) in terms of different graph theoretical descriptors obtained from
Molconn-Z software.” In this, while each equation (model) addresses different sub-structural regions
and attributes in the predictive and diagnostic aspects of the chosen phenomenon, the identified
descriptors from the cross-section of the models provide the scope to understand the predictive and
diagnostic aspects of different sub-structural regions beyond the individual models. With this
perspective we carried out a QSAR study on the flavones® (Figure 1) to investigate the different
structural attributes and their information content in rationalizing the activity of these analogues. The
results are presented here.
MATERIALS AND METHODS

Dataset. The structural information of flavones and their reported rat lens aldose reductase (AR)
inhibitory activity (ICsp, i.e., concentration, in moles per liter, required to produce 50% inhibition)
transformed in the form of logarithm of the inverse of inhibitory concentration (-logICsp) have been
listed in Table 1. Both the Free-Wilson'® (non- parametric approach) and Molconn-Z descriptors5 have
been considered for the analysis of the inhibitory activity of these compounds. In the Free-Wilson
method, the 2-aryl-benzpyran-4-one moiety has been considered as parent skeleton with rest of the
groups as substituents. In this way the substituent groups of these compounds (Table 1) have been
represented bg/ twenty Free-Wilson descriptors (compounds to parameters ratio is 2.28). The Molconn-
Z descriptors” of these compounds have been computed from the SMILES notations of the structural
drawings created in CS Chem3D Ultra.'® This resulted in one hundred and fifty two non-zero and non-
identical descriptors characterizing the atom/ group/ path -type counts, simple/ valence Chi indices,
shape/ complexity indices, H-Bond donor/acceptor counts and Electrotopological State (E-State) sums
of these compounds.'” The CP-MLR protocol has been applied on this dataset to identify the all-
possible models that could emerge from these descriptors. All those descriptors taken part in the CP-
MLR models have been further analyzed in comparison with the leftover descriptors using the partial
least squares (PLS) Procedurel&19 by deriving MLR-like PLS models. The computational procedure
involved in CP-MLR'' and the model validation is briefly described below.

Computational Procedure. CP-MLR is a ‘filter’ based variable selection procedure involving selected
subset regressions for model development in QSAR and QSPR studies.'' In this procedure a
combinatorial strategy with appropriately placed ‘filters’ has been interfaced with MLR to result in the
extraction of diverse structure-activity models, each having unique combination of descriptors from the
dataset under study. Models are discovered in this procedure with in the pre-defined limits of minimum
and maximum number of descriptors per model - termed as ‘model search perimeter’. Here the ‘filters’
are significance evaluators of the variables in regression at different stages of model development. Of
these, filter-1 is set in terms of inter-parameter correlation cutoff criteria for variables to stay as a subset
(filter-1, default value 0.3). The second filter is set in terms of t-values of regression coefficients of
variables associated with a subset (filter-2, default value 2.0). The third filter is set in terms of
predefined threshold level of r-bar (square-root of adjusted multiple correlation coefficient of regression
equation) (filter-3, default value 0.74) to evaluate the advantage of a variable in models with varying
degrees of freedom. Finally, to exclude false or artificial correlations, the external consistency of the
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variables of a model have been addressed in terms of cross-validated R? (Q?) criteria with leave-one-out
(LOO) cross-validation procedure as default option (filter-4, default limits 0.3 <Q”*<1.0). In addition to
cross-validation, each identified model has been reassessed for the chance correlations, if any, by
repeated randomization of the biological response.'” *° The datasets with randomized response vector
have been subjected to multiple regression analysis. The emerging regression equations, if any, with
correlation coefficients better than or equal to the one corresponding to unscrambled response data were
counted. Every model has been subjected to one hundred such simulation runs. This has been used as a
measure to express the percent chance correlation of the model under examination. In this study all the
models of the AR inhibitory activity of flavones have been identified under the default filter thresholds
conditions i.e., filter-1 as 0.3, filter-2 as 2.0, filter-3 as 0.74 and filter-4 as 0.3<Q*<1.0 of CP-MLR
protocol. As the total number of descriptors involved in this study is large, only those descriptors
participating in the models have been addressed in the discussion.

