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Abstract. A multivariate study involving flavonoids with activity against human colon 
carcinoma Caco-2 is reported. The data set is composed of 26 flavonoids which can be 
separated, depending on their EC50 value i.e. the half maximal effective concentration, 
into active and less active compounds. Our purpose was to transform the chemical 
structure of each compound into a set of numbers, and to correlate them with the 
biological activity establishing a qualitative/quantitative relationship between 
calculated molecular descriptors and antiproliferative activity. The geometries of the 
studied flavonoids were fully optimized employing the Density Functional Theory 
(DFT) with the hybrid functional B3LYP in conjunction with the 6-31G(d) basis set. 
For each optimized structure we computed a set of parameters (1,356 descriptors) 
which characterizes the molecule from structural, topological, steric, electronic, 
hydrophobic, etc. points of view. Using the Fisher’s weight and the correlation matrix, 
we reduced the number of descriptors from 1,356 to 15.  

Aiming to investigate which molecular descriptors would be more efficient in 
classifying flavonoid compounds according to their degree of anticancer activity, we 
applied two unsupervised learning methods, Principal Component Analysis (PCA) and 
Cluster Analysis (CA), and a supervised learning method, Stepwise Discriminant 
Analysis (SDA). Using the 15 selected descriptors as input, the PCA and SDA 
techniques supplied us with the following parameters as common relevant descriptors: 
C-16, EN, Mor08e, HATS8m. The reliability of the structure-activity relationship 
model is verified using the cross-validation technique, the percentage of correct 
classifications being of 92.31 %.   

 Key words: Caco-2 cell; PCA; CA; SAR; SDA 

1. INTRODUCTION 

Flavonoids are an important class of polyphenolic compounds that are 
present in all vascular plants and play an important role in the human diet. They 
possess a remarkable spectrum of biochemical and pharmacological activities, 
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suggesting that they significantly affect basic cell functions such as growth, 
differentiation and/or programmed cell death [1–5]. In recent years, many studies 
have provided evidence for the beneficial action of flavonoids on the human body. 
Flavonoids can influence carcinogen bioactivation, cell signaling, cell-cycle 
regulation, angiogenesis, oxidative stress and inflammation [6–11].  

The rational search for new drugs is a very efficient strategy to obtain more 
specific and potent compounds without side effects. An interesting approach for the 
pharmaceutical industry is the using in silico techniques [12]. These techniques try 
to build relationships between a data set with known values of the property of 
interest and a set of calculated molecular descriptors. The calculated or theoretical 
descriptors are derived from a molecular structure representation of the compounds, 
so no experimental set-up is necessary. The advantage of these techniques is that 
they can be used in the very first stages of the drug development, even before the 
molecules are synthesized [13–22]. 

In this paper we present a SAR (Structure-Activity Relationship) model 
which uses molecular descriptors for the modelling of some flavonoids with 
different degrees of antiproliferative activity i.e., intense and low activity. The data 
set is composed of 26 flavonoids with antiproliferative activity against human 
colon carcinoma Caco-2. Fifteen of them are more active (EC50 < 100 µM) 
representing the class A, and the rest of compounds are less active (100 µM < 
EC50 < 200 µM) representing the class LA. The studied compounds and their 
EC50 activity (the concentration that caused 50 % inhibition of cell proliferation), 
are selected from the literature [23]. The studied molecules were optimized 
employing the DFT with hybrid functional B3LYP in conjunction with the 
6‐31G(d) basis set. The optimized structures were then transformed into a set of 
parameters (1,356 descriptors) which characterizes the molecules from structural, 
topological, steric, electronic, hydrophobic, etc. points of view. Using the Fisher’s 
weight and the correlation matrix we reduced the number of descriptors from 1,356 
to 15. PCA, CA and SDA methods were employed to classify the molecules into 
the A and LA classes. The PCA and SDA methods used the 15 selected descriptors 
as input and supplied us with the most relevant descriptors for the separation of the 
compounds into more and less active flavonoids. Finally, a discussion on the 
relevant molecular descriptors is presented. 

