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Abstract: This article reports the development of a set of new molecular descriptors derived from convolution using the Laplacians of molecular 
graphs and their line graphs. These descriptors have been applied in quantitative structure–activity relationship (QSAR) studies to predict the 
toxicity of 69 benzene derivatives and the aqueous solubility of a diverse dataset of 375 drug-like structures, using multivariate linear regression 
and a nonlinear machine learning algorithm known as counter-propagation artificial neural networks. The descriptors are developed using 
atomic properties of only the non-hydrogen atoms in the molecule. Using this approach, we developed a total of 54 new graph convolution-
based descriptors. Results indicate that the newly defined invariants provide a new set of molecular descriptors for the characterization of 
molecular structures and QSAR studies. 
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INTRODUCTION 
 recent trend in the development of quantitative 
structure-activity relationships (QSARs) of molecules 

and biomolecules is the use of computed chemodescriptors 
and biodescriptors along with modeling tools derived from 
statistics[1–9] and machine learning approaches.[10–13] In 
many practical situations related to new drug discovery and 
toxicological evaluation of chemicals for the protection of 
human and environmental health, we need to know a set 
of important physicochemical and biological properties of 
many chemicals that are untested or not yet synthesized. 
The experimental determination of properties of such large 
number of candidate chemicals is prohibitively costly or 
impractical. A practical way to address such a quagmire is 
to use quantitative structure-activity relationship (QSAR) 
models based on molecular descriptors, which can be 
calculated directly from molecular structure without the 
input of any other experimental data. Such descriptors are 
mainly topological, three-dimensional (3-D) or quantum 

chemical in nature. Mathematical methods like matrix 
theory, graph theory, and information theory are some 
frequently used tools in the computation of molecular 
descriptors.[5–10] Use of descriptors in predictive QSAR 
models arises from the dictum: Function (property) follows 
form (structure). These days often the number of 
predictors/descriptors (p) that can be calculated using 
various available software is much larger than n, the number 
of data points, to be modeled. In such rank-deficient cases, 
proper statistical and machine learning methods need to be 
used to develop robust predictive models. Therefore, it is 
evident that robust statistical/machine learning (ML) 
methods constitute an indispensable link between 
structural/property data on the one hand and implemen-
table models in the end user’s computer, on the other. 
 Beginning with the pioneering publications of 
Wiener[14] at the middle of the twentieth century, the field 
of development of graph invariants or graph theoretic 
molecular descriptors has witnessed a major growth spurt 
through the major contributions of Balaban,[15] Randić,[16] 
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Trinajstić,[17] and Basak et al.[18] Figure 1 gives a bird’s eye 
view of the development of graph theoretical molecular 
descriptors until now starting with the path-breaking 
discovery of graph theory by Euler.[19,20] 
 

GRAPH THEORETICAL MATRICES  
AS THE SOURCE OF MOLECULAR  

DESCRIPTORS 
Use of molecular descriptors and experimental properties 
in QSAR may be clearly understood through a formal 
exposition of the structure-property similarity principle—
the central paradigm of SAR/QSAR.[21,22] Figure 2 represents 
an empirical property as a function α:C → R which maps the 
set C of compounds into the real line R. A non-empirical SAR 
may be looked upon as a composition of a description 
function β1:C → D mapping each chemical structure of C 
into a space of non-empirical structural descriptors (D) and 
a prediction function β2:D → R which maps the descriptors 
into the real line. When [α(C) – β2 β1(C)] is within the range 
of experimental errors, we say that we have a good non-

empirical predictive model. On the other hand, the property-
activity relationship (PAR) is the composition of θ1:C → M 
which maps the set C into the molecular property space M and 
θ2:M → R mapping those molecular properties into the real line 
R. PAR seeks to predict one property (usually a complex 
property) of a molecule in terms of another (usually simpler) 
property or a set of properties. The latter group of properties 
may consist either of several experimentally determined 
quantities (e.g. melting point, boiling point, vapor pressure, 
partition coefficient) or substituent constants or solvato-
chromic parameters (e.g. steric, electronic, hydrophobic, 
charge transfer substituent constants, hydrogen bond donor 
acidity, hydrogen bond acceptor basicity). 
 In the realm of chemical graph theory, description 
function β1:C → D is often facilitated by various type of 
graph theoretical matrices, e.g., adjacency matrix, distance 
matrix, incidence matrix, D/D matrix, Laplacian matrix, 
etc.[23] In this process the molecular graphs are first 
converted to matrices and then numerical graph invariants 
are derived from the matrices using methods of matrix 
theory, information theory etc. 
 One of the less frequently used graph theoretical 
matrix is the Laplacian matrix, 

 = –L A D  (1) 

where A is the adjacency matrix for the graph G(V,E) with n 
vertices, while D is the degree matrix. D is a diagonal matrix 
with the degrees of the vertices in the main diagonal. The 
remaining elements of the matrix are zero. 
 The Laplacian matrix has been previously used in the 
field of mathematical chemistry for development of 
topological indices.[24–31] In this paper, we have developed 
a set of 54 new graph theoretical descriptors from the 
normalized Laplacian matrix. Subsequently, these newly 
developed descriptors were used for the formulation of 
QSAR models for the prediction of aquatic toxicity of a set 
of 69 benzene derivatives and solubility of a data set 
composed of diverse drug-like structures. 

 

Figure 1. Graphical timeline of the development of the 
graph theory and its application in chemistry. 
 

 

Figure 2. A schematic representation of methods used for 
QSAR formulation using the PAR and descriptor-based 
methods. 
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METHODS AND MATERIALS 
The Database 

The toxicity data, specifically the lethal concentration  
(96-hour LC50 in fathead minnow), for the 69 benzene 
derivatives were taken from Hall et al.[24] The data 
represent the acute aquatic toxicity (LC50) measured in 
fathead minnow (Pimephales promelas). These data were 
compiled from eight other literature sources and include 
some original work conducted at the U.S. Environmental 
Protection Agency Environmental Research Laboratory 
(USEPA-ERL) in Duluth, MN, USA. 
 The solubility data set used in this study consists of 
375 diverse drug-like structures. It was developed by 
combining a data set previously compiled by Rytting et 
al.[32] with a data set from Sirius Analytical Instruments,[33] 
referred to as the Rytting set and the Sirius set, 
respectively. 

Computation of Convolution Based 
Molecular Descriptors 

For the explanation of the descriptors presented in this 
article, it is important to note that the Laplacian matrix (L) 
is used to extract information from the properties of the 
vertices or edges of a chemical graph based on its topology. 
As the degrees of the vertices in a chemical graph may 
differ, it is preferable to use the symmetrically normalized 
Laplacian matrix (Ln). The signless Laplacian matrix used 
here is defined as follows: 

 = +L D A  (2) 

 The normalized Laplacian matrix is defined by: 

 − −⋅⋅= 1/2 1/2
nL D L D  (3) 

 In the previous equation, D–1/2 is defined as: 
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where d(i) represents the vertex degree in the graph G(V,E). 
 In order to proceed with the development of these 
descriptors, we need to define one more matrix called 
property matrix (P). The size of this matrix is n × k. In this 
matrix, the number of rows (n) corresponds to the number 
of non-hydrogen atoms (or the number of vertices in the 
hydrogen-suppressed chemical graph), while the columns 
(k) correspond to properties of the isolated atoms, 

properties of atoms derived from their compounds or 
calculated properties derived from the chemical graph. The 
properties of the isolated atoms, which we use here, are: 
(1) atomic number, (2) relative atomic mass, (3) atomic 
radius, (4) first ionization potential, (5) electron affinity,  
(6) polarizability, (7) atomic volume and (8) van der Waals 
radius. The properties used for atoms derived from their 
compounds are: (9) electronegativity and (10) ionic radius. 
The only property derived from the chemical graph used in 
this work is (11) vertex degree. Therefore, for all molecules 
in the data set, the number of properties (columns) in the 
P matrix is 11. 
 In the next step, P is pre-multiplied by Ln: 

 ⋅= nM L P  (5) 

 The resulting matrix (M) is called Laplacian-
transformed property matrix. M has the same size as P. 
Now, the values in columns of M do not represent the initial 
properties. The values in its columns are obtained as a 
result of “exchange of information” for the atomic property 
for the selected atom (vertex) and its neighbors at 
topological distance 1. Based on this, we can say that 
descriptors developed here are of distributive type because 
they encode information about the arrangement and 
interactions of vertices (atoms) and edges (bonds) within 
the molecular graph, not just their individual contributions. 
 The immediate neighborhood has the greatest 
influence on the selected atom. However, atoms at a 
topological distance of two or even three may also affect 
the behavior of the selected atom. If we wish to include the 
influence of atoms at a topological distance of two, we 
should pre-multiply P by Ln twice: 

 n n⋅= ⋅M L L P  (6) 

 Similarly, the influence of the third neighborhood 
could be included in M if P is pre-multiplied three times by 
Ln. 
 As previously stated M has the same size with P and 
it is shown here: 
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 To extract descriptors from M, a function processes 
the values in different columns. To test the predictive 
power of the descriptors obtained using this approach, we 
calculated them as either (1) mean values or (2) sums of the 
values in the selected column. Based on this, we can state 
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that the descriptors developed here are additive. A more 
detailed and systematic explanation of the procedure for 
calculating the proposed descriptors is provided in 
“Supporting Information 1”. 
 For the eleven atomic properties mentioned earlier, 
using these two types of column processing, we obtained 
22 descriptors (11 by averaging the columns and 11 by 
summing the columns of M). 
 Additionally, based on this procedure, we also 
developed descriptors using line graphs (graphs in which 
the edges are treated as vertices). In this case, for the 
properties of the vertices, we used (1) differences between 
the properties of neighboring atoms and (2) sums of the 
properties of neighboring atoms. The reason for this is that, 
if we need to calculate descriptors representing the polarity 
of the molecule, the polarity of the chemical bonds should 
be considered. In that case, it makes sense to use the 
absolute value of the differences in electronegativity of the 
atoms forming the bond as a property of the vertices of the 
line graph. In other cases, for example, for a descriptor 
representing the polarizability of the molecule, it is better 
to define the properties for the vertices in the line graph as 
the sum of the polarizabilities of the neighboring atoms. 
Thus, when line graphs were used for the development of 
this type of descriptor, the properties of the bonds 
(columns) in matrix P were extracted using: (a) the sum of 
the values and (b) the absolute value of the differences of 
the properties of the individual atoms forming the bond. 
The properties used for calculation of these descriptors 
were: (1) relative atomic mass, (2) electronegativity, (3) 
electron affinity, (4) ionic radius, (5) atomic radius, (6) van 
der Waals radius, (7) polarizability, and (8) atomic volume. 
These two procedures for calculating the properties of the 
edges (sums and differences) in the line graphs, together 
with the properties mentioned in this section, yielded a 
total of 32 additional descriptors. 
 Using both approaches (atom-based and bond-based 
descriptors) presented here, we developed a total of 54 
descriptors. These descriptors, along with the data sets used 
in this work, their abbreviations, and explanations of the 
abbreviations, are provided in “Supporting Information 2”. 
 The entire procedure for the development of the 
convolution-based descriptors, as described here, is 
demonstrated in “Supporting Information 1” for a single 
molecule. The program is developed in Mathcad 15.[34] 

QSAR Modeling for Exploration of 
Predictive Power of the Developed 

Descriptors 
The predictive power of the developed descriptors was 
evaluated using multivariate linear regression (MLR) and 
counter-propagation artificial neural networks (CPANN). In-
house software for MLR and CPANN was developed in the 

Matlab environment.[35] The software for CPANN is 
available on request.[36] The software for reading structures 
from SDF (structured-data format) was also developed in 
Matlab.[37] The software for calculating the new 
convolution-based descriptors,[38] discussed here, was also 
developed in the Matlab environment. For this study, the 
proposed descriptors were calculated using structures 
without hydrogen atoms. 
 Most of the properties of the atoms mentioned 
above have different physical units. To use only the 
numerical information stored in these properties after the 
convolution-based descriptors are calculated auto scaling 
or range scaling is required. In this paper, auto scaling was 
used before the QSAR modeling was performed. 
 

