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Abstract.  Forward Osmosis (FO) is the subject of many current studies, given existing and future conditions 
around the world. This work is the continuation of the series of research that implicates Artificial Neural Networks in 
the processes of membrane separation. Three databases (with the same size of 193 points), two learning algorithms, 
two function transfers, five subdivisions of the database, and eleven (11) inputs were used with the aim to extract the 
optimal QSPR-NN model which is chosen based on the best values of coefficient of correlation (R) and the Root 
Mean Squared Error (RMSE). QSPR-NN (Quantitative Structure-Property Relationships - Neural Networks) model 
obtained was characterized by eleven (11) neurons on the input layer, fourteen (14) neurons in the hidden layer, and 
one (1) neuron in the output layer, the Bayesian regularization (Trainbr) was the learning algorithm, tangent sigmoid 
(Tansig), and purelin were the transfers functions for the hidden and output layers respectively. The performance of 
the QSPR-NN optimal model obtained was demonstrated with a higher value of (R = 0.9895) and low Root Mean 
Squared Error (RMSE = 4.3683%), and other errors as RER and RPD more than 2.5 and equal to 21.4356 and 
3.4290 respectively, the (NSE) more than 0.9. Furthermore, the comparison with other work in the same orientation 
demonstrated the excellence of our model developed in this work compared to the others. 
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1. Introduction 
 

The world knows recently a rapid development at all levels, human, economic, and industrial, 

resulting in a severe increase in the demand for water and energy, imposing us to preserve the 

existing conventional resources or find alternatives to them [1]. Pollution, current drought, 

desertification, exploitation of aquifers, and climatic fluctuations are the main causes of the 

scarcity of one of the most important elements of life and in sync reduced the level of the existing 

water resources [2]. A possible alternative source of water is wastewater via processes of 

membrane separation such as microfiltration (MF), ultrafiltration (UF), nanofiltration (NF), and 

reverse osmosis (RO) [2-4].  

In the last decade, a new approach based on the osmotic pressure difference between two 

solutions separated by a membrane, called, Forward Osmosis (FO), this technique has been 

investigated in both academic research and industrial development as an alternative process for the 

conventional existing especially reverse osmosis. Forward osmosis is one of the technologies 
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applied in a wide range of areas; water, energy, and life science with different applications 

seawater/brackish, water desalination, wastewater treatment, power generation, and food 

processing, FO can also be used for controlling drugs release and dehydration of pharmaceuticals 

[1, 5-6]. FO is characterized by many potential advantages such as less energy input, lower fouling 

tendency, easier fouling removal, and higher water recovery in comparison with other processes of 

the same nature (membranes separation) as reverse osmosis (RO), nanofiltration (NF), and 

ultrafiltration (UF) [7-11]. Membrane separation processes are known by the complexity of their 

transfer models due to the combinations between the proprieties of solute, solvent, and membrane 

characteristics, for this, many studies used other methods to evaluate the effect of inputs of the 

system on his target or output variables [12-13]. Machines learning have already been successful 

for modeling processes such as fermentation, drying, and other chemical processes, especially the 

membranes separations processes [14]. 

An Artificial Neural Network is one of these machines developed originally by Rosenblatt [14], 

this technique has a large successful use in modeling the membranes separation processes, many 

studies applied ANN with the aim to predict the impact of inputs on the outputs, optimization, and 

maintenance cost of membrane process such as microfiltration (MF), ultrafiltration (UF), 

nanofiltration (NF), and reverse osmosis (RO) [14]. Yangali-Quintanilla et al. (2009) have been 

using the artificial neurons network to predict the rejection of organic composites by nanofiltration 

and Reverse Osmosis membranes, in the same target of work [15]. Ammi et al. (2015) have 

created a QSPR-NN model whose objective is the prediction of the rejection of organic composites 

by nanofiltration and reverse osmosis membranes [16]. Abbassi et al. (2018) have been studied the 

oily wastewater using the ANN to predict the permeate flux [17]. 