2. METHODOLOGY 

2.1. COMPOUNDS 

The database is formed of 26 flavonoids i.e., 12 flavones, 6 flavanones, 4 
flavonols, and 4 isoflavones (Table 1). The biological evaluation of the studied 
compounds in this work was determined by using the numerical indicator for 
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activity EC50. All studied flavonoid compounds have anti-invasive properties in 
the case of colon cancer (Caco-2 cell) [23], fifteen of them having a growth-
inhibitory activity (EC50 value) of less than 100 µM and the rest of the compounds 
having an EC50 between 100 and 200 µM. The first category of flavonoids forms 
the class of flavonoids with intense anti-invasive activity i.e. class A (active 
compounds) and the latter category of compounds is composed by the flavonoids 
with low anti-invasive activity i.e. class LA (less active compounds). The general 
chemical structures, the structural details and the class (A or LA) of these 
compounds are given in Table 1.  

Table1 

The molecular structure, the compound code and the class (A/LA) of each studied flavonoid 

Subclass of flavonoids Compound Substituent Class 
C1 5-OH; 3,6,7,8,3’,4’,5’-H LA 
C2 7-OH; 3,5,6,8,3’,4’,5’-H LA 
C3 7,8-OH; 3,5,6,3’,4’,5’-H LA 
C4 5,7-OH; 4’-OCH3;   

3,6,8,3’,5’-H 
LA 

C5 5,7-OH; 3,6,8,3’,4’,5’-H LA 
C6 7-sugar; 5,3’-OH;  

4’-OCH3;  3,6,8,5’-H  
LA 

C7 7-apiosyl glucoside;  
5,4’-OH; 3,6,8,3’,5’-H 

LA 

C8 5,7,4’-OH; 3,6,8,3’,5’-H LA 
C9 4’-OCH3; 5,7,3’-OH; 

3,6,8,5’-H 
LA 

C10 4’-OCH3; 3,5,7-OH; 
6,8,3’,5’-H  

A 

C11 5,6,7,8,4’-OCH3; 3,3’, 
5’-H  

A 

 
Flavones 

 

O

OR5

R6

R7

R8

R3'

R4'

R5'

R3

 

C12 3- manno/gluco-
pyranosyl; 5,7,3’,4’-OH; 
6,8,5’-H 

LA 

C13 5,6,7,2’,3’,4’,5’-H A 
C14 7,3’,4’-OH; 5,6,2’5’-H A 
C15 5,7,3’,4’-OH; 6,2’,5’-H A 

Flavonols 

O

OH

OR5

R6

R7

R2'

R3'

R4'

R5'

 

C16 5,7,3’,4’,5’-OH; 6,2’-H A 
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Table 1 (continued) 

C17 5,6,7,3’,4’,5’-H A 
C18 6- methyl-butenyl; 7-

OCH3; 4’-OH; 5,3’,5’-H 
A 

C19 7-rutinosid; 4’-OCH3; 5-
OH; 6,3’,5’-H 

A 

C20 7- manno/gluco-
pyranosyl; 4’-OCH3; 
5,3’-OH; 6,5’-H 

A 

C21 4’-OCH3; 5,7,3’-OH; 
6,5’-H 

A 

Flavanones 

O

OR5

R6

R7

R3'

R4'

R5'

 
C22 7- manno/gluco-

pyranosyl; 5,4’-OH; 
6,3’,5’-H 

LA 

C23 4’-OCH3; 5,7-OH; 
6,3’,5’-H 

A 

C24 7,4’-OH; 5,6,3’,5’-H A 
C25 7-glucoside; 5,4’-OH; 

6,3’,5’-H 
A 

Isoflavones 
O

OR5

R6

R7

R3'

R4'

R5'  

C26 5,7,4’-OH; 6,3’,5’-H  A 

2.2. CALCULATION OF DESCRIPTORS 

In the present work, the density functional three‐parameter hybrid model 
(DFT/B3LYP) at the 6‐31G(d) basis set level was adopted to calculate the 
properties of the studied molecules. All the calculations were performed using the 
Gaussian 03W program package [24]. After the optimisation process, only the 
chemical structures of compounds which have a hydroxyl group in position 3 i.e., 
fisetin (C16), 3-OH-flavone (C1), kaempferide (C22), myricetin (C26) and 
quercetin (C28), get to be planar, their three rings being coplanar [25]. The 
DFT/B3LYP functional has been chosen because it is known from literature that 
this method leads to quite satisfactory results for the analysis of geometries and 
energies [26, 27]. 

