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Abstract: Correlation for estimation of the aqueous solubility (logSw) of chlorinated 

hydrocarbons molecules is proposed. The MCI based quantitative structure-property 

relationship (QSPR) model proposed is predictive and requires only three connectivity 

indices in the calculation. The correlation equation obtained which is based on a training set 

of 50 chlorinated hydrocarbons has a correlation coefficient of 0.9670 and a standard error 

of 0.44 log10 units. Application of the developed model to a testing set of 73 chlorinated 

hydrocarbons demonstrates that the new model is reliable with good predictive accuracy and 

simple formulation. Besides, the model does not require any experimental physicochemical 

properties in the calculation, so it is easy to apply, especially in cases where it is 

inconvenient or impossible to measure the physicochemical properties.  

Keywords: molecular connectivity index; aqueous solubility; QSPR; chlorinated 

hydrocarbons, property model 

 

1. Introduction 

Aqueous solubility is a particularly important physicochemical property of organic chemicals that 

plays a significant role in various physical and biological processes, especially in drug transport and 

environment impact. Comparing with the time-consuming experimental procedures to determine 

aqueous solubility directly, reliable computational methods to predict aqueous solubility are more 

popular in today’s research [1-3]. 



Int. J. Mol. Sci. 2006, 7  

 

 

48

There are a large number of successful prediction methods, which can be divided into two main 

groups. The first approach [4-8] is to build model from more easily measured physicochemical 

properties, such as melting point, boiling point, molar volume, partition coefficient, chromatographic 

retention time, etc. The other method is based on the information from the molecular of the organic 

chemicals, which can be further divided into two classes, one is group contributions method [9-12] and 

the other is QSPR approach [1, 13-32].  

The molecular connectivity indices which were proposed 30 years ago, have been successfully used 

in the correlation of various physiochemical properties of organic substances [33-35] especially in the 

recent applications to computational molecular design studies [36]. In the previous works, correlations 

of aqueous solubility using molecular connectivity indices and other descriptors have been studied and 

demonstrated the possibility of molecular connectivity indices in modeling aqueous solubility. In this 

study, we use different indices comparing with the already existing models to correlate the aqueous 

solubility and obtain the simpler model with the same or higher accuracy. 

2. Data Set 

The data set that has been studied by Eduardo J. Delgado [22] is adopted as the training set and 

listed in Table 2. To test the predictive ability of the proposed model, the aqueous solubility data for 73 

chlorinated hydrocarbons were collected from the literature [6, 10, 27], as the testing set, and shown in 

Table 3. Both the training set and the testing set contain saturated, unsaturated, aliphatic and aromatic 

compounds, dioxins and PCBs. 

3. Methods 

Molecular connectivity indices have been widely used as molecular structural descriptors to 

correlate the physical properties of organic chemicals and used in computational molecular design 

studies. Recently, higher-order connectivity indices have been demonstrated the advantage of 

incorporating effects that are due to larger-scale structural features in a molecule on physical properties 

[36]. 

The simple and valence connectivity indices defined and developed by Randic [34, 35, 37-39], Kier 

[40-42] and Hall [43, 44] are used in this work which can be expressed by the following equation. 
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where m is the order of the connectivity index; k denotes a contiguous path type of fragment, which is 

divided into paths (P), clusters (C), etc; p denotes which type connectivity index is(simple, valence or 

other type); nm is the number of the relevant paths; δi
p is the connectivity index. 

In this work, for each chemical the values of the connectivity indices up to third order are calculated 

using the vertex adjacency matrix. The simple connectivity index (δ) and the valence connectivity 

index (δv) used in this study are summarized in Table 1. 
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Table 1. Connectivity Index (δ and δv) values of groups used in this work 

Group δ δ
v Group δ δ

v 

-CH3 1 1 =CH2 1 2 

-CH2- 2 2 =CH- 2 3 

>CH- 3 3 =C< 3 4 

>C< 4 4 -Cl 1 7/9 

The detailed equations for the simple and valence molecular connectivity indices for zeroeth, first, 

second, and third orders are listed as follows: 
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After the calculation of ten molecular connectivity indices, stepwise regression using MATLAB 

Statistics Toolbox [45] is used for choosing the variables and fitting the experimental data of the data 

set. 