RESULTS AND DISCUSSION

2-Aryl-benzpyran-4-one scaffold has attracted the modeling perception of other workers as well
for its AR inhibitory activity.?"** These modeling studies involved selected topological, classical and
quantum chemical descriptors of the compounds. According to Stefanic-Petek and co-workers™, the
hydrophobicity, size and charge of the 2-phenyl substituents of the flavones are important parameters
for modeling the AR inhibitory activity. Also, among the quantum chemical descriptors, the net
electronic charges and total electron surface density of 2- phenyl substituents are found to influence the
activity™. In case of Amic and coworkers’ study with topological and electronic descriptors, most of the
compounds in the training set are coumarins®'. In this, the sum of w-charges, Wiener number, molecular
topological index, dipole moment, path lengths of different orders and presence or absence of hydroxyls
at different positions of these compounds are found to influence the activity. In this background the
compounds listed in Table 1 were analyzed using both the non- parametric (Free-Wilson') and
parametric (Molconn-Z descriptors’) approaches. Table 2 presents the summary of Free-Wilson
analysis in the form of coefficients (or contributions) of the functional groups to the AR inhibitory
activity of these compounds (Table 1). In carrying out this analysis, no compound from these analogues
has been excluded in order to obtain an overall estimation of all the functional groups’ contributions to
the activity. Among the functional groups with a prevalence of two or more, the coefficients
corresponding to the Rs-position and the OMe of Rs-position are of little significance and consequence
to the activity of these compounds. The coefficients of the remaining functional groups (Table 2)
signify their relative importance in modulating the AR inhibitory activity of the 2-aryl-benzpyran-4-one
skeleton. This analysis has resulted in the genesis of a new compound, compound 57 (Table 1), who’s
in silico activity has been found to be as good as the best compound (compound 56) among the
analogues under consideration. In the parametric approach, the one hundred and fifty two Molconn-Z
descriptors of these compounds under the default filter threshold conditions of the CP-MLR protocol
with model search perimeter as up to three descriptors has resulted in the identification of only one
model (equation 1).

—loglCsp = 11.230 - 6.716(1.013)Qv -10.065(3.488)(redundancy)
- 0.288(0.046)n4Pae[1,3]

n=48, r=0.770, Q2=0.513, s=0.512, F=21.35 (1)

In equation 1 and in all other regression equations, n is the number of compounds, r is the correlation
coefficient, Q2 is cross-validated R* from leave-one-out (LOO) procedure, s is the standard error of the
estimate and F is the F-ratio between the variances of calculated and observed activities. The values
given in the parentheses are the standard errors of the regression coefficients. The in-depth
characteristics of all descriptors identified in this study are available in reference 5 and links provided
therein. In the discussion of models only the relevant descriptors have been briefly addressed in
association with the activity. In equation 1, Qv is a topology parameter representing the general
polarity, n4Pae[1,3] is the count of atom pairs where an atom with one connection (vertx alpha) is
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separated by four bonds from another atom with three connections (vertx epsilon) and the
‘redundancy’ is ‘(1.0-[Si/log10(nvx)])’ in which Si is Shannon information index and nvx is number of
non-hydrogen atoms in molecule. Extension of model search perimeter up to five descriptors resulted
merely in two more models, having four-descriptors each, with ndssC (count of ‘>C=’ fragments),
ESdssC (electrotopological state of ‘>C=" fragments), redundancy, n2Pag[1,2] (count of alpha-gamma
vertices) and n3Pad[1,3] (count of alpha-delta vertices) as participating descriptors. This prompted us
to look for additional variables to further enrich the Molconn-Z descriptors of these compounds. In
these compounds hydroxyl is one non-trivial and common functional group for all substituent positions.
Also, in the Free-Wilson analysis of these compounds, the group-coefficients corresponding to the
hydroxyl at different positions, excepting for the one at Rs-position, are statistically worth making note
of. In view of these observations to give additional weight to the hydroxyl groups at Rz, Rs, R7, R’3, R’4
and R’s positions of 2-aryl-benzpyran-4-one skeleton, six indicator parameters (I3, Is, I7, I3, I’4 and I’s,
respectively) have been defined to include in the one hundred and fifty two Molconn-Z descriptors
dataset. These indicators take a value of ‘one’ if the respective substituent position is occupied by
hydroxyl and ‘zero’ otherwise. It is worth mentioning the rigor of CP-MLR procedure that even though
in the Free-Wilson analysis five out of six of these hydroxyls are found to be associated with significant
coefficients, in this procedure the indicators corresponding to these hydroxyls do not form an ‘all-
indicator-model’ in any combination. However, the revised dataset with one hundred and fifty eight
descriptors in the CP-MLR analysis, under identical filter conditions with the model search perimeter as
up to five-descriptors, has resulted in the identification of thirty-five models (three three-descriptor
models, twenty-one four-descriptor models and eleven five-descriptor models) for AR inhibitory
activity of these compounds. All these thirty-five models shared twenty-six descriptors among
themselves. In all the models the #-values of regression coefficients are significant at 95% level. In the
randomization study (hundred simulations per model) none of the identified models have shown any
chance correlation. The essence of all these models has been provided in Table 3 in the form of
identified descriptors’ averaged regression coefficients together with their standard deviations across
the models and the total incidence corresponding to all the models. This, while providing the averages
of the estimated regression coefficients of all the identified descriptors, also shows their variance across
the models emerged from the study. To maintain brevity, the complete regression equations have been
shown for selected models with three-, four- and five-descriptors each (equations 2 — 4).