To the best of our knowledge, a few studies investigated the application of ANN on the forward 

osmosis membranes. Pardeshi et al. (2016), used the ANN to determine the optimum conditions 

for the forward osmosis (FO) groundwater desalination, their work gave an honorable result and 

the ANN used can predict the optimum conditions for the FO system study [18]. In 2020 a study 

by Jasir Jawad et al was published, it was about the modeling of forward osmosis process using an 

artificial neurons network to predict the permeate flux, they studied the effect of nine inputs 

(membrane type, membrane orientation, feed solution concentration, draw solution concentration, 

draw solution molecule weight, feed solution velocity, draw solution velocity, feed and draw 

solutions temperature) on the permeate flux with different parameters of the ANN used (number of 

neurons, number of the hidden layers), their results obtained were very satisfying and 

demonstrated its ability to predict the relationships between inputs and outputs in a way better than 

another simple learning machine such as Multiple Linear Regressions (MLR) [19]. 
For this purpose, our work is the first study that consists to apply the ANN to develop a QSPR-

NN model for predicting the rejection of organic molecules (OM) by the forward osmosis 

membranes using the properties of organic molecules, the membrane characteristics, and 

conditions operations as the inputs of the system. The database was collected from the literature; 

many models of predicting were developed with different inputs of the database, different training 

algorithms, different transfer functions, and different database subdivisions. To compare between 

these models developed, a method based on the best error for the testing phase and the best 

coefficient of correlation is applied. As soon as the optimum QSPR-NN model was obtained, with 

the aim of identifying the input that’s the most impact on the output, sensitivity analysis using the 

weight method was studied to detect the most important input that affected the rejection of the 

organic molecules by the forward osmosis membranes, which motivated us to study this influence 

separately. For all the models of predicting, a range of applicability is mandatory, it was  
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Figure 1. Architecture of the ANN [20] 

 

 

determined by the method of William’s plots during this work. Additional to the Root Mean 

Squared Error (RMSE) and coefficient correlation, twelve (12) other errors were used to evaluate 

the performance of the QSPR-NN model obtained with evaluation criteria. As mentioned 

previously, another work applied ANN for modeling of the forward osmosis processes. Therefore, 

a comparative study between our work and others mentioned above was studied in this work. 

 

 

2. Experimental 
 

2.1 Artificial neural networks  
 
Artificial Neural Networks (ANN) is a machine learning technique used to model the input and 

output variables based on a learning mechanism effected by a set of data instead of using 

mathematical equations. ANN using generally for predicting the nonlinear system, the membrane 

separation is one of these complex systems, when the results obtained from the ANN model were 

close to the results of the conventional models [14]. 

The Artificial Neural Networks (ANN) is made with three stages of layers, called, Input, 

Hidden, and output layer respectively. Each stage or layer forms of neurons (nodes) where the 

number of these nodes is equal to the number of the inputs and outputs for the input and output 

layers respectively, for the Hidden layer the number of the optimum neurons was determined by 

the method of trial and error.  

The real values of inputs present the food of the input layer and each succeeding layer receives 

weighted outputs from the previous layers as its inputs resulting, ANN assigns weights and biases 

to each neuron in the input and hidden layer as shown in the architecture of the ANN illustrated in 

Fig. 1 [16], [ 20-24]. 

In the learning phase, the values of the output of the neuron in the hidden layer and the output 

layer are given by the Eqs. (1, 2) respectively [16], [24]. 
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zj =  fh(∑ wJI 
I UI + bJ

H); i=n
i=1  j=1, 2, … m (1) 

𝑧𝑗  is the instance output of the Hidden layer, 𝑤𝐽𝐼 
𝐼 ; the weight of the Input- Hidden layer 

connection,𝑈𝐼 ; is the input, bJ
H is the Bias of the Hidden layer, I present the number of inputs 

(varied entre 1 et n), J is the number of the neurons in the Hidden layer (varied from 1 to m (the 

optimum), and  𝑓ℎis the transfer function of the hidden layer. 

Yk = fo(∑ wkj
h zj + bk

O
 
)

j=m
j=1    k = 1, 2, … L (2) 

Yk: present the output, wkj
h , are the weight of the Hidden-Output connections, zj, is the instance 

output of hidden layer, bk
O, is the Bias of output layer, k the number of the output layer, and  fois 

the output layer’s transfer function. 

The most frequent activation (transfer) functions are the hyperbolic tangent sigmoid transfer 

function (tansig) and Logarithmic sigmoid transfer function (logsig) for the hidden layer (are given 

by Eqs. (3, 4), and Pure linear (purelin) for the output layer (Eq. (5)) [14], [24-25]. 

f(a) =  
ea − e−a

ea + e−a       
, (3) 

f(a) =  
1

1 + e−a 
, (4) 

f(a) = a. (5) 

 

2.1 Modeling procedure 
 
The steps used in this work, for design and optimization of the architecture of the neural 

networks are illustrated in Fig. 2.   