RESULTS 
The descriptors in this work were calculated using three 
pre-multiplications of P by the normalized Laplacian matrix. 
This approach was chosen to ensure that our descriptors 
included “interactions” among the vertices of the chemical 
graph at a maximum topological distance of three. 

Multivariate Linear Regression Results 
The search for the best models based on MLR started with 
univariate regression. After selecting the initial descriptor, 
MLR was used to select the remaining descriptors. The 
criteria for selecting descriptors were as follows: 

• The first criterion was to select the descriptor that 
most improved the MLR model; 

• The second criterion was that if, for example, 
electronegativity was chosen as an atomic property-
based descriptor calculated as the mean of the 
column of M, then the descriptor based on this 
electronegativity calculated as the sum of the 
column of M was excluded from further 
consideration. The same criterion was applied to the 
line graph-based descriptors. 

 Using this approach, we selected five descriptors for 
each data set, as shown in Table 1. 
 
MLR Modeling of the Toxicity of the Benzene Derivatives 
The data on the toxicity of the 69 benzene derivatives as 
well as the values for the previously mentioned descriptors 
are presented in Table 2. 
 The initial equation for the MLR model using auto 
scaled descriptors is: 

1 2 3 4 50.699 0.495 1.321 – 0.453 – 0.367= ⋅ + ⋅ + ⋅ ⋅ ⋅y b b b b b  

 Here, y denotes the vector containing the modelled 
property, while bi denotes the vector representing the i-th 
descriptor from Table 1. Potential collinearity among the 
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descriptors was assessed using the variance inflation factor 
(VIF). This parameter is calculated as the inverse of the 
correlation matrix for the descriptors.[39] The diagonal 
elements of the resulting inverse matrix correspond to the 
VIF values for each descriptor.[39] The VIF values obtained 
for this model are shown in Table 3. As a rule of thumb, 
variables (descriptors) with VIF > 10 should be further 
examined for collinearity. The only descriptor meeting this 
criterion is ‘b_av_sum_Polariz’. In such cases, a t-test is 
used to check the statistical significance of this descriptor. 
At a significance level of α = 0.05, the absolute value 
calculated for the t statistic (t = –1.768) is not greater than 
the critical value (t1–α/2,ν=63 = 1.998) which means that the 
null hypothesis (H0), which states: 

0 5H :  0a =  

should not be rejected. In the null hypothesis above, the 
parameter a5 represents the regression coefficient (–0.367) 
corresponding to the ‘b_av_sum_Polariz‘ descriptor. The  
t-test indicates that this descriptor should be excluded from 
the model. With this in mind, the final model for this data 
set is: 

1 2 3 40.509 0.444 1.440 – 0.453= ⋅ + ⋅ + ⋅ ⋅y b b b b  

MLR Modeling of the Solubility Data Set 
The solubility data set was also modeled using MLR. The 
resulting MLR model developed for the solubility data set is: 

1 2 3 4 5– 0.008 0.059 – 0.065 – 0.050 – 0.744= ⋅ + ⋅ ⋅ ⋅ ⋅z s s s s s  

 Here, z is a vector representing the modeled 
property, and si are vectors representing the selected 
descriptors for this data set. The potential redundancy of 
the descriptors was also examined (Table 3). In this case, 
the calculated VIF values for all variables are below 10. 
 The expected versus predicted values for the 
modeled property using MLR with leave-one-out cross-
validation, for both data sets are shown in Figure 3. 
 

Validation of the Best MLR Models for Both Data Sets 
The root-mean-square error of prediction (RMSEP) for the 
developed model for the benzene derivatives data set is 
0.376 (Figure 3a) while the correlation coefficient between 
expected and found values for the modeled property is 
0.871. The predictive power of this model was evaluated 
using leave-one-out cross-validation (Figure 3b), which is a 
widely accepted validation procedure in QSAR modeling 
(e.g. Refs. [40,41]). Correlation coefficient for cross-
validation is 0.840, while root-mean-square error of cross-
validation is 0.412. At the same time, q2 for this model is 
0.670. Similar results, but with more parameters, were 
previously obtained on this data set of chemicals earlier 
using MLR models with three topological and two 
physicochemical descriptors (the root-mean-square error 
of cross-validation was 0.312[40]). 

Table 1. The selected descriptors for the best MLR model. The first letter in the abbreviations stands for atomic (a_) or  
bond (b_) based descriptor.(a) 

Be
nz

en
e 

de
riv

at
iv

es
 d

at
a 

se
t 

# Abbreviation Description 

1 a_av_El_Affinity Atom based descriptor – mean values of the Laplacian matrix based descriptor based on  
electron affinities 

2 a_av_Vertex_degree Atom based descriptor – mean value of the Laplacian matrix based descriptor on  
vertex degrees 

3 a_su_Atom_vol Atom based descriptor – sum of the values of the Laplacian matrix based descriptor based on  
atom volumes 

4 b_av_dif_vdW_radius Bond based descriptor – Laplacian matrix based descriptor calculated using mean values of the 
differences of the van der Waals radii of the atoms which form bonds in the molecules 

5 b_av_sum_Polariz 
Bond based descriptor – Laplacian matrix based descriptor calculated using mean values for the sums 

of the polarizabilities of the atoms which form bonds in the molecules 

So
lu

bi
lit

y 
da

ta
 s

et
 

# Abbreviation Description 

1 a_av_Ar Atom based descriptor – mean values of the Laplacian matrix based descriptor derived from relative 
atomic weights 

2 a_av_El_Affinity Atom based descriptor – mean values of the Laplacian matrix based descriptor derived from  
electron affinities 

3 a_av_Z Atom based descriptor – mean values of the Laplacian matrix based descriptor derived from  
atomic number 

4 a_av_Atom_radius Atom based descriptor – mean values of the Laplacian matrix based descriptor derived from  
atomic radii 

5 log P Octanol-watter partion coefficient 

(a) The second and third letter in the abbreviations represent whether the descriptor was calculated as mean value (‘av’) of the columns of the M or as a sum 
(‘su’). For the bond-based descriptors the third part (‘diff’ or ‘sum’) represents whether difference or the sum of the atomic properties were used in order to 
calculate that descriptor. The remaining part of the abbreviations for all descriptors represent the atomic property on which they are based. 
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Table 2. The values for the selected descriptors used for modeling of the toxicity of the benzene derivatives. 

  1 2 3 4 5  

  a_av_El_Affinity a_av_Vertex_degree a_su_Atom_vol b_av_dif_vdV_radius b_av_sum_Polariz –log(LC50) 

1 benzene 10.0800 80.0000 219.8400 0.0000 28.8000 3.4 
2 bromobenzene 11.6218 74.5776 372.9090 7.6539 29.9313 3.89 
3 chlorobenzene 11.8277 74.5776 322.7372 2.5513 29.0116 3.77 
4 phenol 10.0565 78.8749 306.0133 9.1847 27.5736 3.51 
5 toluene 9.8917 78.8749 251.6894 0.0000 28.6028 3.32 
6 1,2-dichlorobenzene 13.0852 78.0689 423.4035 4.2861 29.0651 4.4 
7 1,3-dichlorobenzene 13.1298 78.0005 425.2169 4.4266 29.2467 4.3 
8 1,4-dichlorobenzene 13.1412 78.0053 425.7116 4.4648 29.2227 4.62 
9 2-chlorophenol 11.5596 78.0689 406.9406 9.8581 27.8609 4.02 
10 3-chlorotoluene 11.4421 78.0005 354.4356 2.2133 28.8943 3.84 
11 4-chlorotoluene 11.4472 78.0053 354.6638 2.2324 28.8666 4.33 
12 1,3-dihydroxybenzene 10.0417 78.0005 391.8945 15.9356 26.7679 3.04 
13 3-hydroxyanisole 10.1318 72.2985 454.2196 21.8544 25.8033 3.21 
14 2-methylphenol 9.8920 78.0689 337.0016 7.7151 27.5186 3.77 
15 3-methylphenol 9.8981 78.0005 337.7744 7.9678 27.6550 3.29 
16 4-methylphenol 9.8973 78.0053 337.9399 8.0366 27.6138 3.58 
17 4-nitrophenol 8.8622 73.3950 645.8832 15.7330 24.5827 3.36 
18 1,4-dimethoxybenzene 10.2002 65.0865 516.6786 26.6793 24.9773 3.07 
19 1,2-dimethylbenzene 9.7501 78.0689 283.5256 0.0000 28.3804 3.48 
20 1,4-dimethylbenzene 9.7532 78.0053 283.6160 0.0000 28.5104 4.21 
21 2-nitrotoluene 8.7565 69.0260 590.7731 9.1569 25.2651 3.57 
22 3-nitrotoluene 8.7517 68.9771 591.5224 9.2713 25.3458 3.63 
23 4-nitrotoluene 8.7468 73.3950 591.5593 9.3037 25.3000 3.76 
24 1,2-dinitrobenzene 8.1036 64.9791 897.5127 15.1968 23.2217 5.45 
25 1,3-dinitrobenzene 8.0831 64.9700 899.3907 15.4522 23.2192 4.38 
26 1,4-dinitrobenzene 8.0759 68.7829 899.5027 15.5062 23.1598 5.22 
27 2-methyl-3-nitroaniline 8.1479 69.3159 694.6452 12.9684 25.0187 3.48 
28 2-methyl-4-nitroaniline 8.1398 66.6608 695.6325 13.1042 25.0782 3.24 
29 2-methyl-5-nitroaniline 8.1421 63.0381 695.3574 13.0625 25.0844 3.35 
30 2-methyl-6-nitroaniline 8.1611 69.3159 693.0864 12.7547 25.0392 3.8 
31 3-methyl-6-nitroaniline 8.1547 73.2712 694.1394 12.9086 25.1355 3.8 
32 4-methyl-2-nitroaniline 8.1559 69.2568 694.3394 12.9208 25.1496 3.79 
33 4-hydroxy-3-nitroaniline 8.2457 69.2568 748.8402 18.6750 24.5164 3.65 
34 4-methyl-3-nitroaniline 8.1434 69.2568 695.8065 13.1239 25.1302 3.77 
35 1,2,3-trichlorobenzene 14.0575 77.4290 523.7742 5.6253 29.1408 4.89 
36 1,2,4-trichlorobenzene 14.1049 77.3621 525.9474 5.7603 29.2995 5 
37 1,3,5-trichlorobenzene 14.1348 77.2933 527.2790 5.8511 29.4918 4.74 
38 2,4-dichlorophenol 12.7487 77.3621 509.4845 10.7131 28.2327 4.3 
39 3,4-dichlorotoluene 12.6047 77.3621 455.1660 3.7929 28.9873 4.74 
40 2,4-dichlorotoluene 12.6226 77.3621 456.0085 3.8553 28.9962 4.54 
41 4-chloro-3-methylphenol 11.2557 77.3621 439.6137 8.9874 27.9015 4.27 
42 2,4-dimethylphenol 9.7719 77.3621 369.0306 6.8578 27.6208 3.86 
43 2,6-dimethylphenol 9.7659 77.4290 368.0496 6.5902 27.5088 3.75 
44 3,4-dimethylphenol 9.7734 77.3621 369.6747 7.0825 27.5983 3.9 
45 2,4-dinitrophenol 8.2324 64.2533 983.6289 18.8476 23.0627 4.04 
46 1,2,4-trimethylbenzene 9.6458 77.3621 315.5546 0.0000 28.3843 4.21 
47 2,3-dinitrotoluene 8.1665 63.6804 928.6627 13.9111 23.5834 5.01 
48 2,4-dinitrotoluene 8.1457 64.2533 930.5953 14.1506 23.5821 3.75 
49 2,5-dinitrotoluene 8.1428 67.1570 930.6704 14.1755 23.5619 5.15 
50 2,6-dinitrotoluene 8.1503 67.0562 929.8164 14.0652 23.5179 3.99 
51 3,4-dinitrotoluene 8.1610 67.1115 929.4666 14.0028 23.6467 5.08 
52 3,5-dinitrotoluene 8.1461 64.2289 931.3205 14.2136 23.6894 3.91 
53 1,3,5-trinitrobenzene 7.6945 61.6686 1239.1137 18.4777 22.2313 5.29 
54 2-methyl-3,5-dinitroaniline 7.7177 64.8248 1034.2196 16.7327 23.5707 4.12 
55 2-methyl-3,6-dinitroaniline 7.7263 67.5452 1032.0520 16.5372 23.4797 5.34 
56 3-methyl-2,4-dinitroaniline 7.7274 62.7835 1032.5011 16.5825 23.5104 4.26 
57 5-methyl-2,4-dinitroaniline 7.7245 64.8140 1033.2267 16.6368 23.5904 4.92 
58 4-methyl-2,6-dinitroaniline 7.7381 64.8051 1031.6678 16.4662 23.6275 4.21 
59 5-methyl-2,6-dinitroaniline 7.7390 64.8255 1030.7589 16.3999 23.5286 4.18 
60 4-methyl-3,5-dinitroaniline 7.7185 62.6017 1034.6020 16.7756 23.5992 4.46 
61 2,4,6-tribromophenol 13.2443 76.8360 757.6315 21.3512 30.2926 4.7 
62 1,2,3,4-tetrachlorobenzene 14.8369 76.9022 624.2005 6.6967 29.2231 5.43 
63 1,2,4,5-tetrachlorobenzene 14.8772 76.8339 626.2346 6.7967 29.3776 5.85 
64 2,4,6-trichlorophenol 13.6695 76.8360 609.6858 11.0712 28.4654 4.33 
65 2-methyl-4,6-dinitrophenol 8.2763 59.6182 1014.6542 17.2958 23.4401 5 
66 2,3,6-trinitrotoluene 7.7856 64.6439 1267.7617 17.0077 22.4994 6.37 
67 2,4,6-trinitrotoluene 7.7743 57.8402 1269.5908 17.1617 22.5472 4.88 
68 2,3,4,5-tetrachlorophenol 14.3651 76.4553 707.8253 11.5455 28.4676 5.72 
69 2,3,4,5,6-pentachlorophenol 14.9646 76.1321 806.0487 11.7095 28.5241 6.06 
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Figure 3. Expected vs. predicted values for the MLR models obtained using benzene derivative data set (a – training set; b – 
leave-one-out cross-validation) and for the solubility data set (c – training set; d – 20-fold cross-validation). 