~1ogICso = 1.714 + 0.362(0.062)nHaaCH + 0.478(0.093)n2Pag[1,2]
+0.709(0.164)I’3
n=48, r=0.780, Q’=0.541, s=0.502, F=22.72 2)

—loglCsp = 1.136 + 0.308(0.045)ESHaaCH + 0.726(0.210)ESssCH2
+ 0.446(0.084)n2Pag[1,2] + 0.774(0.151)I’3
n=48, r=0.826, Q°=0.615, s=0.457, F=23.15 (3)

—loglICsp = 1.414 + 0.285(0.046)ESHaaCH + 0.034(0.013)ESsssCH
- 6.940(3.455)(redundancy) + 0.446(0.084)n2Pag|[1,2]
+0.774(0.151)I’3

n=48, r=0.817, Q°=0.569, s=0.474, F=16.81 4)

In these models nHaaCH is the count of aromatic CH; ESHaaCH, ESssCH2 and ESsssCH are
electrotopological states (E-States), respectively, of aromatic CH, -CH2- and >CH- fragments;
n2Pag[1,2] is the count of atom pairs where an atom with one connection (vertx alpha) is separated by
two bonds from another atom with two connections (vertx gamma); and I’3 is the indicator parameter
for R’;-sobstituent position of the core moiety. The descriptors nHaaCH and ESHaaCH are
intercorrelated to a very large extent (r=0.969) and carry similar information. These descriptors suggest
that increased aromatic CHs in the compounds are favorable for AR inhibitory activity. Also, the count
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of -CH2- (nssCH2) has participated in a model to explain the activity (Table 3). This descriptor and
ESssCH2 are intercorrelated (r=0.982). These two descriptors and ESsssCH collectively suggest that
increase of -CH2-/ -CH< content in the structures are not in favor of the activity. The other descriptors
of interest in the study are ndssC and ESdssC which are intended respectively for the count and
electrotopological state of ‘>C=" fragment in the compounds. In these compounds this fragment is part
of carboxylic function in glucouronic acid moiety. The regression coefficients of these descriptors
suggest that it is not favorable for the activity. Among the vertex pair counts, n2Pag[1,2], n4Pae[1,2],
n3Pad[1,3], n4Pae [1,3] and n3Pad[2,3] have taken part in the model formation (Table 3). Of these
n2Pag[1,2] has participated in most of the models and suggests that atom with one connection is
separated by two bonds from another atom with two connections is preferred for the activity. In other
words this points towards the substituent groups’ neighborhood in these compounds. Of the six
indicators included in the dataset, four (corresponding to 3-, 7-, 3’- and 4’-positions) have taken part in
the model formation (Table 3). Among these indicators the one meant for the 3-position suggests that a
free hydroxyl at this center is not favorable for the activity. While the indictor parameters address the
influence of individual hydroxyls present in the molecule, the coefficient of ESSHBa
(electrotopological state index of total of strong H-bond acceptors) in Table 3 suggests the cumulative
influence of this component on the activity. Also the descriptor EShmax, maximum of hydrogen
electrotopological state, has participated in the models. This parameter addresses the activity of the
compounds in relation to the polarity of hydrogens present in the compounds. The coefficient of this
descriptor suggests that compounds with less polarized hydrogens would be better for the activity. The
other descriptors of some interest in the models are rad (graph radius) and mulrad (multiplicity of
graph radius). The coefficients of these descriptors suggest the necessity of compact graphs for better
activity. The total topological state indices based on electrotopological states 1.e., tetsl (normalized by
path length) and tets2 (normalized by the square of path length) and Bonchev-Trinajstic information
index IDCbar have also participated in some models. However they have only trivial influence on the
activity. The identified descriptors hold many more diverse models among them. The following are two
such models with six- and seven-descriptors each obtained from the twenty-six identified descriptors
(Table 3) in CP-MLR by redefining filter-1 as 0.79 (equations 5 and 6). In equation 6, Ochs6 is simple
6" order chain (ring) Chi index.