 
2.2.1 Database, Collection, Division, and Reduction 
We have collected a database from the available literature [26-42] intending to group all the 

characteristics of the studied system, the size of this database was 193 points of 53 organic 

molecules (forty-four (44) pharmaceuticals, seven (7) perfluorochemicals, and two (2) organic 

acids). Fig. 3 shows the rejection of these organic molecules as a function of their molecular 

weights when the values of the molecular weights varied between 100 and 700 (g/mol) for the X-

axis (Molecular weight) and from 5% to 100% for the experimental rejections. 

The selection of the input and output variables was based on interactions between organic 

molecule properties, membrane characteristics, and filtration operating conditions for the rejection 

of organic molecules by forward osmosis “FO” membranes. The inputs considered in this work are 

molecule descriptors (the effective diameter of an organic molecule in water “ dc”, molecular 

length “Length”, molecular width “Width”, molecular depth “Depth”, molecular equivalent width 

“eqwidth”, minimal surface “Smin”, maximal surface “Smax”, molecular volume, Dipole moment, 

The logarithm of the octanol-water partition coefficient “Log P”, membrane characteristics 

(Surface membrane charge as “Zeta potential”, and the Hydrophobicity “as Contact angle”), and 

operating conditions (pH, Cross flow velocity (CFV), and the water flux).  

The software used to compute the inputs values were mentioned in Table 1. 
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Figure 2. Steps used for design and optimization of neural networks 

 

 

Figure 3. Rejection as a function of the molecular weight 
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Table 1. The software used to compute the input values 

Input values Software 

Log P, Dipole moment, 𝑆𝑚𝑖𝑛  , 𝑆𝑚𝑎𝑥 ,  and molecular volume Calculated with Hyperchem 2008 

Molecular length Calculated with Chembio 2014 

 
Table 2. Inputs and output for each database 

 DB1 DB2 DB3 

Inputs 

dc  dc  dc  

Dipole moment Dipole moment Dipole moment 

Log P Log P Log P 

Length Length Length 

Width Eq Width 𝑆𝑚𝑖𝑛   

Depth Volume 𝑆𝑚𝑎𝑥   

Contact angle Contact angle Contact angle 

Zeta potential Zeta potential Zeta potential 

pH pH pH 

Crossflow Velocity Crossflow Velocity Crossflow Velocity 

Water flux Water flux Water flux 

Output Rejection Rejection Rejection 

 

 

The values of the effective diameter of an organic molecule in water “ dc”, molecular width 

“Width”, molecular depth “Depth”, and Equivalent molecular width “Eqwidth” are calculated with 

the Eqs. (6- 9), respectively, [43- 45].  

 dc = 0.065 ∗ Mw
0.0438 (6) 

Where: 𝑀𝑤 = Molecule Weight. 

𝑊𝑖𝑑𝑡ℎ =
1

2
√𝑆𝑚𝑖𝑛 , (7) 

𝐷𝑒𝑝𝑡ℎ =
1

2
√𝑆𝑚𝑎𝑥 , (8) 

𝐸𝑞 𝑤𝑖𝑑𝑡ℎ = √𝑚𝑜𝑙𝑒𝑐𝑢𝑙𝑎𝑟 𝑤𝑖𝑑𝑡ℎ ∗ 𝑚𝑜𝑙𝑒𝑐𝑢𝑙𝑎𝑟 𝑑𝑒𝑝𝑡ℎ. (9) 

To achieve the objective of finding the parameters (which have a relationship between them as 
seen in the preceding Eqs. (7-9), that give the highest performance of the “QSPR-NN” obtained. 
The approach of this work is to divide the original database into three databases according to the 
relations between the inputs and to edit all the properties of the organic molecules (the inputs and 
outputs for each database are illustrated in Table 2 while respecting the process cited in Fig. 2. 
Statistical analysis is preliminary (standard deviations (STD), minimum, maximum, and mean) are 
shown in Table 3.  