The total number of theoretical descriptors computed for the optimized 
molecular structures is 1,356. The majority of molecular descriptors (1,349 
parameters) were computed using Dragon 5.5 software [28] and the category which 
they belong to is presented in Table 2. The descriptors, like steric and quantum-
electronic descriptors, were obtained using the Hyperchem 8.03 software [29] and 
from the files .log of each studied compound which are supplied to us by the 
Gaussian software at the end of the optimisation process. The steric and quantum-
electronic descriptors are the following: the solvent accessible surface area 
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(SASA), the volume (Vol), the lowest unoccupied molecular orbital energy 
(ELUMO), the highest occupied molecular orbital energy (EHOMO), the dipol moment 
(DM), the Mulliken electronegativity (EN) and the difference between EHOMO and 
ELUMO, known as the gap energy (Egap). The Mulliken electronegativity (EN) was 
calculated using the following equation: EN = (I + EA)/2, where I = – EHOMO and 
EA = – ELUMO.   

Table 2  

Computed theoretical groups of descriptors and the number  
of descriptors corresponding to each group 

No. Type of descriptors Number of descriptors 

1 Constitutional descriptors 26 

2 Topological descriptors 76 

3 Walk and path counts 43 

4 Connectivity indices 29 

5 Information indices 47 

6 2D autocorrelation indices 96 

7 Edge adjacency indices 106 

8 Burden eigenvalues 64 

9 Topological charge indices 20 

10 Eigenvalue-based indices 44 

11 Randic molecular profiles 41 

12 Geometrical descriptors 38 

13 RDF descriptors 150 

14 3D-MoRSE descriptors 160 

15 WHIM descriptors 99 

16 GETAWAY descriptors 191 

17 Functional group counts 17 

18 Atom-centred fragments 21 

19 Charge descriptors 14 

20 Molecular properties 26 

21 2D binary fingerprints 12 

22 2D frequency fingerprints 29 

 Total 1,349 
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2.3. SELECTION OF RELEVANT VARIABLES 

Before applying the statistical methods, all variables were auto-scaled so that 
they could be compared to each other on the same scale and have the same 
importance in the analysis. The Fisher’s weight, WA, LA, of each variable was then 
calculated, with the purpose of finding the parameters with the best discrimination 
power between the two classes, the active compounds class and the less active 
compounds class. The Fisher’s weight for the Xi variable and for the compounds 
belonging to the A and LA classes was calculated using the following equation:        

 
,
 

(1)
 

where  and  are the means of variable Xi for the flavonoids of the A 
and LA classes;  and  are the standard deviations of variable Xi in the 
case of compounds of the A and LA classes.   

After determining Fisher’s weight for each variable, we retained only those 
with a value above 0.4, for a total of 28 descriptors. These descriptors present the 
best ability of discriminating between the more active and the less active 
flavonoids. The 28 selected descriptors belong to the following types: electronic 
descriptors (EHOMO and EN), 2D autocorrelations (MATS7m, MATS7v, MATS7e, 
MATS7p, GATS5m, GATS7m, GATS5v, GATS7v, GATS5e, GATS7e, GATS5p, 
GATS7p), edge adjacency indices (EEig01d), topological charge indices (JGI4), 
3D-MoRSE (Mor28m, Mor32v, Mor08e), GETAWAY (HATS8m, H0v, HATSv, 
H0p, R1v), functional group counts (Ct, Cs) and atom-centred fragments (C-16, C-17).     

In order to determine the contribution of each variable in the building of a 
model, it is necessary to have relatively small correlations among studied variables. 
For this reason, we have computed pair-wise correlation among all 28 parameters 
and removed those parameters which formed any linear dependence with R > 0.8. 
As a result of this procedure, we retained 15 descriptors for future analysis. The 
correlation matrix and the Fisher’s weights for the selected descriptors are showed 
in Tables 3 and 4. 