—logICsp = 1.623 + 0.276(0.045)ESHaaCH + 0.942(0.201)EsssCH2
- 8.182(3.033)(redundancy) + 0.398(0.099)n2Pag[1,2]
+0.601(0.147)I’3 + 0.333(0.166)I’4

n=48, r=0.867, Q’=0.675, s=0.413, F=20.78 (5)

—logICsp =2.599 + 10.938(2.315) Ochs6 + 0.937(0.284)EsssCH2

- 8.812(2.292)(redundancy) + 0.290(0.093)n2Pag[1,2]

- 0.211(0.042)n4Pae[1,3] + 0.460(0.139)I’3 + 0.540(0.150)I’4
n=48, r=0.882, Q’=0.691, s=0.396, F=20.10 (6)

The information content of the identified descriptors (Table 3) versus the leftover descriptors
has been further investigated by splitting the composite original dataset of one hundred and fifty eight
descriptors into two groups — one with the twenty-six identified descriptors listed in Table 3 (dataset-1)
and the other with the one hundred and thirty two leftover descriptors (dataset-2). PLS analysis has been
carried out on both datasets to develop ‘single window structure-activity models’ comprising identified
descriptors (dataset-1) as well as leftover descriptors (dataset-2). In the PLS analysis, the descriptors
have been autoscaled to give each one of them equal im})ortance. For the dataset of the identified
descriptors (dataset-1), in the cross-validation procedurel& ? four PLS components were found to be
enough to explain the activity. The coefficients of the MLR-like equation of the PLS model of the
identified descriptors are listed in Table 3.!” This PLS model has explained 74% of the total variance in
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the activity of the compounds with a cross-validated R* value of 0.671 (r*=0.740, s=0.413, F=30.69). To
draw a simple comparison between the information contents of PLS components of identified
descriptors (dataset 1) and leftover descriptors (dataset-2), a four component PLS model for the activity
has been developed from the leftover descriptors (dataset-2) also. Here the PLS model with one hundred
and thirty two leftover descriptors (dataset-2) has explained only 58.7% of the total variance in the
activity of the compounds (r2:0.587, s=0.522, F=15.28) in comparison to the 74% of that of twenty six
identified descriptors. Also, the four-component PLS model of composite original dataset with one
hundred and fifty eight descriptors (1’=0.767, s=0.392, F=35.32) is only marginally better than that of
the twenty-six identified descriptors. In other words, the twenty-six identified descriptors (Table 3) are
enriched with the information content corresponding to the activity in comparison to the one hundred
and thirty two leftover descriptors. All these results of PLS analyses are in general agreement with that
of CP-MLR analysis. Among the identified descriptors, the coefficients of MLR-like PLS model
suggest that the descriptors n2Pag[1,2], n4Pae [1,3], redundancy, I’; and I’4 have significant influence
on the activity where as the descriptors tetsl, tets2, IDCbar and n3Pad[2,3] have only marginal
influence on the activity. The trend followed by the descriptors’ incidence in CP-MLR models also
point in this direction and convey their relative importance. Independent of Free-Wilson analysis, all the
models predict compound 57 (Table 1) as a high active compound.