The average absolute error (AAE) and the root-mean-square error (RMSE) were calculated as the 
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following equations to compare with the existing model. 

The AAE was calculated as 

N

SS
AAE

cal∑ −
= exploglog

 (12) 

The RMSE was calculated as 

( )
N

SS
RMSE cal∑ −

=
2

exploglog

 (13) 

     where N=number of compounds. 

4. Results and Discussion 

Delgado22 used CODESSA to develop QSPR model and carried out a correlation analysis to find the 

best QSPR model using a heuristic method. He succeeded in obtaining the two descriptors that have 

definite physical meaning corresponding to different intermolecular interactions. 

In our work, the coefficients of the best correlation model for aqueous solubility of the 50 

chlorinated hydrocarbons used as training set in this study are shown in table 2 and equation (14). The 
0χ that reflects the size of the molecule is the most significant descriptor, as can be seen by its highest 

t-test value. This conclusion is in agreement with the existing models22, 27. The other descriptors 3χc 

and 3χc
v that reflect the contribution of clusters in a molecule to aqueous solubility are also important 

in describing the aqueous solubility of chlorinated hydrocarbons. This demonstrates again that higher-

order connectivity indices contain a large amount of information about the molecule, especially the 

larger-scale structural features (such as branching)36. 

Table 2. The best correlation model of logSw of 50 compounds 

n Descriptor Coefficient t-test 

0 Intercept 0.3556  

1 0χ -0.4373 -7.7127 

2 3χc -3.0857 -4.7889 

3 3χc
v 1.9657 4.2359 

The model we obtained is as the following general correlation: 
v
ccSw χχχ 330 9657.10857.34373.03556.0log +−−=  (14) 

R2=0.9670, F=450.0, RMSE=0.444, n=50 

The results calculated with equation (14) are shown in Table 3, where the experimental values and 

the calculated results from the Delgado method are also listed, and the scatter plot is shown in Fig 1. 

The AAE for our model is 0.31 which is smaller than the 0.32 for the Delgado model, indicating 

that the new model has comparable accuracy to the existing model. 
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Table 3. Calculated results of the molar aqueous solubility of the 50 compounds (logSw). 