Table 3. The values for the variance inflation factor for the two data sets. 

Benzene derivatives data set 

# 1 2 3 4 5 

Abbreviation a_av_El_Affinity a_av_Vertex_degree a_su_Atom_vol b_av_dif_vdW_radius b_av_sum_Polariz 

VIF 8.2593 8.5340 7.5035 2.7935 21.5638 

Solubility data set 

# 1 2 3 4 5 

Abbreviation a_av_Ar a_av_El_Affinity a_av_Z a_av_Atom_radius logP 

VIF 4.082 1.1762 4.052 1.480 1.015 
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 In addition, y-randomization was used to assess 
whether the model performances were due to chance 
correlation. To this end, the entire procedure was repeated 
10,000 times. The average RMSEP for cross-validation 
obtained from y-randomization is 0.792, with a standard 
deviation of 0.020. Comparison of the RMSEP for cross-
validation (0.412) with that from y-randomization (0.789) 
shows that the cross-validation results are approximately 
19 standard deviations from the mean of the y-
randomization distribution. This indicates that the MLR 
model is not the result of chance correlation. 
 The best MLR model for predicting solubility had an 
RMSEP of 0.263, while the RMSEP from 20-fold cross-
validation was 0.402. The q² value obtained by the cross-
validation was 0.628. In this case, y-randomization was also 
applied under the previously conditions described. The 
RMSEP obtained for this procedure is 1.01 with standard 
deviation of 0.005. This means that the model presented 
here for prediction of the solubility is not the result of a 
chance correlation. 
 Based on the visual inspection of Figure 3 and the 
previously discussed quantitative parameters, we conclude 
that the MLR models developed for both data sets using 
these new Laplacian matrix-based descriptors show good 
predictive performance. 

Counter-propagation Artificial Neural 
Networks Results 

In a search for better results compared to those obtained 
using MLR, we tried to develop nonlinear models based on 
counter-propagation artificial neural networks.[12,13] Unlike 
most of the artificial neural networks, which are considered 
as “black box” models, CPANN could help in understanding 
the influence of the descriptors on the model. In some 
cases, where the interpretation of the descriptors is 
straightforward, it could help in development of 
mechanistically interpretable models.[42,43] 
 Here, the descriptors previously selected for MLR 
modeling (Table 1) were also used to optimize the models 
based on CPANN. To perform CPANN modeling 
automatically and to develop simpler models, we used a 
genetic algorithm (1) to select the best descriptors for the 
models and (2) to automatically search for the optimal 
network size and number of training epochs.[44] In addition, 
to further simplify the model, we used our algorithm for 
automatic adjustment of the relative importance of the 
descriptors.[44] This algorithm usually produces simpler 
models that are easier to interpret.[44] 
 Due to the small number of selected descriptors, the 
genetic algorithm converged relatively quickly to good 
CPANN models for both data sets. 
 

Modeling of the Toxicity of the Benzene Derivatives 
Using CPANN 

Only two descriptors were selected by the genetic 
algorithm for modeling the –log(LC50) of the benzene 
derivatives data set. Both descriptors are based on the 
properties of the isolated atoms. The descriptor with a 
relative importance of 1.000 is based on the convolution of 
the electron affinities of the atoms (a_av_El_Affinity). The 
second descriptor, with a lower relative importance 
(0.042), is based on the sums of the atomic volumes 
(a_su_Atom_vol) of the elements. The weight levels for 
CPANN in this model are shown in Figure 4. 
 A simple comparison of the weight levels (in 
Figure 4) shows that the selected descriptors 
(a_av_El_Affinity and a_su_Atom_vol) create two different 
regions with high values for the modeled property. The 
descriptor based on electron affinity helps in clustering the 
structures with high values for –log(LC50) in the upper left 
corner of the CPANN. The ‘a_su_Atom_vol’ descriptor 
groups the remaining structures with high values of the 

 

Figure 4. The weights levels for one of the best CPANN 
models based on the convolutional descriptors presented 
here. 
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modeled property in the lower right corner of the map. It is 
interesting to see whether there is a difference between 
the structures mapped in these two regions of the CPANN. 

For this purpose, the structures with values for the 
modeled property larger than the 80th percentile were 
mapped on the trained CPANN. The CPANN labeled with 
these structures is shown in Figure 5. 
 The structures in the upper left corner of the CPANN 
(Figure 5) are those that have three (structure number 36), 
four (structures: 62, 63 and 68) and five (number 69) chlorine 
atoms attached to the benzene ring. In the lower right corner 
of the CPANN, nitro substituted benzene derivatives are 
mapped. Among these structures two –NO2 groups are 
present in the molecules labeled with 24, 25, 47, 49, 51, 55 
and 64 on Table 1 together with structures 53 and 55 that 
have three nitro groups (see “Supporting Information 3”). 
The experimental versus predicted values for –log(LC50) for 
this model are presented in Figure 6a and 6b. 

 

Figure 5. Trained and labeled CPANN (for the model show in 
Figure 4) with numbers of the structures with the values for 
the modeled property larger than 80th percentile. 
 

 

 

Figure 6. Expected vs. found values for the modeled property using CPANN (a) for the training set and (b) for cross-validation 
for the benzene derivatives data set and (c) for the training set and (d) cross-validation for the solubility data set. 
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 The root mean square error of prediction for the 
training set of this model is 0.414. The correlation 
coefficient for the training set is 0.910, while the 
correlation coefficient for leave-one-out cross-validation is 
0.846. The q² for cross-validation is 0.713, and the root 
mean square error for cross-validation is 0.532. The 
numerical parameters for the presented CPANN model 
indicate good generalization performances. Performance 
was examined using y-randomization. In this case, the 
mean value of the performance (after 10,000 repetitions) 
with cross-validation was 1.131, with a standard deviation 
of 0.061. Based on this, we conclude that the performance 
of our models (based on leave-one-out cross-validation) 
cannot be attributed to chance correlation. Here, the 
RMSEP for cross-validation is 4.7 standard deviations lower 
than the average performance of the random models. 
 

Solubility Modeling by CPANN 
For modelling solubility, the octanol-water partition 
coefficient (logP) plays a very important role. Therefore, 
logP was included among the selected descriptors 
(Table 1). The remaining descriptors were chosen using a 
stepwise addition procedure. In this case, all descriptors 
are derived from atomic properties. Three are size-based 
descriptors (a_av_Ar, a_av_Z, and a_av_Atom_radius). The 
fourth is an electronic descriptor derived from electron 
affinity (a_av_El_Affinity). 
 After several repetitions of the optimization using a 
genetic algorithm, multiple models with the same subset of 
descriptors and comparable performance were identified. 
These models were based on only three descriptors. The 
selected descriptors are a_av_At, a_av_El_Affinity, and 
logP (see Figures 6c and 6d). The relative importance of 
these descriptors during the search for the winning neuron 
was determined using our procedure for automatic 
adjustment of relative importance.[44] The relative 
importance of these descriptors was: 

_ _ : _ _ _ : log 1.000 : 0.042 : 0.750a av At a av El Affinity P =  

 Unlike when MLR was used here, probably because 
the algorithm can model nonlinearities, the logP descriptor 
does not have a greater influence on the mapping of the 
structures on the CPANN. 
 The root mean square error of prediction for the 
training set is 0.489, while for the 20-fold cross-validation it 
is 0.644. This model has a q² value for the cross-validation 
of 0.585. In addition, y-randomisation was performed for 
the model under the same conditions as previously 
described. Here, the arithmetic mean obtained for the 
RMSEP is 1.08 with a standard deviation of 0.066. 
Considering the standard deviation for this distribution and 
the RMSEP obtained for the CPANN model after cross-
validation, we can conclude that our results are not due to 
chance correlation. 