For each database, we used a matrix correlation to edit the interactions between the variables 
(organic molecule properties, membrane characteristics, and operating conditions) and to reduce 
its size which can be accessed as Supplementary data (Table 1-3). 
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Table 3. Statistical analyses of the Input and Output variables of all databases 

 Min Max STD Mean 

dc 0.0914 1.1000 0.1291 0.7917 

Log P 0.1612 6.0000 1.2105 2.4347 

Dipole moment (Debey) -2.2200 9.3000 2.9023 2.3499 

Length (nm) 0.1468 0.2000 0.0119 0.1579 

Width (nm) 0.5000 1.3000 0.1116 0.9969 

Depth (nm) 0.3795 1.4000 0.1126 1.0509 

EqWidth(nm) 0.6529 1.3493 0.1019 1.0216 

Volume (nm3) 0.4093 1.3472 0.1583 0.7409 

𝑆𝑚𝑖𝑛  (nm2) 2.3329 7.1000 0.8288 4.0522 

𝑆𝑚𝑎𝑥  (nm2) 0.5761 7.4000 0.8704 4.4680 

Contact angle (°) 42.7 90.3000 6.2294 64.6435 

Zeta potential (mv) -39.91 19.7000 11.9568 -4.3641 

pH 3 9 1.5434 6.057 

Crossflow Velocity(m/h) 288 1094.4000 388.0198 634.5699 

Water flux (L/m2h) 5.2579 17.6000 4.3444 10.0116 

Rejection (%) 6.3636 100 14.9789 90.0579 

 

 

2.2.2 Development of the QSPR-NN model 
For each database, several networks are developed, at first, the training algorithm was fixed and 

the activations functions in the hidden layer were variants, for this purpose, the Bayesian 
Regularization (trainbr) and Levenbarg Marquardt (trainlm) were used as training algorithms, 
Hyperbolic tangent sigmoid (tansig) and Logarithmic sigmoid (logsig) as activation functions for 
the hidden layer, the Pure linear (purelin) transfer function was used in the output layer. The initial 
division was 80%, 20% for the training phase and test phase respectively with trainbr as the 
training algorithm and 80%, 10%, and 10% for training, validation, and testing phases 
respectively, using the training algorithm trainlm. The number of neurons in the hidden layer was 
between 3 and 25 neurons for each neural network model. At the end of this loop, the effect of the 
database splitting on the best configuration (database, training algorithm, activation function) was 
studied.  

Software MATLAB 2020 was used for the ANN modeling of the rejection of the organic 

molecules by the forward osmosis “FO” membranes by trial-and-error method.  
For this and for each database, many subdivisions have been used with two (02) algorithms 

(Bayesian Regularization (Trainbr) and Levenbarg-Marquardt (Trainlm)), two (02) transfer functions 
for the hidden layer (tangent sigmoid and log sigmoid) and purelin as the transfer function for the 
output layer have been formed to create the structure of each ANN model. 

 

2.3 Sensitivity analysis 
 

To edit the influence of each input variable (organic molecule properties, membrane 
characteristics, and filtration operating conditions) on the output variable (Rejection of the organic 
molecules by FO membranes), a sensitivity analysis is recommended, for this, a method was 
developed by Garson [46-47] called “weight method”, this method is based on the calculation the 
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relative importance (RI) of each input on the output variable. The process of calculating the 
relative importance by weight method is summarized in the flow steps [48-49].  

Step1: 𝑃𝑖 𝑗 = |𝑤𝑖  𝑤𝑗|, (10) 

Step 2: 𝑄𝑖 𝑗 =  
𝑃𝑖 𝑗

∑ 𝑃𝑖 𝑗
𝑛𝑖
𝑖=1

, (11) 

Step 3: 𝑆𝑖 =  ∑ 𝑄𝑖𝑗
𝑛
𝑖=1 , (12) 

Step 4: 𝑅𝐼𝐼 (%) = 100 ∗
𝑆𝑖 

∑ 𝑆𝑖
𝑘𝑖
𝑖=1

. (13) 

𝑤𝑖, 𝑤𝑗 are the connections weights for the input-hidden layer and hidden-output layers 

respectively. 

 
2.4 Applicability domain 
 

A precision range is recommended for any prediction model satisfying its application, this one 

is defined by the applicability domain, or external of this domain, the use of this model can offer 

an erroneous result, many approaches can be used to determine this domain, in this work, we 

based on the leverage approach (William’s plot) in order to determinate this important domain. 