No CAS No. Name Experimental Delgado This work 

1 75-09-2 Dichloromethane -0.74 -0.77  -0.83  

2 67-66-3 Trichloromethane -1.19 -1.32  -1.34  

3 56-23-5 Tetrachloromethane -2.26 -1.20  -2.05  

4 79-34-5 1,1,2,2-Tetrachloroethane -1.76 -2.42  -2.27  

5 540-59-0 1,2-Dichloroethene -1.07 -1.54  -1.14  

6 79-01-6 Trichloroethene -2.04 -2.05  -2.05  

7 127-18-4 Tetrachloroethene -2.57 -2.51  -2.69  

8 108-90-7 

Benzene 

Monochloro -2.42 -2.46  -2.40  

9 541-73-1 1,3-Dichloro -3.04 -3.31  -3.30  

10 95-50-1 1,2-Dichloro -3.02 -3.17  -3.07  

11 106-46-7 1,4-Dichloro -3.31 -3.33  -3.30  

12 120-82-1 1,2,4-Trichloro -3.64 -4.11  -3.97  

13 87-61-6 1,2,3-Trichloro -4.08 -3.94  -3.77  

14 108-70-3 1,3,5-Trichloro -4.55 -4.26  -4.20  

15 634-66-2 1,2,3,4-Tetrachloro -4.38 -4.72  -4.46  

16 95-94-3 1,2,4,5-Tetrachloro -5.19 -4.94  -4.64  

17 634-90-2 1,2,3,5-Tetrachloro -4.73 -4.94  -4.67  

18 608-93-5 Pentachloro -5.37 -5.56  -5.16  

19 39227-53-7 

Dibenzo-p-dioxin 

1-Chloro -5.72 -5.66  -6.05  

20 39227-54-8 2-Chloro -5.86 -5.92  -6.24  

21 29446-15-9 2,3-Dichloro -7.23 -6.83  -6.91  

22 33857-26-0 2,7-Dichloro -7.83 -7.02  -7.14  

23 39227-58-2 1,2,4-Trichloro -7.53 -7.50  -8.11  

24 30746-58-8 1,2,3,4-Tetrachloro -8.77 -8.08  -8.63  

25 2051-60-7 

Biphenyl 

2-Chloro -4.63 -4.55  -4.66  

26 2051-61-8 3-Chloro -4.88 -5.38  -4.84  

27 2051-62-9 4-Chloro -5.25 -5.35  -4.84  

28 2050-68-2 4,4’-Dichloro -6.63 -6.05  -5.74  

29 34883-39-1 2,5-Dichloro -5.27 -5.52  -5.56  

30 33284-50-3 2,4-Dichloro -5.29 -6.28  -5.56  

31 33146-45-1 2,6-Dichloro -5.07 -4.86  -5.38  

32 2050-68-2 2,4’-Dichloro -5.60 -5.57  -5.56  

33 13029-08-8 2,2’-Dichloro -5.36 -4.76  -5.37  

34 37680-65-2 2,2’,5-Trichloro -5.65 -5.60  -6.27  

35 35693-92-6 2,4,6-Trichloro -6.07 -5.93  -6.28  
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(Table 3 continued) 

36 15862-07-4 2,4,5-Trichloro -6.27 -6.47  -6.23  

37 32598-13-3 3,3’,4,4’-Tetrachloro -8.68 -7.90  -7.09  

38 35693-99-3 2,2’,5,5’-Tetrachloro -6.44 -6.33  -7.17  

39 33284-53-6 2,3,4,5-Tetrachloro -7.26 -7.04  -6.74  

40 18259-05-7 2,3,4,5,6-Pentachloro -7.78 -8.40  -7.29  

41 37680-73-2 2,2’,4,5,5’-Pentachloro -7.44 -7.53  -7.84  

42 55312-69-1 2,2’,3,4,5-Pentachloro -7.10 -7.21  -7.46  

43 74472-44-9 2,3,3’,4’,5,6-Hexachloro -7.83 -8.40  -8.35  

44 55215-18-4 2,2’,3,3’,4,5-Hexachloro -8.04 -9.30  -8.15  

45 33979-03-2 2,2’,4,4’,6,6’-Hexachloro -8.48 -8.26  -8.63  

46 35065-27-1 2,2’,4,4’,5,5’-Hexachloro -8.57 -8.61  -8.51  

47 38411-22-2 2,2’,3,3’,6,6’-Hexachloro -7.86 -7.27  -8.22  

48 38380-07-3 2,2’,3,3’,4,4’-Hexachloro -9.00 -8.53  -8.15  

49 2136-99-4 2,2’,3,3’,5,5’,6,6’-Octachloro -9.30 -9.45  -9.61  

50 40186-72-9 2,2’,3,3’,4,4’,5,5’,6-Nonachloro -9.93 -9.88 -10.09 
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Figure 1. Calculated values versus experimental values of logSw for the two models (□: Delgado, 

○: This work). 

To test the predictive ability of our model, the aqueous solubility data for 73 chlorinated 

hydrocarbons were collected from the literature [6, 10, 27] as the testing set. The predictive results 

calculated with equation (14) are shown in Table 4, where the experimental values and the residual 

values are also listed, and the scatter plot is shown in Fig 2. 