 As presented, the results obtained using CPANN and 
MLR are comparable. Based on the cross-validation results, 
MLR appears to show better generalization performance in 
this case. Probably due to the non-linear nature of the 
CPANN algorithm, only three of the five preselected 
descriptors are included in the final model. 
 

DISCUSSION 
The results presented in this article indicate that Laplacian-
based convolution descriptors could become a valuable 
tool in future SAR/QSAR studies. In this case, only a few 
atomic properties were used to demonstrate the predictive 
power of this approach. 
 The list of developed descriptors can be extended by 
incorporating additional properties of individual atoms or 
bonds. For example, additional descriptors can be 
developed based on the line graph, using bond orders. For 
atom-based descriptors, it is also possible to develop 
descriptors based on the hybridization states of the atoms 
in the molecule. 
 The descriptors developed here are of distributive 
and additive types. The Laplacian matrix enables 
information exchange between neighboring atoms or, in 
the case of line graphs, between neighboring chemical 
bonds. Therefore, this new group of descriptors is distrib-
utive. Additionally, extraction of the descriptors from the 
columns of the Laplacian-transformed property matrix (M) 
involves either (1) summing the values in the columns or (2) 
calculating their mean values. Based on this, we can state 
that these descriptors are additive. 
 One very important detail which must be considered 
is that sometimes it is not desirable to use the descriptors 
obtained using only one pre-multiplication of the property 
matrix (P) with the normalized Laplacian (Ln). We noticed 
that, for these data sets, if the descriptors were calculated 
using only one pre-multiplication by Ln most of the atom-
based descriptors will have same values for meta and para 
substituted benzene derivatives. This means that at least 
two pre-multiplications with Ln are required to characterize 
the inductive effect of atoms at a topological distance of 
two in order to have an effect, and, in this case, to help 
distinguish between meta- and para-substituted benzene 
derivatives. Another reason to interpret this as an influence 
of the inductive effect is that it was not observed with 
ortho-substituted benzene derivatives. Here, only one per-
multiplication with the Laplacian matrix separates ortho-
substituted benzene derivatives from meta- and para-
substituted benzenes. 
 The benzene data set, although apparently 
congeneric, exhibits considerable structural diversity, 
which has mechanistic implications for toxicity. 
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 In Table 2, compounds 18, 19, and 20 (1,4-dimeth-
oxybenzene, 1,2-dimethylbenzene, and 1,4-dimethylbenzene) 
are highly hydrophobic molecules with low dipole moment 
values. For example, the dipole moment of 1,4-dimethoxy-
benzene is approximately 1.70 Debye in solution. 
 In contrast, compounds 47, 48, and 49 (2,3-dinitro-
toluene, 2,4-dinitrotoluene, and 2,5-dinitrotoluene) are 
considerably more polar. The dipole moment of 2,3-dinitro-
toluene is approximately 3.45 D, while 2,4-dinitrotoluene has 
a dipole moment of about 4.35 D. These chemicals act as 
non-polar narcotics. Dinitrotoluenes are nitroaromatic com-
pounds that are sparingly soluble in water, a key 
characteristic of non-polar substances. The molecules consist 
largely of a non-polar benzene ring and a methyl group, and 
although the nitro groups add some polarity to specific 
bonds, the overall molecular structure is predominantly non-
polar. The similar compound 1,4-dinitrobenzene is non-polar 
because its symmetry cancels out the dipole moments.  
The theoretical dipole moment of 1,4-dinitrobenzene 
(compound No. 26) is zero because the two nitro group 
dipoles are oriented in opposite directions and cancel each 
other out due to the molecule’s symmetry. 
 Let us now consider the pKa values of the phenols of 
Table 2: 

64 2,4,6-trichlorophenol  6.0 – 6.23
65 2-methyl-4,6-dinitrophenol 4.42
68 2,3,4,5-tetrachlorophenol 6.15 – 6.35
69 2,3,4,5,6-pentachloropheno 4.7 – 5.3

≈
≈
≈
≈

 

 In aqueous solution at 25 °C, the pKa of the 
mitochondrial oxidative phosphorylation uncoupler 2,4-
dinitrophenol (2,4-DNP) is approximately 4.1. Based on 
this, it can be assumed that the four phenolic compounds 
mentioned above will act as uncouplers in the fathead 
minnow. Therefore, it is reasonable that a genetic 
algorithm-based QSAR model selected one electron 
affinity-based Laplacian descriptor and one size-dependent 
index. 
 For aqueous solubility, calculated logP and four 
Laplacian descriptors were required to develop a good 
predictive model. The electron affinity-based Laplacian 
descriptor is electronic in nature (see Table 1). The other 
three Laplacian indices encode information about 
molecular size and shape. The critical role of hydro-
phobicity in predicting solubility is well established in the 
QSAR literature.[45] 
 

CONCLUSION 
In this paper, we report the development of a set of novel 
Laplacian matrix-based molecular descriptors. A limited 
selection of these descriptors has been applied to QSAR 
studies of two data sets: (1) aquatic toxicity of benzene 

derivatives and (2) aqueous solubility of another collection 
of molecules. The results indicate that the newly 
formulated Laplacian descriptors encode sufficiently 
valuable structural information to be useful as new QSAR 
descriptors. Following the ‘diversity begets diversity‘ 
principle,[46] it would be desirable to develop and explore 
the utility of Laplacian class of chemodescriptors in the 
classification and property (as well as bioactivity prediction) 
of larger and structurally diverse databases. Such studies 
are currently in progress, the results of which will be 
reported in the future communications. 
 
Supplementary Information. Supporting information to the 
paper is attached to the electronic version of the article at: 
https://doi.org/10.5562/cca4199. 
 
PDF files with attached documents are best viewed with Adobe Acrobat 
Reader which is free and can be downloaded from Adobe's web site. 
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PREDICTION OF TOXICITY OF BENZENE DERIVATIVES USING
LAPLACIAN MATRIX-BASED GRAPH THEORETICAL MOLECULAR


DESCRIPTORS DERIVED BY GRAPH CONVOLUTION
Supporting Information 1


This file describes the mathematical procedure for development of Laplacian matrix based
convolutional descriptors. The procedure will be illustrated using vinyl chloride molecule labeled
as shown in the following figure.


The adjacency matrix (A) for this molecule is:
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The property matrix (P) for the vinyl chloride is:
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The number of rows is the same as the number of atoms in vinyl chloride while the number of
columns is the same as the number of properties. The properties in this matrix are:


Atomic number (Z)1.
Relative atomic mass2.
Electronegativity (Pauling)3.
Polarizability (Å3)4.
Van der Waals radius (Å)5.
Electron Affinity (eV)6.
First ionization potential (eV)7.


Now we have to define the degree matrix (D) using adjacency matrix (A). D is a diagonal
matrix with the degree of the vertices in the main diagonal.


The degree matrix (D) for this molecule is:
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With A and D calculated we can calculate signless Laplacian matrix (L):
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It is better to work with normalized Laplacian matrix. The normalization helps in reducing the
influence of the nodes with large vertex degrees to dominate the properties of the Laplacian







matrix.


In order to perform the normalization we need to calculate D-1/2. Here, this matrix will be
labeled as Dhalf: The elements of this matrix are defined as:


Dhalf i i


1


Di i



while for the matrix we
have: 
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Finally, for the normalized signless Laplacian matrix (Lnorm) we


have:
Lnorm Dhalf L Dhalf


The values of Lnorm for the vinyl chloride


are:
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Now we can pre multiply the property matrix (P) with the normalized Laplacian matrix (Lnorm).


Using this we will obtain Laplacian-transformed property matrix (M1):


M1 Lnorm P
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Here the index "1" in M1 represents how many times P was pre multiplied.


Also, if one analyses different column of M1 it could be noticed that the values, for example


in the first column,are not the same as atomic numbers (Z) of the elements in P. They are
changed as a result of the “interaction” of the neighboring atoms (vertices) using the Laplacian
matrix. That is why M1 is called Laplacian-transformed property matrix.


In the matrix M1 the index “1” also means that only the “interaction” between selected atom


and its first neighbors are considered. Often for similar molecules, the descriptors extracted
from M1 could not distinguish between different structures. For example, when using substituted


benzene derivatives with two identical substituents the descriptors obtained for meta and para
substituted structures will be the same. Having this in mind, it is better to pre multiply P two or
three times with Lnorm.


Here we will calculate the final atom-based descriptors using three pre multiplication of P
with the normalized Laplacian matrix:


M3 Lnorm Lnorm Lnorm P
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Finally, the descriptors developed using this procedure could be developed using (1) sum of
the columns or (2) arithmetic mean of the columns that correspond to different atomic properties:


sum_Atomic_No


1


rows A( )


j


M3j 1



255.555 sum_Rel_atom_mass


1


rows A( )


j


M3j 2



478.289


sum_Electroneg


1


rows A( )


j


M3j 3



111.063 sum_Polariz


1


rows A( )


j


M3j 4



62.911


sum_vdW_radius


1


rows A( )


j


M3j 5



67.124 sum_El_affinity


1


rows A( )


j


M3j 6



61.083


sum_1st_ion_pot


1


rows A( )


j


M3j 7



554.203


The meaning of the abbreviation for these descriptors is the following. First three
characters (“sum”) means that the descriptors are obtained using sums over the corresponding
columns. The meaning of the remaining part of the abbreviation is described here:


sum_Atomic_No – the descriptor is based on the atomic number (Z);1.
sum_Rel_atom_mass – the descriptor is based on the relative atomic mass;2.
sum_Electroneg – the descriptor is based on the electronegativity (Pauling);3.


sum_Polariz – the descriptor is based on the polarizability (Å3);4.
sum_vdW_radius – the descriptor is based on the van der Waals radius (Å);5.
sum_El_affinity – the descriptor is based on the electron affinity (eV);6.
sum_1st_ion_pot – the descriptor is based on the first ionization potential (eV).7.








The data set is saved in SOM_PAK format (used in SOM_Toolbox: 
http://www.cis.hut.fi/projects/somtoolbox/) in a text file readable in Notepad (MS Windows). 


The first line in the file has only one number. It represents number of variables (in this case: 
descriptors and the modeled property). The second line starts with ‘#n’ after this the names (or 
abbreviations) of the variables are given separated by spaces. Third line (which does not have 
to be present) starts with ‘#l’. This means that after this sign the names of the labels are 
given. 


The structure of the abbreviation for the atom-based descriptors is for example: 


'a_av_El_Affinity' 


The first letter ‘a’ shows that the descriptor this is an atom-based descriptor. The second two 
letters ‘av’ or ‘su’ shows that the descriptor is based on the arithmetic mean of the values in 
the columns of the Laplacian-transformed property matrix (M). In the case of ‘su’ the final 
descriptors are obtained as a sum of the columns of M. The remaining part of the abbreviation 
represents the atomic property on which the descriptor is based. In this case, it is electron 
affinity. 


In the case of bond-based descriptors (calculated from the line graphs) the structure of the 
abbreviations is: 


'b_su_dif_VdW_radius' 


Here the first letter ‘b’ shows that this is bond-based descriptor. ‘su’ represents that the 
descriptor was calculated as a sum of the columns of M. The next three letters (‘sum’ or ‘dif’) 
shows whether the bond property was calculated as a sum or absolute value of the differences of 
the atomic properties. The remaining part (in this case ‘VdW_radius’) represents the atomic 
property on which the descriptor is based. 