The impact of a section on the model is presented by the leverage (ℎ𝑖). The compound’s leverage 

in the original variable space is given by the following Eq. (14): 

H = X(XtX)−1Xt (14) 

Where X refers to the m × n matrix, (m and n represent the number of samples and the 

parameters (input variables) of the model, respectively). The leverage values are obtained from the 

main diagonal of the H matrix and are always between 0 and 1. The critical leverage(ℎ∗) is 

calculated generally with the formula presented underside: 

h∗ =
3(n + 1)

m
=

3(11 + 1)

193
= 0.1865 (15) 

The normalized residuals are calculated from the experimental data of the rejection and that 

calculated by the model. 

(R_Norm)i =
(Rejectioni

exp
− Rejectioni

cal)

√Var(Rejectionexp − Rejectioncal)
 i = 1, … m (16) 

Normalized residuals equal to ±3 is considered margin limits for validated data, whereas 

residuals outside these ranges define suspected data. In addition, all data points with Hat values > 

H* are also considered suspected data [49-50]. 
 
 

3. Results and discussions  
 

3.1 Creation and optimization of the QSPR-NN Model  
 

In order to search for the ideal architecture (as developed in Fig. 2), for each database, a neural 

network was created with different training algorithms, different activation functions, and different  
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Table 4. Results of neural network models for database 1 

QSPR-NN 

number 

Training 

Algorithms 
Activate Functions Phase RMSE R 

QSPR-NN1 
Bayesian 

Regularization 

(Trainbr) 

Tansig 

Test 8.5517 0.8848 

Train 2.3224 0.9895 

All 4.3683 0.9601 

QSPR-NN2 Logsig 

Test 7.5823 0.6926 

Train 2.3756 0.9892 

All 4.0151 0.9639 

QSPR-NN3 

Levenbarg-

Marquardt 

(Trainlm) 

Tansig 

Test 9.7899 -0.1144 

Train 3.2961 0.9821 

Val 3.3324 0.8455 

All 4.3879 0.9574 

QSPR-NN4 Logsig 

Test 9.0571 0.7887 

Train 3.2641 0.9789 

Val 5.1623 0.3913 

All 4.3882 0.9561 

 

 

splitting of the database, the number of the neurons in the hidden layer varied between 3 and 25 

neurons. to evaluate the performance of each neural network, two parameters were used the Root 

Mean Squared Error (RMSE) is represented the error between the calculated and the experimental 

values of the rejection of organic molecules which is given by Eq. (17) [43], and the correlation 

coefficient (R) (was obtained with the plots and parameters of the linear regression by the function 

Matlab Postreg). 

RMSE = √∑ (𝒀𝒊,𝒆𝒙𝒑 − 𝒀𝒊,𝒄𝒂𝒍)
𝟐𝒏

𝒊=𝟏

𝒏
 (17) 

Where n is the number of data points, 𝑌𝑖,𝑐𝑎𝑙 represents the calculated values from the neural 

network, and  𝑌𝑖,𝑒𝑥𝑝 is the experimental values. 

The next Tables 4-6 show the results of neural network based on quantitative structure 

proprieties relationships models “QSPR-NN” obtained for database 1, database 2, and database 3 

respectively.  

Table 4 shows that the result of the first neural network model “QSPR-NN1” gives the higher 

correlation coefficients (R = 0.8848 for the testing phase and R = 0.9601 for all phases) and the 

Root Mean Squared Error (RMSE equal to 8.5517% and 4.3683% for the testing and all phase 

respectively) with training algorithm “trainbr” and activation function “tansig” than the others 

neural network models (QSPR-NN2, QSPR-NN3, and QSPR-NN4). The results demonstrate that 

the training algorithm “trainbr” and activation function “tansig” are more suitable to describe the 

rejection of organic molecules by forward osmosis for the first database. Table 5 represents that 

the result of the sixth neural network model (QSPR-NN6) offers the higher correlation coefficients 

(R = 0.8778 for the testing phase and R = 0.9552 for all phases) and the Root Mean Squared Error 

(RMSE equal to 8.0873% and 4.4929% for the testing and all phases respectively) with training  
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Table 5. Results of neural network models for database 2 

QSPR-NN 

number 

Training 

Algorithms 
Activate Functions Phase RMSE R 

QSPR-NN5 
Bayesian 

Regularization 

(Trainbr) 