2.4. PRINCIPAL COMPONENT ANALYSIS 

PCA [12] is a projection method which decomposes the original variables 
(molecular descriptors), into a “structure” part and a “noise” part. Thus, the 
original data matrix (X) of m rows (compounds) and n columns (variables) is 
decomposed as follows: 

 TX ML R= + , (2)        

where X is a data matrix (m, n), M is a score matrix (m, f), LT is a (transposed) 
loadings matrix (f, n), R is a matrix of residuals (m, n) and f is the number of 
significant principal components (PCs). 
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Table 3 

The correlation matrix between the 15 selected descriptors 

 

Table 4 

The Fisher’s weights for the 15 selected descriptors 

Variable WA,LA Variable WA,LA 
EHOMO 0.44 Mor28m 0.47 
EN 0.83 Mor32v 0.43 
MATS7m 0.87 Mor08e 0.44 
GATS5m 0.54 HATS8m 0.46 
GATS7m 0.54 H0v 0.46 
EEig01d 0.44 Cs 0.67 
JGI4 0.51 Ct 0.47 
  C-16 1.63 

 
The score matrix represents the position of the samples in the new coordinate 

system named principal components (PCs) system. The PCs are a linear 
combination of the original variables and have the important property of being 
uncorrelated among each other. The loading matrix gives the importance of the 
original variables in the PCs. We applied this method with the aim to find the 
original variables which are the most important for the separation of studied 
flavonoids in more active and less active compounds.  

2.5. CLUSTER ANALYSIS 

CA is a method used for preliminary data analysis and it is very useful for 
examining data sets for expected or unexpected clusters. This technique displays 
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data in such a way that natural clusters and patterns can be shown in a two-
dimensional plot called dendrogram [12]. In fact, the dendrogram is used to 
provide information on chemical behaviour and verifies the results obtained by 
PCA technique. In order to obtain the dendrogram we have used as a joining rule 
the complete linkage and as input variables those six selected descriptors pointed 
out by the PCA method. The statistical analysis (PCA and CA) was performed 
using the Statistica 8.0 program [30]. 

2.6. STEPWISE DISCRIMINANT ANALYSIS 

SDA is a statistical method where the main goal is to find the discriminant 
functions that can divide the classes of compounds as directly as possible. This 
method is useful for selecting variables with the highest relevance regarding the 
separation of the compounds into different groups and for assignment of new 
compounds to previously defined classes. The SDA technique [12] involves 
determining a linear equation that will predict which group the compound belongs 
to. The form of the equation or function is:  

 1 1 2 2 i iD V X V X V X a= + + + + ,  (3) 

where D is the discriminant function, Vi is the discriminant coefficient or the 
weight for predictor variable Xi, a is a constant and i is the number of predictor 
variables (independent variables). The number of discriminant functions is equal to 
the number of classes minus one. In order to evaluate the SAR model, the Wilks' 
Lambda, a standard statistic method, is used. 

The Wilks' Lambda is used to denote the statistical significance of the 
discriminatory power of a model. Its value can vary from 1.0 representing no 
discriminatory power to 0.0 which signifies perfect discriminatory power. The 
Wilks' Lambda statistic for the overall discrimination is computed as the ratio of 
the determinant of the within-groups variance (det(W))/covariance matrix over the 
determinant of the total variance covariance matrix (det(T)):  

 Wilk's Lambda = det(W)/det(T).  (4) 

We have applied this technique to all studied flavonoids and to 15 selected 
descriptors (Table 4) with the aim to find the most important descriptors in the 
discrimination of the compounds which belong to classes A and LA. Also, our 
purpose was to verify if the relevant descriptors obtained by this method are the 
same with those supplied by the PCA method. As in our case we used solely two 
classes of compounds consequently the SDA method computes one discrimination 
function. SDA was performed using the SPSS Statistic 20.0 program [31]. 
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3. RESULTS AND DISCUSSION 