This data set has 54 descriptors. The column number 55 corresponds to the modeled property (-
log(LD50) in this case). The last column starts with ‘1’ and ends with ‘69’ this column has the 
labels for the structures as presented on Table 2.  







55 


#n a_av_Z a_av_Ar a_av_Elneg a_av_1st_ion_pot a_av_El_Affinity a_av_Ion_radius a_av_Atom_radius a_av_VdV_radius a_av_Polariz 
a_av_Atom_vol a_av_Vert_degree a_su_Z a_su_Ar a_su_Elneg a_su_1st_ion_pot a_su_El_Affinity a_su_Ion_radius a_su_Atom_radius 
a_su_VdV_radius a_su_Polariz a_su_Atom_vol a_su_Vert_degree b_av_dif_Ar b_av_dif_Elneg b_av_dif_El_Affinity 
b_av_dif_Ion_radius b_av_dif_Atom_radius b_av_dif_VdV_radius b_av_dif_Polariz b_av_dif_Atom_vol b_su_dif_Ar b_su_dif_Elneg 
b_su_dif_El_Affinity b_su_dif_Ion_radius b_su_dif_Atom_radius b_su_dif_VdV_radius b_su_dif_Polariz b_su_dif_Atom_vol 
b_av_sum_Ar b_av_sum_Elneg b_av_sum_El_Affinity b_av_sum_Ion_radius b_av_sum_Atom_radius b_av_sum_VdV_radius 
b_av_sum_Polariz b_av_sum_Atom_vol b_su_sum_Ar b_su_sum_Elneg b_su_sum_El_Affinity b_su_sum_Ion_radius b_su_sum_Atom_radius 
b_su_sum_VdV_radius b_su_sum_Polariz b_su_sum_Atom_vol property 


# labels 


48 96.088 20.4 90.08 10.08 1.28 7.28 1360 14.4 36.64 80 288 576.528 122.4 540.48 60.48 7.68 43.68 8160 86.4 219.84 480 0 0 0 
0 0 0 0 0 0 0 0 0 0 0 0 0 192.176 40.8 20.16 2.56 14.56 2720 28.8 73.28 1153.06 244.8 120.96 15.36 87.36 16320 172.8 439.68 
3.4 1 


70.9948 150.223 20.3567 89.8043 11.6218 2.739 7.31703 1346.96 15.202 53.2727 74.5776 496.963 1051.56 142.497 628.63 81.3525 
19.173 51.2192 9428.69 106.414 372.909 522.043 34.6411 0.209207 1.07155 0.918469 0.107155 7.65391 0.663339 10.7257 242.488 
1.46445 7.50083 6.42929 0.750083 53.5774 4.64337 75.0798 260.241 40.9396 22.1681 4.38203 14.6749 2716.7 29.9313 94.2601 
1821.69 286.577 155.177 30.6742 102.724 19016.9 209.519 659.821 3.89 2 


57.8133 113.603 20.5215 89.8046 11.8277 2.61542 7.19345 1338.72 14.4606 46.1053 74.5776 404.693 795.222 143.651 628.632 
82.7942 18.308 50.3542 9371.02 101.224 322.737 522.043 11.96 0.311259 1.19911 0.84193 0.0306156 2.5513 0.204104 6.28641 
83.72 2.17881 8.39379 5.89351 0.21431 17.8591 1.42873 44.0049 214.814 41.144 22.4236 4.22873 14.5216 2706.48 29.0116 85.3689 
1503.7 288.008 156.965 29.6011 101.651 18945.4 203.081 597.582 3.77 3 


48.7511 97.5787 20.7522 90.3401 10.0565 2.27765 6.92983 1319.77 13.3014 43.7162 78.8749 341.258 683.051 145.265 632.381 
70.3954 15.9436 48.5088 9238.38 93.11 306.013 552.124 2.03492 0.454132 0.102052 0.632723 0.132668 9.18469 0.513833 4.80666 
14.2444 3.17892 0.714365 4.42906 0.928675 64.2929 3.59683 33.6466 194.936 41.4302 20.2263 3.80972 14.1946 2682.98 27.5736 
82.4052 1364.55 290.011 141.584 26.668 99.362 18780.8 193.015 576.836 3.51 4 


47.1035 94.2933 20.019 88.3975 9.89173 1.25609 7.14402 1334.6 14.131 35.9556 78.8749 329.724 660.053 140.133 618.782 69.2421 
8.79264 50.0082 9342.18 98.9173 251.689 552.124 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 190.86 40.5206 20.0219 2.54247 14.4603 
2701.37 28.6028 72.7782 1336.02 283.644 140.154 17.7973 101.222 18909.6 200.219 509.447 3.32 5 


64.8787 126.208 20.598 89.5555 13.0852 3.57981 7.12686 1322.58 14.4963 52.9254 78.0689 519.029 1009.66 164.784 716.444 
104.682 28.6385 57.0149 10580.6 115.971 423.403 624.551 20.0926 0.522909 2.01449 1.41443 0.0514337 4.28614 0.342891 10.561 
160.741 4.18327 16.1159 11.3154 0.411469 34.2891 2.74313 84.4884 229.499 41.2498 23.889 5.34713 14.4506 2688.93 29.0651 
93.3015 1835.99 329.998 191.112 42.777 115.605 21511.5 232.521 746.412 4.4 6 


65.122 126.651 20.6174 89.6242 13.1298 3.60858 7.13108 1323.26 14.5095 53.1521 78.0005 520.976 1013.21 164.939 716.994 
105.039 28.8686 57.0487 10586.1 116.076 425.217 624.004 20.7508 0.540039 2.08048 1.46076 0.0531186 4.42655 0.354124 10.907 
166.006 4.32031 16.6438 11.6861 0.424949 35.4124 2.83299 87.2562 231.747 41.5091 24.1194 5.44387 14.5353 2704.44 29.2467 
94.3276 1853.97 332.073 192.955 43.551 116.282 21635.5 233.973 754.621 4.3 7 


65.186 126.765 20.618 89.6217 13.1412 3.61733 7.13046 1323.11 14.5098 53.214 78.0053 521.488 1014.12 164.944 716.974 105.13 
28.9386 57.0437 10584.9 116.078 425.712 624.042 20.93 0.544703 2.09845 1.47338 0.0535774 4.46478 0.357183 11.0012 167.44 
4.35763 16.7876 11.787 0.428619 35.7183 2.85746 88.0098 231.984 41.476 24.1422 5.4726 14.5204 2701.55 29.2227 94.4828 
1855.87 331.808 193.138 43.7808 116.164 21612.4 233.782 755.862 4.62 8 


57.073 112.405 20.7967 90.0168 11.5596 3.28887 6.89979 1306.26 13.4979 50.8676 78.0689 456.584 899.242 166.373 720.134 
92.4765 26.311 55.1983 10450.1 107.983 406.941 624.551 11.7556 0.642921 1.09297 1.23869 0.137156 9.85812 0.60306 9.31807 
94.0448 5.14337 8.74373 9.90956 1.09725 78.865 4.82448 74.5445 212.851 41.4894 22.0488 4.99622 14.1767 2669.25 27.8609 
90.8194 1702.81 331.915 176.39 39.9697 113.414 21354 222.887 726.555 4.02 9 


55.7859 109.818 20.1793 88.3976 11.4421 2.42362 7.08799 1319.67 14.2222 44.3044 78.0005 446.288 878.543 161.434 707.181 
91.5372 19.389 56.704 10557.4 113.778 354.436 624.004 10.3754 0.27002 1.04024 0.730381 0.0265593 2.21328 0.177062 5.45351 
83.0032 2.16016 8.32192 5.84305 0.212474 17.7062 1.4165 43.6281 211.101 40.9718 22.0494 3.99047 14.4824 2700.04 28.8943 
83.4755 1688.8 327.774 176.395 31.9237 115.859 21600.3 231.155 667.804 3.84 10 


55.8148 109.869 20.1783 88.3905 11.4472 2.42791 7.08721 1319.51 14.2214 44.333 78.0053 446.519 878.949 161.426 707.124 
91.5775 19.4233 56.6977 10556.1 113.772 354.664 624.042 10.465 0.272352 1.04922 0.736689 0.0267887 2.23239 0.178591 5.50061 
83.72 2.17881 8.39379 5.89351 0.21431 17.8591 1.42873 44.0049 211.114 40.9329 22.0497 4.00343 14.467 2697.1 28.8666 83.513 
1688.91 327.463 176.398 32.0274 115.736 21576.8 230.933 668.104 4.33 11 


49.3225 98.713 21.0195 90.5578 10.0417 3.01969 6.67146 1290.23 12.4886 48.9868 78.0005 394.58 789.704 168.156 724.463 80.334 
24.1575 53.3717 10321.8 99.9089 391.895 624.004 3.53062 0.787926 0.177062 1.09778 0.230181 15.9356 0.891508 8.33962 28.2449 
6.30341 1.4165 8.78228 1.84145 127.485 7.13206 66.717 197.48 42.0024 20.3317 4.72157 13.9715 2663.92 26.7679 89.2187 1579.84 
336.019 162.654 37.7726 111.772 21311.4 214.144 713.75 3.04 12 


49.8904 99.8478 21.2662 91.4383 10.1318 3.19247 6.68276 1296.4 12.4455 50.4688 72.2985 449.014 898.63 191.396 822.944 91.186 
28.7322 60.1449 11667.6 112.01 454.22 650.687 4.84196 1.08058 0.242826 1.50552 0.315674 21.8544 1.22263 11.4371 43.5776 
9.72519 2.18544 13.5497 2.84107 196.689 11.0037 102.934 197.743 42.0853 20.2227 5.46773 13.6397 2621.06 25.8033 94.2617 
1779.69 378.768 182.004 49.2096 122.757 23589.5 232.23 848.355 3.21 13 


47.8481 95.7728 20.3638 88.8047 9.89198 2.11802 6.85721 1302.71 13.2141 42.1252 78.0689 382.785 766.182 162.911 710.438 
79.1359 16.9441 54.8577 10421.7 105.713 337.002 624.551 1.70931 0.381466 0.0857228 0.531481 0.11144 7.71505 0.431614 4.03754 
13.6745 3.05173 0.685782 4.25185 0.891517 61.7204 3.45291 32.3004 192.79 40.9673 20.0375 3.584 14.1254 2664.97 27.5186 
80.2749 1542.32 327.739 160.3 28.672 113.003 21319.7 220.148 642.199 3.77 14 


47.8862 95.849 20.3804 88.8644 9.89811 2.12918 6.85818 1303.15 13.2118 42.2218 78.0005 383.09 766.792 163.043 710.915 
79.1849 17.0334 54.8655 10425.2 105.694 337.774 624.004 1.76531 0.393963 0.088531 0.548892 0.11509 7.96779 0.445754 4.16981 
14.1225 3.1517 0.708248 4.39114 0.920723 63.7423 3.56603 33.3585 193.967 41.2184 20.1556 3.62932 14.2005 2679.78 27.655 
80.9211 1551.74 329.747 161.244 29.0346 113.604 21438.2 221.24 647.369 3.29 15 