Tansig 

Test 8.9324 0.7838 

Train 1.0866 0.9581 

All 4.3238 0.9981 

QSPR-NN6 Logsig 

Test 8.0873 0.8778 

Train 2.9556 0.9804 

All 4.4929 0.9552 

QSPR-NN7 

Levenbarg-

Marquardt 

(Trainlm) 

Tansig 

Test 4.7210 0.3978 

Train 2.9109 0.9845 

Val 7.8253 0.4405 

All 3.8765 0.9664 

QSPR-NN8 Logsig 

Test 8.1503 0.7401 

Train 5.1784 0.9463 

Val 6.3081 0.3581 

All 5.6562 0.9260 

 
Table 6. Results of neural network models for database 3 

QSPR-NN 

number 

Training 

Algorithms 
Activate Functions Phase RMSE R 

QSPR-NN9 
Bayesian 

Regularization 

(Trainbr) 

Tansig 

Test 9.0857 0.8056 

Train 2.7247 0.9828 

All 4.9881 0.9435 

QSPR-NN10 Logsig 

Test 8.5970 0.7979 

Train 1.8572 0.9934 

All 4.2056 0.9623 

QSPR-NN11 

Levenbarg-

Marquardt 

(Trainlm) 

Tansig 

Test 10.2653 0.8053 

Train 3.5504 0.9751 

Val 8.7500 0.3047 

All 5.2947 0.9387 

QSPR-NN12 Logsig 

Test 10.3427 0.8169 

Train 4.5325 0.9559 

Val 6.4999 0.7971 

All 5.5847 0.9282 

 

 

algorithm “trainbr” and activation function “logsig” than the others neural network models 

(QSPR-NN5, QSPR-NN7, and QSPR-NN8).  The results prove that the training algorithm “trainbr” 

and activation function “logsig” are more appropriate to describe the rejection of organic 

molecules by forward osmosis for the second database. In Table 6, the result of the higher  
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Table 7. Effect of splitting of database 

Splitting of database Size of the sub division Phase RMSE R 

80% Training 

20% Testing 

38 points Test 8.5517 0.8848 

155 points Train 2.3224 0.9895 

193 points All 4.3683 0.9601 

85% Training 

15% Testing 

29 points Test 8.9808 0.8507 

164 points Train 2.2700 0.9883 

193 points All 4.0617 0.9629 

70% Training 

30% Testing 

58 points Test 9.8077 0.8384 

135 points Train 2.5858 0.9834 

193 points All 5.7952 0.9258 

60% Training 

40% Testing 

77 points Test 9.7319 0.7402 

116 points Train 3.132 0.9803 

193 points All 6.6087 0.9008 

55% Training 

45% Testing 

87 points Test 10.4090 0.7356 

106 points Train 3.9617 0.9640 

193 points All 7.5803 0.8632 

 
Table 8. Structure of the optimized neural network model (QSPR-NNoptimal) 

Database 
Splitting 

of database 

Training 

Algorithm 

Input layer Hidden Layer Output layer 

Neurons 

Number 

Neurons 

Number 

Activation 

Function 

Neurons 

Number 

Activation 

Function 

DB1 

80% training 

phase 

20% testing 

phase 

Bayesian 

Regularization 

(Trainbr) 

11 14 

Tangent 

Sigmoid 

(Tansig) 

1 Purelin 

 

 

correlation coefficients (R = 0.8196 for the testing phase and R = 0.9282 for all phases) and the 

Root Mean Squared Error (RMSE equal to 10.3427% and 5.5847% for the testing and all phases 

respectively) for the twelfth neural network model (QSPR-NN12) with training algorithm “trainlm” 

and activation function “logsig” than the others neural network models (QSPR-NN9, QSPR-NN10, 

and QSPR-NN11). The results show that the training algorithm “trainlm” and activation function 

“logsig” are more appropriate to describe the rejection of organic molecules by forward osmosis 

for the third database. 

According to the previous results, the first database, training algorithm “trainbr”, and activation 

function “tasing” were the optimal structure for the modeling of the rejection of the organic 

molecules by the forward osmosis “FO”. 