3.1. RESULTS OF STATISTICAL METHODS 

We have begun our PCA analysis by choosing the first 3 descriptors (Table 4) 
with the highest values of the Fisher’s weights as input. Then, by adding other 
descriptors one by one, we have found that the best separation of the compounds 
was obtained with six of them: C-16, MATS7m, EN, Mor28m, Mor08e and 
HATS8m. The first three PCs cumulated a total variance of 80.94 %. By plotting of 
the first principal component (PC1 = 34.69 %) versus the second principal 
component (PC2 = 24.28 %) we can see that the all studied compounds are 
separated into two groups: class A (active compounds) and class LA (less active 
compounds) (Fig. 1). Also, we can observe that the first principal component is 
responsible for the discrimination between more and less active compounds, PC1 
having positive values for the compounds which belong to class A and negative 
values for the compounds which belong to class LA. 

 

 
Fig. 1 – Plot of the PC1 score in function of PC2 score for studied compounds. 

In order to analyse which variables bring the most important contribution to 
the components PC1 and PC2, their loading values are showed in Table 5. 
Analysing the loading values for PC1 (Table 5) we can see that the most significant 
descriptors are the following: MATS7m, C-16 and EN, but the contribution of the 
other three selected descriptors i.e. Mor28m, Mor08e and HATS8m, is not 

Class A Class LA 
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negligibile either. We should also notice that five of the six PCA selected 
descriptors cover all categories of descriptors from the dimensionality point of 
view, the 1D, 2D and 3D descriptors. Thus, the C-16 is a one-dimensional 
descriptor, MATS7m is 2D descriptor and Mor28m, Mor08e and HATS8m are 3D 
descriptors.   

Table 5 

Loading values of PC1 and PC2 
Descriptor Loading of PC1 Loading of PC2 
EN -0.634 0.088 
MATS7m 0.795 -0.352 
C-16 -0.768 0.442 
Mor28m -0.466 -0.508 
Mor08e 0.280 0.730 
HATS8m -0.402 -0.581 

 
The results of CA method, qualitative in nature and usually presented in a 

dendogram form, permit the visualization of clusters and correlations among 
samples. In our case, the dendrogram obtained for studied flavonoids using the six 
selected descriptors is presented in Fig. 2. The dendrogram shows a good 
discrimination between the A and LA classes. Only two compounds, C12 and C22, 
which are less active compounds, are misplaced in the A cluster but quite near the 
separation limit between the clusters.  

 
Fig. 2 – Dendrogram obtained for the studied compounds using the set of six selected descriptors. 
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SDA is a linear discriminant method based on the Fisher test (F-test) used to 
compute the significance (Sig.) of variables which participate in the discrimination 
process between classes (A/LA). A smaller significance value means a 
discriminant function which performs a better separation of compounds into the 
classes previously defined. After each step one variable is included in the SAR 
model on the basis of its significance. In our case, after six steps, the more 
significant variables i.e. C-16, EN, Mor08e, HATS8m, Mor32v and GATS5m, are 
extracted from the set of 15 selected variables. It is worth emphasizing the fact that 
after six steps, the Wilks’ Lambda attains a good value (0.146) which means that 
the SAR model has only 14.6% unexplained variance (Table 6).     

Table 6 

The Wilks’Lambda, the canonical correlation, the eigenvalue, the degrees of freedom (df)  
and the significance of the SAR 

Discriminant 
function Wilks’Lambda Canonical 

correlation Eigenvalue df Sig. 

1 0.146 0.924 5.865 6 0.00 
 

The canonical correlation characterizes the overall SAR model from the point 
of view of the proportion of the explained variance retained by the model. In our 
case, the canonical correlation of 0.924 suggests that the model explains 85.4% of 
the variation in the grouping variables, i.e. whether a flavonoid belongs to class A 
or LA (Table 6).  