CONCLUDING REMARKS

The core template of the compounds of this study (Table 1) and that of the compounds of
Stefanic-Petek and co-workers™ are structurally similar. Stefanic-Petek and co-workers® rationals for
the AR inhibitory activity of the flavones involved the substituent contributions in terms of
physicochemical and electronic properties of the 2-phenyl moiety of 2-aryl-benzpyran-4-one scaffold.
However, the rationales developed for the compounds listed in Table 1 are more comprehensive as they
involve the complete structure in explaining the activity. Here, the flavones” Molconn-Z descriptors in
association with the indicator parameters for the hydroxyl groups have yielded good models for the AR
inhibitory activity of these compounds. Throughout the study the magnitude and sign of the regression
coefficients of identified descriptors are stable. This adds importance to all the models and the
participating descriptors. Also, the results of CP-MLR and PLS analysis support each other. Among the
Molconn-Z descriptors the study identified several of them describing the electrotopological states,
atom-cluster and atom pair counts to model the activity. In atom-pair counts, the regression coefficient
of n2Pag[1,2] suggests that structures rich in such atom pairs where an atom with one connection is
separated by two bonds from another atom with two connections are preferred for the activity. This
clearly points towards the structures with short chains or simple ring substitutions. The regression
coefficients associated with atom type count of aromatic CH fragments and its electrotopological state
suggests their necessity for the activity. The regression coefficients of electrotopological states of
aliphatic structural fragments CH2 and -CH< suggest for their minimization in the structures for better
activity. The descriptors ndssC and ESdssC suggest that >C= is not in favor of activity. In these
compounds it is part of carboxylic function in glucouronic acid moiety and this offer scope for
modification to generate new compounds. The regression coefficients of indicator parameters are in
agreement with the Free-Wilson group contributions of hydroxyl groups. The coefficients suggest the
favorability of free hydroxyls at 7-, 3’- and 4’- positions of the 2-aryl-benzpyran-4-one core structure
(Figure 1). The AR inhibitory activities of the compounds have been predicted well by all the models
(Table 1). The compound identified in the Free-Wilson analysis is also found to be active in the CP-
MLR as well as PLS models. The identified descriptors of the study offer scope to modify the flavones
to modulate their AR inhibitory activity.
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The complete dataset (Table SI 1); Free-Wilson restriction equations (Table SI 2); and PLS loadings,
weights and sensitivity of independent and dependent descriptors (Table SI 3). This material is
available free of charge via the Internet at htpp://pubs.acs.org.

RIS

Ry

Figure 1. General structure of the flavones associated with rat lens aldose reductase inhibitory activity.
In this, R3 and R7 may be H, OH, OMe or O-glycoside; and R5, R03, R04 and RIS may be H, OH or
OMe.
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Table 1. Observed and modeled rat lens aldose reductase inhibitory activity of flavones (Figure 1)