47.8854 95.8473 20.3801 88.8591 9.89734 2.13236 6.85653 1302.93 13.2072 42.2425 78.0053 383.083 766.778 163.041 710.873 
79.1787 17.0589 54.8523 10423.4 105.658 337.94 624.042 1.78055 0.397366 0.0892956 0.553633 0.116084 8.03661 0.449604 4.20582 
14.2444 3.17892 0.714365 4.42906 0.928675 64.2929 3.59683 33.6466 193.795 41.1822 20.1354 3.63836 14.1821 2676.62 27.6138 
80.9308 1550.36 329.458 161.083 29.1069 113.457 21413 220.91 647.446 3.58 16 







50.7234 101.506 21.6929 94.1353 8.86216 4.96707 6.38944 1262.35 11.3872 64.5883 73.395 507.234 1015.06 216.929 941.353 
88.6216 49.6707 63.8944 12623.5 113.872 645.883 733.95 3.80546 0.83853 1.63621 1.40429 0.240904 15.733 0.913697 11.7967 
38.0546 8.3853 16.3621 14.0429 2.40904 157.33 9.13697 117.967 202.672 43.2782 17.4648 8.85033 13.4191 2607.32 24.5827 122.55 
2026.72 432.782 174.648 88.5033 134.191 26073.2 245.827 1225.5 3.36 17 


50.3307 100.727 21.4577 92.1119 10.2002 3.33394 6.68794 1300.71 12.4019 51.6679 65.0865 503.307 1007.27 214.577 921.119 
102.002 33.3394 66.8794 13007.1 124.019 516.679 650.865 5.91094 1.31914 0.296436 1.83791 0.385367 26.6793 1.49256 13.9622 
59.1094 13.1914 2.96436 18.3791 3.85367 266.793 14.9256 139.622 197.778 42.1152 20.1132 6.08298 13.3512 2582.99 24.9773 
98.3668 1977.78 421.152 201.132 60.8298 133.512 25829.9 249.773 983.668 3.07 18 


46.4289 92.9428 19.7323 87.1315 9.75006 1.2381 7.04171 1315.48 13.9287 35.4407 78.0689 371.431 743.543 157.858 697.052 
78.0005 9.90482 56.3337 10523.9 111.429 283.526 624.551 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 189.376 40.2056 19.8663 2.5227 
14.3479 2680.37 28.3804 72.2124 1515.01 321.645 158.93 20.1816 114.783 21443 227.043 577.699 3.48 19 


46.4437 92.9725 19.7386 87.1593 9.75317 1.2385 7.04396 1315.9 13.9331 35.452 78.0053 371.549 743.78 157.908 697.274 78.0254 
9.90798 56.3517 10527.2 111.465 283.616 624.042 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 190.244 40.3897 19.9573 2.53426 14.4136 
2692.65 28.5104 72.5431 1521.95 323.118 159.658 20.2741 115.309 21541.2 228.083 580.345 4.21 20 


49.5782 99.223 21.1827 92.7876 8.75646 4.24086 6.54387 1273.4 11.9802 59.0773 69.026 495.782 992.23 211.827 927.876 87.5646 
42.4086 65.4387 12734 119.802 590.773 690.26 2.35712 0.515015 1.54997 0.946212 0.146284 9.15689 0.546704 8.30548 23.5712 
5.15015 15.4997 9.46212 1.46284 91.5689 5.46704 83.0548 199.3 42.5291 17.3076 7.90518 13.5787 2614.61 25.2651 115.223 1993 
425.291 173.076 79.0518 135.787 26146.1 252.651 1152.23 3.57 21 


49.5847 99.236 21.1859 92.8013 8.75166 4.25047 6.54201 1273.2 11.9735 59.1522 68.9771 495.847 992.36 211.859 928.013 87.5166 
42.5047 65.4201 12732 119.735 591.522 689.771 2.3767 0.519578 1.5622 0.958034 0.147691 9.2713 0.5525 8.40457 23.767 5.19578 
15.622 9.58034 1.47691 92.713 5.525 84.0457 200.074 42.6952 17.3578 7.9579 13.6257 2623.99 25.3458 115.838 2000.74 426.952 
173.578 79.579 136.257 26239.9 253.458 1158.38 3.63 22 


49.57 99.2065 21.1797 92.7754 8.74682 4.25198 6.53938 1272.73 11.9679 59.1559 73.395 495.7 992.065 211.797 927.754 87.4682 
42.5198 65.3938 12727.3 119.679 591.559 733.95 2.38101 0.520638 1.56477 0.961386 0.148037 9.30373 0.554014 8.43207 23.8101 
5.20638 15.6477 9.61386 1.48037 93.0373 5.54014 84.3207 199.831 42.6442 17.3223 7.96705 13.6043 2620.14 25.3 115.84 1998.31 
426.442 173.223 79.6705 136.043 26201.4 253 1158.4 3.76 23 


51.6931 103.44 22.1559 96.5808 8.1036 6.23623 6.21571 1245.98 10.6903 74.7927 64.9791 620.317 1241.29 265.871 1158.97 
97.2432 74.8347 74.5886 14951.8 128.284 897.513 779.749 3.91992 0.856244 2.57815 1.57033 0.243117 15.1968 0.908154 13.7876 
47.039 10.2749 30.9379 18.844 2.9174 182.361 10.8978 165.451 205.992 44.0931 15.6345 11.4648 13.0787 2572.81 23.2217 143.697 
2471.9 529.117 187.614 137.578 156.944 30873.7 278.66 1724.36 5.45 24 


51.6746 103.403 22.149 96.5548 8.08312 6.25834 6.20674 1244.62 10.6659 74.9492 64.97 620.095 1240.84 265.788 1158.66 96.9974 
75.1001 74.4809 14935.4 127.991 899.391 779.64 3.96116 0.865963 2.60367 1.59672 0.246151 15.4522 0.920833 14.0076 47.5339 
10.3916 31.244 19.1607 2.95381 185.426 11.05 168.091 206.502 44.2055 15.6144 11.5691 13.0916 2576.52 23.2192 144.63 2478.03 
530.466 187.373 138.829 157.1 30918.3 278.63 1735.56 4.38 25 


51.6542 103.362 22.1404 96.5195 8.07593 6.26097 6.203 1243.95 10.6577 74.9586 68.7829 619.85 1240.35 265.685 1158.23 96.9111 
75.1316 74.436 14927.4 127.893 899.503 825.394 3.96835 0.867729 2.60796 1.60231 0.246728 15.5062 0.923356 14.0535 47.6203 
10.4128 31.2955 19.2277 2.96073 186.075 11.0803 168.641 206.223 44.1472 15.5657 11.5889 13.0648 2571.8 23.1598 144.705 
2474.68 529.767 186.788 139.067 156.778 30861.6 277.917 1736.46 5.22 26 


49.3904 98.8462 21.1261 93.1765 8.14785 4.75352 6.44387 1257.75 11.6728 63.1496 69.3159 543.294 1087.31 232.387 1024.94 
89.6264 52.2887 70.8825 13835.2 128.401 694.645 762.474 2.76079 0.619898 1.77749 1.34007 0.182521 12.9684 0.713722 11.4885 
30.3687 6.81888 19.5524 14.7408 2.00774 142.652 7.85094 126.374 198.94 42.4736 16.7402 8.35538 13.4994 2601.82 25.0187 
118.839 2188.34 467.21 184.142 91.9092 148.494 28620 275.206 1307.23 3.48 27 


49.3923 98.8499 21.1274 93.1842 8.13975 4.7653 6.44091 1257.36 11.6635 63.2393 66.6608 543.315 1087.35 232.401 1025.03 
89.5373 52.4183 70.85 13830.9 128.299 695.633 733.269 2.78282 0.625086 1.79113 1.3541 0.184139 13.1042 0.720476 11.6056 
30.6111 6.87595 19.7024 14.8952 2.02553 144.147 7.92524 127.661 199.602 42.6161 16.7721 8.41345 13.5366 2609.42 25.0782 
119.465 2195.62 468.777 184.493 92.548 148.903 28703.6 275.86 1314.12 3.24 28 


49.3903 98.846 21.1264 93.1778 8.14209 4.76225 6.44123 1257.39 11.6649 63.2143 63.0381 543.293 1087.31 232.391 1024.96 
89.563 52.3848 70.8535 13831.3 128.314 695.357 693.419 2.77727 0.623724 1.78782 1.3498 0.183695 13.0625 0.71853 11.5702 
30.55 6.86096 19.666 14.8477 2.02064 143.688 7.90383 127.272 199.584 42.6117 16.7827 8.39967 13.5381 2609.55 25.0844 119.352 
2195.42 468.729 184.61 92.3963 148.919 28705.1 275.928 1312.87 3.35 29 


49.3792 98.824 21.1207 93.14 8.16111 4.73625 6.44565 1257.91 11.6806 63.0079 69.3159 543.172 1087.06 232.327 1024.54 89.7722 
52.0988 70.9021 13837 128.487 693.086 762.474 2.73235 0.612916 1.76053 1.31798 0.180242 12.7547 0.703748 11.3073 30.0558 
6.74208 19.3658 14.4978 1.98266 140.301 7.74123 124.38 198.882 42.4593 16.775 8.31 13.5041 2602.26 25.0392 118.466 2187.7 
467.052 184.526 91.41 148.545 28624.8 275.431 1303.13 3.8 30 


49.3954 98.8563 21.128 93.1801 8.15475 4.74731 6.44593 1258.07 11.6785 63.1036 73.2712 543.35 1087.42 232.408 1024.98 
89.7022 52.2204 70.9052 13838.8 128.464 694.139 805.983 2.75283 0.617945 1.77274 1.33389 0.181884 12.9086 0.710931 11.4378 
30.2812 6.79739 19.5002 14.6728 2.00072 141.995 7.82025 125.816 199.647 42.623 16.8308 8.34753 13.5563 2612.29 25.1355 
118.972 2196.12 468.853 185.139 91.8228 149.12 28735.2 276.49 1308.69 3.8 31 


49.4062 98.878 21.1327 93.2015 8.15585 4.74886 6.44731 1258.34 11.6809 63.1218 69.2568 543.469 1087.66 232.459 1025.22 
89.7144 52.2375 70.9204 13841.7 128.49 694.339 761.825 2.75446 0.618344 1.77371 1.33515 0.182014 12.9208 0.711501 11.4482 
30.299 6.80178 19.5108 14.6867 2.00215 142.129 7.82652 125.93 199.732 42.6409 16.8389 8.3482 13.5633 2613.56 25.1496 119.003 
2197.05 469.05 185.227 91.8302 149.196 28749.1 276.645 1309.03 3.79 32 


50.4403 100.94 21.5933 94.4427 8.24574 5.39976 6.31256 1248.97 11.1582 68.0764 69.2568 554.844 1110.34 237.526 1038.87 
90.7031 59.3973 69.4382 13738.7 122.74 748.84 761.825 4.01135 0.899446 1.8515 1.73854 0.264362 18.675 1.03153 14.5254 
44.1248 9.89391 20.3665 19.124 2.90798 205.425 11.3468 159.78 202.218 43.1969 16.9278 9.1469 13.4004 2602.17 24.5164 125.096 
2224.4 475.166 186.206 100.616 147.404 28623.9 269.681 1376.06 3.65 33 


