
 

 

 

 

 

 

 

 

 

 

Abstract—The Koc partition coefficient is an important parameter 
for determining the distribution of cantaminants in the environment. 
The experimental value of koc is difficult to measure, that’s why it is 
important to establish models to predict this parameter. 

In the literature, several studies have been conducted to predict its 
value for certain categories of molecules. 

In this work, we have undertaken QSPR study to relate Koc to 
molecular structure. The study was established on a database of 643 
molecules. Among the methods used for the establishment of the 
QSPR model, the multilayer neural networks gave excellent results in 
comparison with those of the literature. 
 

Index Terms— QSPR- Neural Network RNN- Koc - Linear 
regression.  

I. INTRODUCTION 
In the field of environment, the soil sorption partition 

coefficient Koc is an important parameter which  provides 
informations on the behavior, mobility and toxicity of 
contaminants. Koc is the distribution of chemicals between 
soils or sediments and water.  

The experimental measurement of this coefficient is biased 
and influenced by several parameters (Temperature T , pH). 
The experimental measurement of Koc is tedious costly and 
time consuming. The estimation and prediction of soil sorption 
partition coefficient by means of models based on the QSPR 
could be beneficial.  QSPR approch has advantages ; there are 
no expensive experiments and the results are obtained faster.  

Several QSPR models predicting Soil sorption partition 
coefficient have been published [1-3]. The majority of the 
studies are limited to one specific class of molecules. Moreover, 
many published models have correlated Koc to molecular 
descriptors using linear regression based methods such as MLR, 
ACP and PLS, and SVR method which are not general since the 
relationship between physico-chemical parameter and 
molecular descriptors may be nonlinear 

The aim of this study is to develop robust QSPR model for 
predicting  the Koc  coefficient using a highly heterogeneous 
data set of 643 chemicals and apply the most recent Neural 
Network algorithm, the Deep Learning Neural Network (DNN) 
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II. MATERIAL AND METHODS 

A. Data Set 

In this study, a data set consisting of 643 chemicals and their 
experimental koc values were collected from the literature [4-
6]. In this work,  koc was expressed in logarithmic units and its 
value in the data set covered nearly 6 log units  The  distribution 
of  koc in the data set is shown in Figure 1. 

 

 Fig. 1. The distribution of Koc in Data set  
  
The total set was randomly divided into two subsets: a 

training set for generating the QSPR model and test set for 
validating the quality of the model. 

B. Molecular descriptors 

The molecular descriptors were collected from the litterature,  
P. Gramatica et al [7]. in their work, 1079 descriptors were 
generated from DRAGON program [8], Many descriptors 
found to be correlated,  they  provide the same structural 
information some of them were excluded to ovoid redundancy 
in the QSPR model. Genetic algorithm  was used to select the 
most relevant combination of descriptors capable of predicting 
log Koc.  

The selected variables are  :  
 VP-0: Valence path, order 0 

 nHBAcc: Number of hydrogen -bond acceptors 

 nAromBond: Number of aromatic bonds 
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 MAXDP: Maximum positive intrinsic state difference 
in the molecule (related to the electrophilicity of the 
molecule). 

C. Model development 

The objective of this study is to use the Deep Neural Network 
algorithm for developing a QSPR model for predicting the soil 
sorption partition coefficient  

The deep Neural Network model ( DNN ) is an Artificial 
Neural Network (ANN)  model composed of many hidden 
layers which are fully connected.  The DNN model can solve  
very complex problems.  

Deep Neural Network (DNN) are composed of many simple 
computational elements (nodes) interacting across very low 
bandwidth channels (connections). Nodes  in artificial Neural 
Network are very simple processors inspired by their biological 
contrepart. The network components are input layer, hidden 
layer, and out put layer. The Neural Network  uses a series of 
algorithms to detect ralationships in a dataset.  

A Deep Neural Network provides a non linear mapping 
between the inputs (independant variables or descriptors)  and 
the outputs (dependant variables). The architecture of the DNN  
model is specified by the input layer, output layer, activation 
function, loss function, optimizer and metric. [9]. 