Comp® R; Rs R, R3 R4y R -logICs

Obs® Eq.2° Eq.3 Eq4 Eq.5 Eq6 PLS‘
1 H H H H H H - 534 519 476 478 473 4.89
2 H H OH H H H 500 545 538 509 498 489 496
3 H OH OH H H H 507 557 548 533 510 507 501
4 H OH OMe H H H - 509 505 483 474 481 479
5 H H OH H OH H 542 557 561 545 555 555 562
6 H H H OH OH H 643 580 588 580 611 615 6.18
7 H H OH OH OH H 6.52 591 6.06 609 626 628 640
8 H OH OH H OH H 566 568 570 5.68 565 573 5.65
9 H OH OMe H OMe H - 473 483 4.67 459 466 471
10 H OH SUlI H OH H 464 520 499 521 501 489 489
11 H OH SU2 H OMe H 533 473 473 455 455 456  4.42
12 H OH OH OH OH H 635 6.03 6.4 629 633 643 640
13 H OH OH OH OMe H 507 555 570 576 561 560 5.67
14 H OH OMe OH OMe H 492 507 526 524 522 531 545
15 H OH OMe OMe OMe H 4.14 436 450 4.65 4.63 485 483
16 H OMe OMe OMe OMe H - 436 451 466 4.64 443 488
17 H OH SUl OH OH H 6.00 555 540 566 549 540 547
18 H OH SU3 OH OH H 551 555 590 5.63 613 579 593
19 H OH SUl OH OMe H 464 507 497 513 478 457 505
20 OH H H H H - 497 482 445 448 423 402
21 OH OH OMe H H H - 473 4.63 447 439 409 415
22 OH OH OH H OH H 500 532 527 531 529 501 498
23 SU3 OH OH H OH H 529 532 546 528 562 525 549
24 OH OH OH OH OH H 566 567 568 588 593 568 5.70
25 OH OH OMe OH OH H 557 519 525 535 554 539 522
26 OH OH OH OH OMe H 496 519 525 535 521 485 498
27 OMe OH OMe OH OH H 6.09 519 526 535 555 561 548
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5.09
5.11
4.59
4.76
4.23
3.42
6.57
7.14

4.82
4.83
423
423
3.84
5.36
5.36
6.04
5.67
4.36
5.53
5.15
4.44
3.87
5.89
5.10
4.80
474
4.76
4.43
4.26
3.02
5.37
5.05
4.67
474
435
3.62
6.69
7.28

4.56
4.77
4.10
432
3.60
5.8
5.8
6.18
6.35
4.11
5.69
5.41
4.59
4.15
5.74
5.04
4.53
4.78
5.01
4.26
4.05
275
5.73
5.20
4.92
4.83
4.54
3.89
6.71
7.06

477
5.02
4.15
4.39
431
5.57
5.57
5.95
6.08
4.30
5.45
5.8
473
4.16
5.81
5.11
4.56
4.67
4.96
4.38
4.07
3.56
5.52
4.97
4.65
4.57
4.24
3.70
6.49
6.84
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* In these compounds the substituent groups corresponding to the SUgar moieties have been
abbreviated as SU suffixed with a number as SU1 for O-f-D-glucopyranosyl; SU2 for O-f-D-
glucopyranosyl(6-1)-O-a-L-rhamnopyranosyl; SU3 for :0--D-glucopyranosiduronic acid; SU4 for O-
[-D-galacotopyranosyl; SUS for O-a-L-rhamnopyranosyl; SU6 for O-a-L-arabinopyranosyl; and SU7
for O-(2'-galloyl)- a-L-rhamnopyranosyl

® ref.3
¢, activity from corresponding equation

4 from four-component PLS model derived using the twenty-six contributing descriptors identified in
the CP-MLR.

¢, new compound.
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Table 2. The Free-Wilson method derived functional groups contributions to the aldose reductase inhibitory activity (-loglCsg) of
flavones (Figure 1)."

Substituent R; Rs Ry R'3 R'y R's

H 0.160(.126)15" -0.044(-)6 0.503(-)1 -0.523(-)8 -0.076(-)2  0.175(.050)32
OH -0.170(.107)12  0.006(.026)42  0.175(.076)23  0.189(.049)32  0.306(.069)26 -0.470(-)13
OMe -0.028(.212)4 -0.157(.11)18  -0.232(.168)8  -0.390(.096)20

SU1¢ -0.946(.303)2 -0.499(.22)4

SU2 -0.750(.206)4 0.757(.459)1

SU3 0.010(-)1 -0.470(.419)1

SuU4 -0.471(.400)1

SU5 0.373(.184)7

SuU6 0.751(.400)1

SuU7 1.738(.422)1

Constant 5.143

8 Free-Wilson regression statistics - total number of compounds 48, compound to parameter ratio 2.28, correlation coefficient
0.926, standard error 0.387, F-value 8.10.