The SDA technique supplies us the canonical discriminant function 
coefficients concerning the relevant predictor variables (C-16, EN, Mor08e, 
HATS8m, Mor32v and GATS5m). These non standardized coefficients are used to 
build the discriminant function, D. In our case we have obtained the following 
equation:    

 
1.475[C-16] 0.682[ ] 0.530[HATS8m]

0.747[Mor08e] 0.585[Mor32v] 0.413[GATS5m]
D EN= + + −
− − −

.  (5)  

After the validation process, we observed that the discriminant score for all 
studied compounds has a negative value for the more active flavonoids and a 
positive value for the less active flavonoids. Analysing the selected descriptors, we 
noticed that the C-16 descriptor is the strongest predictor the fact standing out by 
its large coefficient (1.475). The other important descriptors (EN, Mor08e, 
HATS8m, Mor32v and GATS5m) as predictors have the values of the coefficients 
comprised between 0.4 and 0.8. We should mention that the sign of the coefficient 
indicates the direction of the relationship between the discriminant function, D, and 
the variable.  

The results of the classification obtained using the discrimination function, D, 
are shown in Table 7. In order to verify the reliability of the SAR model, the cross-
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validation technique was applied. In the first case, all compounds were correctly 
classified, the percentage of correct classifications being 100 %, and in the second 
case, when using the cross-validation method, we obtained a good percentage of 
92.31 % which means that only two less active compounds were incorrectly 
classified.  

It is important to emphasize that four of the six selected descriptors by the 
SDA method – C-16, EN, Mor08e, HATS8m – were selected by the PCA method, 
as well. Concerning the other two descriptors, we can observe that the PCA method 
selected the Mor28m and MATS7m descriptors while the SDA method chose the 
Mor32v and GATS5m descriptors. It is worth to notice the fact that this pair of 
descriptors belongs to the same categories of descriptors: Mor28m and Mor32v are 
3D-MoRSE descriptors, and MATS7m and GATS5m are 2D autocorrelation 
descriptors. In other words, the SDA method replaces the Mor28m descriptor 
selected by PCA with the Mor32v descriptor and the MATS7m descriptor with 
GATS5m, respectively. These replacements seem not to be very suitable because 
after the cross-validation process the SDA method gives two compounds 
incorrectly classified. 

Table 7 

The results of classification obtained with SDA method 

Class Classification Classification with  
cross-validation 

 A LA A LA 
A 15 0 15 0 

LA 0 11 2 9 
A 100 0 100 0 Percentage of correct  

classifications  LA 0 100 0 81.82 
Total 100 % 92.31 % 

3.2. DISCUSSION ON RELEVANT DESCRIPTORS 

In general, there is a relative difficulty in the interpretation of the molecular 
descriptors therefore we consulted the literature [32, 33] for information about each 
relevant descriptor.  

A very important task in SAR modelling is to search within the biologically 
active molecules, the active substructures which give the most part of measured 
biological answer. All carbon atom centered fragment descriptors, from C-1 to  
C-44, are defined by Ghose-Crippen and describe each carbon atom through its 
bonding and neighboring atom types in the molecule. The neighbours of a carbon 
atom can by hydrogen atoms (H), carbon atoms (represented as R) and heteroatoms 
(X) in various combinations. The C-16 represents the number of chemical groups 
of the type: = CHR. In our case, the C-16 descriptor takes only two values, 1 or 0. 
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The majority of flavonoids from class A has the value 0 for this descriptor, 
meaning that this chemical group is absent from their molecular structures. The 
exception is given by two compounds: bavachinin (C18) and tangeretin (C11), 
which have a value of 1 for this descriptor. The absence of the = CHR chemical 
group for the majority of the more active flavonoids is confirmed by the fact that 
the compounds belonging to class A are part of different subclasses of flavonoids, 
like isoflavones, flavanones, flavonols and flavones, which either do not have the 
double bond between the C2 and C3 atoms, or if they have it, the substituent R3 is 
not a hydrogen atom, but it is one of the following groups: OH, C6H4-OCH3 or 
C6H4-OH. The reason why bavachinin has a value of 1 for the C-16 descriptor is 
due to the presence in position 6 of the methyl-butenyl group, while tangeretin 
(C11) is a flavone for which R3=H. As the majority of compounds of class LA are 
flavones, it follows that the C-16 descriptor takes the value 1, the compounds 
having the double bond between the C2 and C3 atoms and the substituent R3=H.  