Fig. 2 : Structure of  a  DNN  model [Vishal Yadav] 

In this study, the  DNN-based QSPR model was developed 
on the training set  using Keras and Tendorflow 2.0 ;  

The architecture of the DNN is presented as follows :  

 Layer type : Dense  

 Number of Hidden Layers : two 

 Activation function ; ReLU 

 output Layer  function: Sigmoid  

 Model optimizer : Adam 

D. Model validation 

In order to verify the ability of the QSPR model  to predict 
external data,, the data set was splited in two subsets: 

 A training set ( 80 % of compounds ) 

 A  test set  (20% of compounds) 

The test set was used for external validation.  

The splitting was performed using  a random distribution 
approach  

For evaluating the performance of the DNN based -QSPR 
model to predict the soil sorption coefficient Koc, two 
performance metrics : the root Mean Square Error (RMSE) and 
Mean Absolute Error ( MAE) were considered as well as 
coefficient of determination R2.  

These metrics were calculated as follow : 

                                   (1) 

                            (2) 

                                         (3) 

.  

 

 

   

III. RESULTS AND DISCUSSION 
After splitting the Data set into training set (80 % of 

compounds) and test set (20 % of compounds), 514 compounds 
were used to train the DNN model while the remaining 129 
compounds were used to validate the DNN based QSAR model. 

A simple linear regression between experimental and 
predicted values of Koc was performed and provided the 
following results.  
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Fig. 3    linear regression  

        for test tcompounds 

The performance parameters were calculated, the results are  listed in table 2.  

TABLE II : The Performance of the model : 
 

Goodness-of-fit Predictive ability  
n (train)  RMSE  (train) MAE (train) n(test) RMSE (test) MAE (test) R2 

514  0,2169 0,3610 129 0,2458 0,3834 81,4 % 
 

Figure 4 represents the congergence of RMSE  for the training 
and test set  
 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

 

          
 

 
                 

Fig. 4.  The convergence of  RMSE 
 
 
The study of linear regression between calculated and 
experimental log koc values for test  compounds leads to value 

of determination coefficient R2 higher than 0,6 and low standard 
error  shows the goodness of fit result for the DNN-based QSPR 
model developed. In addition, RMSE and MAE values which 
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are less than 0,4 confirm the high predictive abilities of the 
QSPR model of the QSPR model. 

The prediction ability of the QSPR medel obtained in this study 
was compared with those in previous publishedd studies. The 
comparison of statistical parameters  is shown in table III.  
 

 

TABLE III : List of published QSAR models of log Koc and statistical parameters :  
 

Study Algorithm R2 RMSE (train) RMSE (Test) 
Shao et al.  2014  

[1] 
MLR 0,808 0,490 0,475 

Gramatica et al.  2007 
[7] 

MLR 0,820 0,523 0,560 

Olguin et al 2017  
[3] 

MLR 0,809 0,428 0,480 

Shao et al. 2014 
 [1] 

SVM 0,817 0,344 0,431 

Wen et al. 2012 
[10] 

MLR 0,790 0,490 0,570 

Current study DNN 0,814 0,2169 0,2458 

 

According to the results in table 3, the DNN-based-QSPR 
model showed the lowest Root Mean Square Error (RMSE) 
values compared to the other reported models.  Indicateing that 
the proposed DNN -based-QSPR model developed shows better 
predictive ability.   

The prediction abilities of the QSPR model obtained in this 
study were  compared  with those in previous  published  
studies, the results are  shown in table 3 : 
 

IV. CONCLUSION 
In this study, a DNN-based QSPR model was developed on 

a highly heterogeneous database using molecular descriptors 
generated from DRAGON program and selected by genetic 
algorithm-variable subset selection (GA-VSS) software. 

The DNN-based QSPR model was trained with 80 % of 
compounds and validated with 20 % of compounds, the model 
demonstrates high predictive ability ( RMSE = 0,2458 , MAE 
= 0,3834) and satisfactory goodness-of-fit (R2 = 0,81) 

A Comparision between the present model and other models 
reported in literature, showed that the model proposed is best 
for prediction of log Koc of chemicals. The QSPR model 
developed can be used to predict soil sorption partition 
coefficient (log Koc) of new molecules and will be used for the 
assessment of the environmental risks of molecules before their 
development. 
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