® functional group contribution (standard error) and total number of occurrence in the corresponding substituent position; a dash in
the parentheses indicates that the group contribution is from the restriction equation.

¢ see footnote of Table 1 for SU1 to SU7.

d constant corresponds to the contribution of core of the structure (Figure 1) to the activity.



Table 3: Identified descriptors contribution in modeling the rat lens aldose reductase inhibitory activity

of flavones (Figure 1).
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VarName® Av Coef (sd) MLR like VarName®  Av Coef (sd) MLR like
incidence” (PfIE)SC Coet incidence” PLS Coef.
(fc) ©
Ochs6 5.942(-)1 2.089(.038) Qv -6.716(-)1 -1.176(.048)
nHaaCH 0.360(.009)3 0.045(.030) redundanc  -8.509(.951)14 -7.306(.085)
y
nssCH -0.410(-)1  -0.097(.025) rad -0.107(-)1  0.018(.013)
ndssC 0.751(.042)8 0.182(.023) mulrad -0.255(.018)2 -0.143(.046)
ESHaaCH 0.286(.011)12 0.058(.048) n2Pag[1,2] 0.465(.062)30  0.184(.079)
ESssCH; 0.619(.151)2 0.316(.054) n3Pad[1,3] -0.220(.007)8 -0.046(.046)
ESsssCH 0.031(.005)2 0.004(.012) n3Pad[2,3] -0.039(-)1 -0.003(.006)
ESdssC -0.459(.023)6  -0.038(.007) n4Pae[1,2] -0.095(.003) 3 0.015(.017)
ESSHBa -0.005(-)1 0.001(.018) n4Pae[1,3] -0.214(.036)10 -0.101(.091)
EShmax -5.870(.034)2  -0.336(.013) Iz -0.404(.046)3 -0.238(.054)
tets1 -0.0006(-)1  0.00002(.003) I; 0.393(.010)3  0.098(.026)
tets2 -0.005(-)1  0.00009(.001) I's 0.606(.123)27  0.478(.119)
IDCbar -0.511(-)1 0.032(.005) I'y 0.775(.053)4  0.346(.091)

* The descriptors are identified from models up to five parameters emerged from CP-MLR protocol
with filter-1 as 0.3; filter-2 as 2.0; filter-3 as 0.74; filter-4 as 0.3 sts 1.0, number of compounds in
the study are forty-eight; Ochs6 - simple chain (ring) of lengths (orders) 6; nHaaCH - count of aromatic
CH; nssCH; - count of -CH;-; ndssC - count of =C<; ESHaaCH - electrotopological states (E-State) of
aromatic CH; ESssCH2 - E-State of -CH2-; ESsssCH - E-State of >CH-; ESdssC - E-State of =C<;
ESSHBa - total E-State for strong Hydrogen-Bond acceptors; EShmax - E-State of maximum of
hydrogen; tetsl - total topological index based on E-State (normalized by path length); tets2 - total
topological index based on electrotopological state (normalized by the square of path length); IDCbar -
Bonchev-Trinajstic information index; Qv - polarity descriptor; redundancy is (1.0 - [Si/log10(nvx)]);
rad - graph radius; mulrad - multiplicity of graph radius; nxPably,z] represents the count (n) of atom
Pairs where an atom (vertx a) with y connection is separated by x bonds from another atom (vertx b)
with z connections. Here a stands for alfa (a) vertx and b may represent any one vertx corresponding to
g (gamma, 0) or d (delta, 0) or e (epsilon, O). I - indicator parameter for 3-, 7-, 3'- and 4'- positions of
Figure 1
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® The average regression coefficient of the descriptor corresponding to all models, its standard
deviation (s.d.) and the total number of its incidence. The arithmetic sign of the coefficient represents
the actual sign of the regression coefficient in the models.

‘, MLR like regression coefficient from the four-component PLS model of the identified descriptor;
(fc) is fraction contribution of the regression coefficient to the activity. The constant term of this
equation is 5.460.
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