The AAE for the testing set is 0.38 and demonstrates that the proposed model is reliable and has 

good predictive ability. 
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Table 4. Predicted Results of the Molar Aqueous Solubility for 73 compounds (logSw) 

No. CAS No. Name Experi-

mental 

Calcula-

ted 

Residual 

1 58-89-9 Lindane -4.59 -4.77  0.18  

2 16606-02-3 2,4',5-PCB -6.25 -6.46  0.21  

3 31508-00-6 2,3',4,4',5-Pentachlorobiphenyl -7.39 -7.80  0.41  

4 32598-11-1 2,3',4',5-Tetrachlorobiphenyl -7.25 -7.13  -0.12  

5 35065-28-2 2,2',3,4,4',5'-Hexachlorobiphenyl -8.32 -8.33  0.01  

6 35694-08-7 2,2',3,3',4,4',5,5'-octachlorobiphenyl -9.16 -9.54  0.38  

7 38380-02-8 2,2',3,4,5'-Pentachlorodiphenyl -7.91 -7.66  -0.25  

8 38380-08-4 2,3,3',4,4',5-Hexachlorobiphenyl -7.82 -8.32  0.50  

9 38444-85-8 2,3,4'-Trichlorobiphenyl -6.26 -6.25  -0.01  

10 41464-39-5 2,2',3,5'-Tetrachlorobiphenyl -6.47 -6.97  0.50  

11 52663-63-5 2,2',3,5,5',6-Hexachlorobiphenyl -7.42 -8.39  0.97  

12 52663-69-1 2,2',3,4,4',5',6-Heptachlorobiphenyl -7.92 -9.06  1.14  

13 52663-77-1 2,2',3,3',4,5,5',6,6'-Nonachlorobiphenyl -10.40 -10.12  -0.28  

14 52712-04-6 2,2',3,4,5,5'-Hexachlorobiphenyl -7.68 -8.36  0.68  

15 52712-05-7 2,2',3,4,5,5',6-Heptachlorobiphenyl -8.94 -8.90  -0.04  

16 55215-17-3 2,2',3,4,6-Pentachlorobiphenyl -7.43 -7.49  0.06  

17 55702-45-9 2,3,6-Trichlorobiphenyl -6.29 -6.08  -0.21  

18 56558-16-8 2,2',4,6,6'-Petachlorobiphenyl -7.32 -7.73  0.41  

19 74472-42-7 2,3,3',4,4',6-Hexachlorobiphenyl -7.66 -8.35  0.69  

20 75-09-2 dichloromethane -0.63 -0.83  0.20  

21 67-66-3 trichloromethane -1.17 -1.34  0.17  

22 56-23-5 tetrachloromethane -2.31 -2.05  -0.26  

23 75-34-3 1,1-dichloroethane -1.29 -1.53  0.24  

24 107-06-2 1,2-dichloroethane -1.06 -1.14  0.08  

25 71-55-6 1,1,1-trichlorcethane -2.00 -2.56  0.56  

26 79-00-5 1,1,2-trichlorcethane -1.48 -1.75  0.27  

27 79-34-5 1,1,2,2-tetrachlorcethane -1.74 -2.27  0.53  

28 630-20-6 1,1,1,2-tetrachlorcethane -2.18 -2.62  0.44  

29 76-01-7 pentachlorcethane -2.60 -3.06  0.46  

30 2050-67-1 3,3'-PCB -5.80 -5.74  -0.06  

31 38444-81-4 2,3',5-Trichlorobiphenyl -6.01 -6.46  0.45  

32 7012-37-5 2,4,4'-PCB -6.21 -6.46  0.25  

33 38444-86-9 2',3,4-Trichlorodiphenyl -6.29 -6.23  -0.06  

34 2437-79-8 2,2',4,4'-Tetrachlorobiphenyl -6.51 -7.17  0.66  

35 41464-41-9 2,2',5,6'-Tetrachlorobiphenyl -6.80 -7.00  0.20  

36 52663-62-4 2,2',3,3',4-Pentachlorobiphenyl -7.05 -7.46  0.41  

37 52663-71-5 2,2',3,3',4,4',6-Heptachlorobiphenyl -8.30 -8.88  0.58  
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(Table 4 continued) 