49.4167 98.8989 21.1378 93.2359 8.14337 4.76511 6.44563 1258.18 11.6736 63.2551 69.2568 543.584 1087.89 232.516 1025.59 
89.5771 52.4162 70.902 13840 128.41 695.806 761.825 2.78148 0.624978 1.78983 1.35614 0.18418 13.1239 0.720979 11.6204 
30.5963 6.87476 19.6881 14.9175 2.02598 144.363 7.93077 127.824 199.787 42.6544 16.8059 8.39108 13.5588 2613.14 25.1302 
119.355 2197.66 469.199 184.865 92.3019 149.147 28744.6 276.432 1312.9 3.77 34 


70.341 135.954 20.6592 89.3726 14.0575 4.32483 7.0762 1310.26 14.5255 58.1971 77.429 633.069 1223.58 185.933 804.354 126.518 
38.9235 63.6858 11792.3 130.729 523.774 696.861 26.3704 0.68629 2.6439 1.85636 0.0675039 5.62533 0.450026 13.8608 237.334 







6.17661 23.7951 16.7072 0.607535 50.628 4.05024 124.747 240.977 41.3798 25.0356 6.20683 14.4137 2678.76 29.1408 99.4653 
2168.79 372.418 225.32 55.8615 129.723 24108.8 262.267 895.188 4.89 35 


70.5995 136.424 20.6787 89.4404 14.1049 4.35571 7.08024 1310.9 14.5387 58.4386 77.3621 635.396 1227.81 186.108 804.964 
126.944 39.2014 63.7222 11798.1 130.848 525.947 696.259 27.003 0.702753 2.70733 1.90089 0.0691232 5.76027 0.460821 14.1933 
243.027 6.32477 24.3659 17.108 0.622109 51.8424 4.14739 127.74 243.031 41.6068 25.2459 6.29828 14.4871 2692.18 29.2995 
100.411 2187.28 374.461 227.213 56.6846 130.384 24229.6 263.696 903.697 5 36 


70.7607 136.72 20.6961 89.5072 14.1348 4.37355 7.08483 1311.69 14.5507 58.5866 77.2933 636.847 1230.48 186.265 805.565 
127.213 39.3619 63.7635 11805.2 130.956 527.279 695.64 27.4288 0.713834 2.75002 1.93086 0.0702132 5.8511 0.468088 14.4171 
246.859 6.4245 24.7501 17.3778 0.631918 52.6599 4.21279 129.754 244.838 41.8803 25.4327 6.35611 14.5808 2709.52 29.4918 
101.185 2203.55 376.923 228.894 57.205 131.227 24385.6 265.426 910.667 4.74 37 


63.6611 124.155 20.8553 89.8504 12.7487 4.09709 6.8784 1296.39 13.6512 56.6094 77.3621 572.95 1117.39 187.698 808.654 
114.738 36.8738 61.9056 11667.5 122.861 509.484 696.259 19.5923 0.80943 1.8882 1.74468 0.145321 10.7131 0.692082 13.0884 
176.331 7.28487 16.9938 15.7021 1.30789 96.4183 6.22874 117.796 228.283 41.8191 23.6157 5.98741 14.2445 2674.74 28.2327 
98.2118 2054.54 376.372 212.541 53.8867 128.2 24072.7 254.094 883.907 4.3 38 


62.3008 121.461 20.2893 88.3501 12.6047 3.30241 7.04194 1307.71 14.2833 50.574 77.3621 560.708 1093.15 182.603 795.151 
113.442 29.7217 63.3774 11769.4 128.55 455.166 696.259 17.7804 0.462735 1.78267 1.25166 0.0455149 3.79291 0.303433 9.34573 
160.024 4.16462 16.044 11.2649 0.409634 34.1362 2.7309 84.1116 224.735 41.1306 23.4115 5.01029 14.4403 2688.28 28.9873 
90.7937 2022.61 370.176 210.703 45.0926 129.963 24194.5 260.886 817.143 4.74 39 


62.3996 121.639 20.2939 88.3631 12.6226 3.31495 7.04239 1307.75 14.2864 50.6676 77.3621 561.596 1094.75 182.645 795.268 
113.603 29.8345 63.3816 11769.7 128.577 456.008 696.259 18.073 0.470349 1.812 1.27225 0.0462638 3.85532 0.308425 9.4995 
162.657 4.23314 16.308 11.4503 0.416374 34.6978 2.77583 85.4955 225.259 41.1443 23.464 5.04719 14.4416 2688.39 28.9962 
91.0692 2027.33 370.299 211.176 45.4247 129.975 24195.5 260.966 819.623 4.54 40 


55.4089 109.279 20.4741 88.7821 11.2557 3.05718 6.83826 1293.08 13.3892 48.846 77.3621 498.68 983.51 184.267 799.039 101.302 
27.5147 61.5444 11637.7 120.502 439.614 696.259 10.4992 0.582593 0.974021 1.11654 0.125162 8.98743 0.548622 8.4003 94.4927 
5.24334 8.76619 10.0488 1.12646 80.8869 4.93759 75.6027 210.288 41.3684 21.807 4.74209 14.1924 2670.48 27.9015 88.9171 
1892.59 372.315 196.263 42.6788 127.731 24034.3 251.114 800.254 4.27 41 


47.1938 94.4642 20.0826 87.6869 9.77193 2.00701 6.80239 1290.06 13.1445 41.0034 77.3621 424.744 850.178 180.743 789.182 
87.9473 18.0631 61.2215 11610.5 118.3 369.031 696.259 1.51939 0.339081 0.076198 0.472428 0.0990575 6.85782 0.383657 3.58893 
13.6745 3.05173 0.685782 4.25185 0.891517 61.7204 3.45291 32.3004 192.426 40.886 20.0207 3.46327 14.1527 2667.09 27.6208 
79.3649 1731.84 367.974 180.186 31.1694 127.374 24003.8 248.587 714.284 3.86 42 


47.1544 94.3855 20.0654 87.6269 9.76585 1.99409 6.80205 1289.69 13.1488 40.8944 77.429 424.39 849.47 180.589 788.642 87.8927 
17.9468 61.2185 11607.2 118.339 368.05 696.861 1.4601 0.32585 0.0732248 0.453994 0.0951922 6.59023 0.368687 3.44889 13.1409 
2.93265 0.659023 4.08594 0.85673 59.3121 3.31818 31.04 191.385 40.6637 19.9175 3.41681 14.0893 2654.4 27.5088 78.7511 
1722.47 365.974 179.257 30.7513 126.803 23889.6 247.579 708.76 3.75 43 


47.209 94.4945 20.0893 87.7048 9.77344 2.01643 6.80042 1289.92 13.1368 41.075 77.3621 424.881 850.45 180.804 789.343 87.961 
18.1478 61.2038 11609.3 118.232 369.675 696.259 1.56916 0.350189 0.0786943 0.487904 0.102303 7.08248 0.396226 3.7065 14.1225 
3.1517 0.708248 4.39114 0.920723 63.7423 3.56603 33.3585 192.515 40.9059 20.0251 3.491 14.1469 2666.69 27.5983 79.5756 
1732.64 368.153 180.226 31.419 127.322 24000.2 248.384 716.181 3.9 44 


51.7959 103.642 22.2031 96.2081 8.23236 6.39135 6.1091 1232.94 10.386 75.6638 64.2533 673.346 1347.35 288.64 1250.7 107.021 
83.0876 79.4182 16028.2 135.018 983.629 835.293 4.67873 1.02727 2.44419 1.7858 0.293715 18.8476 1.10715 15.2908 60.8235 
13.3545 31.7745 23.2154 3.81829 245.019 14.393 198.781 206.767 44.254 16.0301 11.4602 13.0302 2570.15 23.0627 143.385 
2687.97 575.302 208.391 148.982 169.393 33411.9 299.815 1864.01 4.04 45 


45.9323 91.9487 19.5212 86.1995 9.64577 1.22486 6.96639 1301.41 13.7797 35.0616 77.3621 413.39 827.538 175.691 775.796 
86.812 11.0237 62.6975 11712.7 124.017 315.555 696.259 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 189.402 40.2111 19.869 2.52305 
14.3499 2680.74 28.3843 72.2223 1704.62 361.9 178.821 22.7075 129.149 24126.7 255.459 650.001 4.21 46 


50.9513 101.959 21.826 95.2185 8.1665 5.83308 6.23086 1242.15 10.8466 71.4356 63.6804 662.368 1325.46 283.737 1237.84 
106.165 75.83 81.0012 16147.9 141.005 928.663 827.845 3.59951 0.785932 2.36816 1.43748 0.223028 13.9111 0.8325 12.6265 
46.7936 10.2171 30.786 18.6873 2.89937 180.844 10.8225 164.144 204.231 43.6896 15.9445 10.7243 13.1519 2575.9 23.5834 
137.663 2655.01 567.965 207.279 139.416 170.974 33486.8 306.584 1789.61 5.01 47 


50.9297 101.915 21.8177 95.1869 8.14575 5.85435 6.22169 1240.73 10.8221 71.5843 64.2533 662.086 1324.9 283.629 1237.43 
105.895 76.1065 80.882 16129.5 140.687 930.595 835.293 3.63807 0.795026 2.392 1.46223 0.225869 14.1506 0.844377 12.8327 
47.295 10.3353 31.096 19.0089 2.93629 183.957 10.9769 166.825 204.71 43.795 15.9269 10.8206 13.1643 2579.43 23.5821 138.527 
2661.23 569.335 207.05 140.668 171.136 33532.6 306.567 1800.85 3.75 48 


50.9222 101.9 21.8145 95.1742 8.14283 5.85561 6.22026 1240.48 10.8189 71.59 67.157 661.989 1324.71 283.589 1237.26 105.857 
76.1229 80.8634 16126.2 140.645 930.67 873.041 3.64139 0.795841 2.39398 1.4648 0.226135 14.1755 0.845542 12.8539 47.3381 
10.3459 31.1217 19.0425 2.93975 184.282 10.992 167.1 204.637 43.78 15.9087 10.8323 13.1558 2577.99 23.5619 138.597 2660.28 
569.14 206.813 140.82 171.026 33513.9 306.304 1801.76 5.15 49 


50.9268 101.909 21.8161 95.1797 8.15031 5.84652 6.22354 1240.96 10.8281 71.5243 67.0562 662.048 1324.82 283.609 1237.34 
105.954 76.0048 80.906 16132.5 140.765 929.816 871.73 3.62336 0.791602 2.3828 1.45341 0.224815 14.0652 0.840042 12.7587 
47.1037 10.2908 30.9765 18.8943 2.9226 182.848 10.9206 165.864 204.113 43.6672 15.8858 10.7829 13.1274 2572.12 23.5179 
138.076 2653.48 567.673 206.515 140.177 170.657 33437.5 305.733 1794.98 3.99 50 


50.9518 101.96 21.8265 95.2214 8.16097 5.84132 6.22854 1241.84 10.8395 71.4974 67.1115 662.374 1325.48 283.744 1237.88 
106.093 75.9372 80.971 16143.9 140.913 929.467 872.45 3.61506 0.789564 2.37786 1.44696 0.22415 14.0028 0.837131 12.7058 
46.9958 10.2643 30.9121 18.8105 2.91394 182.037 10.8827 165.176 204.835 43.8193 15.9843 10.7648 13.1887 2583.24 23.6467 
138.138 2662.86 569.65 207.797 139.943 171.453 33582.1 307.407 1795.79 5.08 51 