Generally, MATS descriptors (2D autocorrelation descriptors) are based on 
the Moran algorithm and they are calculated from lag 1 to lag 8 by using different 
atomic weights (atomic mass, van der Waals volume, Sanderson electronegativity 
and atomic polarizability). These descriptors are calculated from the molecular 
graph by summing the products of atomic weights of the terminal atoms for all the 
paths of the considered path length (the lag). In other words, a lag is a topological 
distance or all contributions of each different path length in the molecular graph. 
We mention that the higher the lag, the higher the distance between two atoms. The 
MATS7m descriptor is the Moran autocorrelation of the lag 7/weighted by atomic 
masses. In our case MATS7m descriptor takes negative values for all less active 
compounds and positive values for the majority of more active compounds.  

An important descriptor in the discrimination of the compounds between the 
more and less active flavonoids is the Mulliken electronegativity, a quantum-
electronic descriptor. This descriptor characterizes the charge transfer process 
which occurs between a compound and the biological receptor. We should notice 
that the mean value of the Mulliken electronegativity for the compounds belonging 
to class A (3.61 eV) is slightly smaller than that for the compounds belonging to 
class LA (3.79 eV).   

The HATS8m descriptor is the leverage-weighted autocorrelation of lag 8 
weighted by atomic masses, an H-GETAWAY descriptor. The Geometry, 
Topology and Atom-Weights Assembly (GETAWAY) descriptors [33] account for 
the influence of individual atoms on the shape of the molecule and are often 
combined with atomic properties such as atomic mass, polarizability, van der 
Waals volume, and electronegativity. This class of descriptors is based on a 
leverage matrix named molecular influence matrix (MIM), proposed as a molecular 
representation easily calculated from the spatial coordinates of the molecule atoms. 
For the studied flavonoids the values of the HATS8m descriptor are positive. In 
addition, we want to mention that the mean value of this descriptor in the case of 
more active flavonoids (0.092) is lower than that of less active flavonoids (0.12).  
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The Mor28m and Mor08e are 3D-MoRSE descriptors based on the idea of 
acquiring information from the 3D atomic coordinates by the transform used in 
electron diffraction studies. 3D-Molecule Representation of Structures based on 
Electron diffraction (3D-MoRSE) descriptors are calculated by summing atomic 
weights viewed by a different angular scattering function [32]. In this case, Mor 
28m is the 3D-MoRSE – signal 28/weighted by atomic masses descriptor and 
Mor08e is the 3D-MoRSE – signal 08/weighted by atomic Sanderson 
electronegativity descriptor. The selection of these two descriptors by PCA method 
indicates the importance of atomic masses, steric property and of atomic Sanderson 
electronegativities, an electronic property for the discrimination of the studied 
flavonoids in more and less active compounds. In the case of the Mor08e descriptor, 
we generally obtained greater values for the more active flavonoids than for the 
less active flavonoids. This fact indicates the importance of the Sanderson 
electronegativity which may be related to the binding in a specific cellular structure. 
Analyzing the Mor28m descriptor we observed that for all studied compounds the 
values of Mor28m are positive, the majority of more active compounds (mean 
value of Mor28m = 0.23) having smaller values than less active compounds (mean 
value of Mor28m = 0.36). Allowing for the values obtained for the HATS8m and 
Mor28m descriptors and for the fact that a small molecule easily diffuses through 
cell membranes we may conclude that the smaller is the molecule, the higher is its 
antiproliferative activity.  

4. CONCLUSIONS 

The statistical methods (PCA, CA and SDA) used in the present paper proved 
that the discrimination between more and less active flavonoids using molecular 
descriptors is possible. The PCA and SDA techniques point to six important 
molecular descriptors each, four of which are common for both methods (C-16, EN, 
Mor08e, HATS8m). Analysing the relevant descriptors, we may conclude that the 
degree of antiproliferative activity (intense and low activity) is related to the 
structural (C-16), quantum-electronic (EN), steric (HATS8m) and combined 
steric/electronic (Mor08e) properties of studied flavonoids. These properties are 
related to the flavonoids interaction with a binding site and/or penetration of the 
cell membrane. Finally, we may add that this paper provides a deeper insight into 
important characteristics regarding the antiproliferative activity against human 
colon carcinoma Caco-2 of some flavonoids.     
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