38 2051-24-3 2,2',3,3',4,4',5,5',6,6'-Decachloro-1,1'-

biphenyl -11.62 -11.27  -0.35  

39 67-72-1 hexachloroethane -3.67 -3.76  0.09  

40 540-54-5 1-chloropropane -1.47 -1.14  -0.33  

41 75-29-6 2-chloropropane -1.41 -1.70  0.29  

42 142-28-9 1,3-dichloropropane -1.62 -1.45  -0.17  

43 78-87-5 1,2-dichloropropane -1.60 -1.87  0.27  

44 96-18-4 1,2,3-trichloropropane -1.92 -2.07  0.15  

45 109-69-3 1-chlorobutane -2.03 -1.45  -0.58  

46 78-86-4 2-chlorobutane -1.96 -1.87  -0.09  

47 513-36-0 1-chloro-2-methylpropane -2.00 -1.98  -0.02  

48 541-33-3 1,1-dichlorobutane -2.40 -2.06  -0.34  

49 7581-97-7 2,3-dichlombulane -2.70 -2.47  -0.23  

50 543-59-9 1-chloropentane -2.73 -1.76  -0.97  

51 625-29-6 2-chloropenlane -2.63 -2.18  -0.45  

52 616-20-6 3-chloropentane -2.63 -2.07  -0.56  

53 594-36-5 2-chloro-2-methylbutane -2.51 -3.35  0.84  

54 544-10-5 1-chlorohexane -3.12 -2.07  -1.05  

55 319-86-8 δ-hexachlorocyclohexane -4.51 -4.77  0.26  

56 75-35-4 1,1-dichlorcethylene -1.64 -2.10  0.46  

57 156-59-2 1,2-dichlorcethylene -1.30 -1.14  -0.16  

58 107-05-1 3-chloropropylene -1.36 -1.14  -0.22  

59 87-68-3 hexachloro-1,3-butadiene -4.92 -4.70  -0.22  

60 77-47-4 hexachlorocyclo-pentadiene -5.18 -5.59  0.41  

61 95-49-8  2-chlorotoluene -3.52 -3.11  -0.41  

62 100-44-7 alpha-chlorotoluene -2.39 -2.59  0.20  

63 106-43-4 p-chlorotoluene -3.08 -3.34  0.26  

64 38444-93-8 2,2',3,3'-PCB -7.28 -6.76  -0.52  

65 32598-10-0 2,3',4,4'-PCB -7.80 -7.13  -0.67  

66 41464-40-8 2,2',4,5'-PCB -6.57 -7.17  0.60  

67 15968-05-5 2,2',6,6'-PCB -8.03 -6.83  -1.20  

68 52704-70-8 2,2',3,3',5,6-PCB -8.60 -8.19  -0.41  

69 72-54-8 DDD -7.20 -7.44  0.24  

70 50-29-3 DDT -7.15 -8.22  1.07  

71 72-55-9 DDE -6.90 -7.74  0.84  

72 91-58-7 2-chloronaphthalme -4.14 -4.22  0.08  

73 90-13-1 1-chloronaphthalene -3.93 -4.04  0.11  
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Figure 2. Calculated values versus experimental values of logSw for the testing data set. 

 

5. Conclusion 

Predictive QSPR model which is based on molecular connectivity indices is proposed in this work 

to correlate the aqueous solubility of 50 chlorinated hydrocarbons. Application of the developed model 

to a testing set of 73 chlorinated hydrocarbons demonstrates that the new model is reliable with good 

predictive accuracy and simple formulation. Besides, the new model does not require any experimental 

physicochemical properties in the calculation, so it is easy to apply, especially in cases where it is 

inconvenient or impossible to measure the physicochemical properties. 
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