50.9474 101.951 21.8254 95.2198 8.14605 5.86061 6.22247 1240.98 10.8217 71.64 64.2289 662.316 1325.36 283.73 1237.86 105.899 
76.188 80.8921 16132.7 140.682 931.321 834.975 3.64981 0.79772 2.39942 1.46874 0.226684 14.2136 0.847671 12.8878 47.4476 
10.3704 31.1925 19.0936 2.94689 184.777 11.0197 167.541 205.555 43.9754 16.0004 10.854 13.222 2590.53 23.6894 139.015 
2672.22 571.68 208.005 141.102 171.886 33676.9 307.963 1807.19 3.91 52 


52.444 104.935 22.5133 97.9111 7.69449 7.25113 5.9981 1222.63 9.93197 82.6076 61.6686 786.661 1574.03 337.699 1468.67 
115.417 108.767 89.9716 18339.4 148.98 1239.11 925.029 4.74476 1.03704 3.11925 1.90936 0.294689 18.4777 1.10197 16.7541 
71.1714 15.5555 46.7888 28.6405 4.42034 277.166 16.5296 251.312 210.054 45.0309 14.8067 13.3452 12.8581 2558.66 22.2313 
158.893 3150.82 675.464 222.1 200.178 192.871 38379.9 333.47 2383.39 5.29 53 







50.7006 101.457 21.734 95.3458 7.71774 6.13859 6.16916 1231.3 10.6702 73.8728 64.8248 709.808 1420.4 304.277 1334.84 108.048 
85.9403 86.3683 17238.1 149.383 1034.22 907.547 3.8563 0.855606 2.50618 1.72905 0.248059 16.7327 0.951733 14.9629 53.9883 
11.9785 35.0865 24.2066 3.47283 234.258 13.3243 209.48 204.345 43.7245 15.6324 10.9465 13.1599 2576.92 23.5707 139.636 
2860.83 612.143 218.853 153.251 184.238 36076.8 329.989 1954.9 4.12 54 


50.6737 101.403 21.7219 95.2843 7.72635 6.12039 6.16931 1231.11 10.6753 73.718 67.5452 709.431 1419.64 304.106 1333.98 
108.169 85.6855 86.3704 17235.6 149.455 1032.05 945.633 3.82717 0.848628 2.48841 1.70884 0.245841 16.5372 0.942281 14.7956 
53.5804 11.8808 34.8378 23.9238 3.44177 231.52 13.1919 207.138 203.528 43.5494 15.581 10.8938 13.1081 2566.74 23.4797 
139.003 2849.4 609.691 218.134 152.513 183.513 35934.4 328.716 1946.04 5.34 55 


50.6944 101.445 21.7308 95.3299 7.72736 6.12264 6.17277 1231.74 10.6822 73.7501 62.7835 709.722 1420.23 304.231 1334.62 
108.183 85.717 86.4188 17244.3 149.55 1032.5 878.969 3.8301 0.84952 2.48976 1.71353 0.246192 16.5825 0.944072 14.8326 
53.6214 11.8933 34.8567 23.9894 3.44668 232.155 13.217 207.656 203.652 43.5753 15.5963 10.886 13.1217 2569.06 23.5104 
138.986 2851.13 610.054 218.348 152.405 183.704 35966.8 329.146 1945.81 4.26 56 


50.7003 101.456 21.7335 95.3416 7.72449 6.12921 6.17169 1231.64 10.678 73.8019 64.814 709.804 1420.39 304.269 1334.78 
108.143 85.8089 86.4036 17242.9 149.492 1033.23 907.396 3.84043 0.851882 2.49632 1.71913 0.246903 16.6368 0.946929 14.88 
53.766 11.9263 34.9484 24.0679 3.45664 232.915 13.257 208.321 204.306 43.7149 15.6519 10.9146 13.1652 2577.5 23.5904 139.383 
2860.28 612.008 219.127 152.804 184.313 36085 330.265 1951.36 4.92 57 


50.702 101.46 21.7337 95.3318 7.73806 6.11489 6.1749 1232.1 10.688 73.6906 64.8051 709.829 1420.44 304.271 1334.65 108.333 
85.6085 86.4486 17249.3 149.632 1031.67 907.271 3.81774 0.846311 2.48279 1.70151 0.245084 16.4662 0.938971 14.7354 53.4483 
11.8484 34.759 23.8212 3.43118 230.527 13.1456 206.296 204.38 43.729 15.6941 10.8771 13.179 2579.68 23.6275 139.111 2861.32 
612.205 219.718 152.28 184.507 36115.5 330.785 1947.55 4.21 58 


50.6846 101.425 21.726 95.2979 7.739 6.10748 6.17434 1231.88 10.689 73.6256 64.8255 709.585 1419.95 304.164 1334.17 108.346 
85.5047 86.4408 17246.4 149.646 1030.76 907.558 3.8058 0.843556 2.47528 1.69466 0.244244 16.3999 0.935552 14.6777 53.2812 
11.8098 34.6539 23.7253 3.41942 229.599 13.0977 205.488 203.6 43.5626 15.6272 10.8458 13.1259 2569.45 23.5286 138.656 2850.4 
609.876 218.78 151.841 183.762 35972.3 329.401 1941.19 4.18 59 


50.7185 101.493 21.7417 95.3858 7.71846 6.14043 6.17226 1231.85 10.6764 73.9001 62.6017 710.059 1420.9 304.384 1335.4 
108.058 85.966 86.4117 17245.9 149.47 1034.6 876.424 3.85891 0.856418 2.50733 1.73348 0.248384 16.7756 0.95341 14.9978 
54.0247 11.9899 35.1027 24.2687 3.47738 234.859 13.3477 209.969 204.461 43.7488 15.646 10.9398 13.1726 2579.07 23.5992 
139.625 2862.45 612.483 219.044 153.157 184.416 36107 330.389 1954.75 4.46 60 


95.9635 208.82 20.5451 89.6676 13.2443 4.96787 7.11738 1305.49 15.3074 75.7631 76.836 959.635 2088.2 205.451 896.676 132.443 
49.6787 71.1738 13054.9 153.074 757.631 768.36 71.1038 0.714744 2.2247 2.25899 0.301552 21.3512 1.66821 24.7125 711.038 
7.14744 22.247 22.5899 3.01552 213.512 16.6821 247.125 329.383 41.528 24.2146 6.98493 14.5701 2692.75 30.2926 120.901 
3293.83 415.28 242.146 69.8493 145.701 26927.5 302.926 1209.01 4.7 61 


74.7181 143.765 20.7113 89.24 14.8369 4.92104 7.03677 1300.61 14.551 62.4201 76.9022 747.181 1437.65 207.113 892.4 148.369 
49.2104 70.3677 13006.1 145.51 624.201 769.022 31.3927 0.816995 3.14744 2.2099 0.0803601 6.69668 0.535734 16.5006 313.927 
8.16995 31.4744 22.099 0.803601 66.9668 5.35734 165.006 250.232 41.5147 25.9609 6.89087 14.3957 2672.8 29.2231 104.412 
2502.32 415.147 259.609 68.9087 143.957 26728 292.231 1044.12 5.43 62 


74.9371 144.164 20.7301 89.308 14.8772 4.94659 7.04109 1301.32 14.5638 62.6235 76.8339 749.371 1441.64 207.301 893.08 
148.772 49.4659 70.4109 13013.2 145.638 626.235 768.339 31.8614 0.829192 3.19443 2.2429 0.0815599 6.79666 0.543732 16.747 
318.614 8.29192 31.9443 22.429 0.815599 67.9666 5.43732 167.47 251.934 41.7349 26.1358 6.9567 14.4692 2686.33 29.3776 105.17 
2519.34 417.349 261.358 69.567 144.692 26863.3 293.776 1051.7 5.85 63 


68.7551 133.232 20.8852 89.6683 13.6695 4.7128 6.8623 1288.49 13.7769 60.9686 76.836 687.551 1332.32 208.852 896.683 136.695 
47.128 68.623 12884.9 137.769 609.686 768.36 25.4093 0.920343 2.48169 2.10479 0.147353 11.0712 0.743017 15.7689 254.093 
9.20343 24.8169 21.0479 1.47353 110.712 7.43017 157.689 239.137 41.934 24.7222 6.68039 14.2655 2672.45 28.4654 103.238 
2391.37 419.34 247.222 66.8039 142.655 26724.5 284.654 1032.38 4.33 64 


51.0891 102.231 21.8888 94.9597 8.27635 6.00475 6.13075 1230.22 10.5538 72.4753 59.6182 715.247 1431.23 306.443 1329.44 
115.869 84.0665 85.8304 17223 147.753 1014.65 834.655 4.30196 0.94429 2.26503 1.64293 0.269893 17.2958 1.01688 14.0802 
60.2274 13.2201 31.7105 23.001 3.7785 242.141 14.2363 197.122 205.231 43.9011 16.2907 10.7798 13.1163 2575.77 23.4401 137.92 
2873.24 614.615 228.07 150.918 183.628 36060.7 328.162 1930.88 5 65 


51.7941 103.638 22.2219 96.7148 7.78558 6.83926 6.02997 1221.78 10.1244 79.2351 64.6439 828.706 1658.2 355.55 1547.44 
124.569 109.428 96.4796 19548.5 161.991 1267.76 1034.3 4.39539 0.959862 2.89142 1.75746 0.272445 17.0077 1.01725 15.4346 
70.3262 15.3578 46.2627 28.1194 4.35912 272.123 16.276 246.953 207.342 44.423 15.0602 12.5331 12.8752 2550.47 22.4994 
152.051 3317.48 710.769 240.963 200.529 206.003 40807.6 359.991 2432.82 6.37 66 


51.7925 103.634 22.2218 96.717 7.77426 6.85459 6.02543 1221.15 10.1109 79.3494 57.8402 828.681 1658.15 355.549 1547.47 
124.388 109.673 96.4069 19538.4 161.774 1269.59 925.443 4.42133 0.965926 2.90758 1.77338 0.27432 17.1617 1.02501 15.5678 
70.7412 15.4548 46.5212 28.374 4.38912 274.588 16.4001 249.084 207.965 44.5575 15.0858 12.5959 12.9074 2557.25 22.5472 152.7 
3327.44 712.92 241.373 201.534 206.519 40916.1 360.755 2443.2 4.88 67 


72.6181 140.111 20.8996 89.4781 14.3651 5.1924 6.8418 1281.2 13.852 64.3478 76.4553 798.799 1541.22 229.896 984.259 158.016 
57.1164 75.2598 14093.2 152.372 707.825 841.008 29.3865 1.0067 2.88481 2.36384 0.152084 11.5455 0.790406 17.6996 323.251 
11.0737 31.7329 26.0022 1.67293 127 8.69447 194.696 245.874 41.8386 25.4017 7.17868 14.2048 2657.44 28.4676 106.599 2704.62 
460.225 279.418 78.9655 156.253 29231.8 313.144 1172.59 5.72 68 


75.936 146.018 20.909 89.3169 14.9646 5.5929 6.82892 1275.51 13.931 67.1707 76.1321 911.232 1752.21 250.907 1071.8 179.576 
67.1148 81.9471 15306.2 167.172 806.049 913.585 32.9998 1.07292 3.25415 2.58426 0.152496 11.7095 0.818848 19.3397 395.998 
12.875 39.0498 31.0111 1.82995 140.514 9.82618 232.077 252.027 41.7733 26.0279 7.59855 14.1717 2647.21 28.5241 109.463 
3024.32 501.28 312.335 91.1826 170.06 31766.5 342.289 1313.56 6.06 69 
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