This optimal combination (database1, trainbr, and tansig) was used to study the effect of the 

splitting of the database, as illustrated in Table 7. This table shows that the division1 (80% for the 

training phase and 20% for the testing phase) for the neural network model (QSPR-NN1) gives the 

higher correlation coefficients (R = 0.8848 for the testing phase and R = 0.9601 for all phases) and 

the Root Mean Squared Error (RMSE equal to 8.5517% and 4.3683% for the testing and all phase 

respectively) than the other divisions for the same QSPR-NN1. 
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Figure 4. The architecture of the QSPR-NNoptimal   obtained 

 
Table 9. Linear regression vectors 𝑦𝑐𝑎𝑙 = 𝛼 ∗ 𝑦𝑒𝑥𝑝 + 𝛽 with α slope, β intercept, R coefficient correlation, 

and RMSE (Root Means Squared Error) 

QSPR-NNoptimal 

Phase 𝛼 𝛽 R RMSE 

Training 0.9674 2.9117 0.9895 2.3224 

Testing 1.4775 -47.5579 0.8848 8.5517 

Total 0.9945 -0.0995 0.9601 4.3683 

 

 

Following the above results, the parameter of the optimized QSPR-NN model with the database 

and its best division, the training algorithm, the neuron number for all layers (input, hidden, and 

output) of the QSPR-NN model, and finally the activation functions were represented in Table 8. 

The architecture of the QSPR-NNoptimal obtained is illustrated in Fig. 4. The Fig. 5 shows the 

agreement plots for the rejection of organic molecules with agreement vectors of the neural 

network based on quantitative structure proprieties relationships “QSPR-NNoptimal” model for the 

training, testing, and total phase, the values of the parameters of the linear regression vectors for 

all phases with the  QSPR-NNoptimal model obtained [α, β, R] were mentioned in Table 9 with α 

represent the slope of the vector, β is the intercept, and R correlation coefficient gives the 

difference by the contribution of the ideal.  

Fig. 5 and Table 9 show a comparison between experimental and calculated rejections of 

organic molecules by forward osmosis (training, testing, and total phases) for the QSPR-NNoptimal 

model with agreement vectors approaching the ideal in the adjustment of the profiles of the neural 

networks based on quantitative structure proprieties relationships, [α, β, R] = [0.9674, 2.9117, 

0.9895] for training phase; [α, β, R] = [1.4775, -47.5579, 0.8848] for the testing phase, and [α, β,  
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(a) Training phase (b) Testing phase 

 
(c) Total phase 

Figure 5. Comparison of the experimental and calculated values with the QSPR-NNoptimal obtained 
 

 

R] = [0.9945, -0.0995, 0.9601] for total phase. Correlation coefficients are generally considered to 

be excellent (0.90 ≤ R ≤ 1.00) for this QSPR-NNoptimal, which shows good robustness of this model 

and the possibility of predicting the different parameters that characterize the rejection of organic 

molecules during forward osmosis “FO”. 

For the QSPR-NNoptimal obtained, a mathematical formula for predicting the rejection of the 

organic molecules “OM” was developed using the equation of the training algorithm Trainbr and 

the equation of the activation function Tansig for the hidden layer and Purelin as a transfer 

function for the output layer. The instance output ℎ𝑗 (output of the Hidden layer) is presented by: 

ℎ𝑗 = 𝑓ℎ[∑ wji
I Ei + bj

H11
i=1 ] = 

exp(∑ wji
HEi+bj

H11
i=1 )−exp(∑ wji

HEi+bj
H11

i=1 )

exp(∑ wji
HEi+bj

H11
i=1 )+exp(∑ wji

HEi+bj
H11

i=1 )
 (18) 
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Figure. 6 The values of Relative Importance (RI) for each input 

 

 

The output (Rejection) is given by the follow Eqs. (19, 20). 

𝑅𝑒𝑗𝑒𝑐𝑡𝑖𝑜𝑛𝑂𝑀 𝑏𝑦 𝐹𝑂 = 𝑓𝑜 [∑ w1j
o hj + b1

o

14

j=1

] (19) 

𝑅𝑒𝑗𝑒𝑐𝑡𝑖𝑜𝑛𝑂𝑀 𝑏𝑦 𝐹𝑂 = ∑ w1j
H

exp(∑ wji
HEi + bj

H11
i=1 ) − exp(∑ wji

HEi + bj
H11

i=1 )

exp(∑ wji
HEi + bj

H11
i=1 ) + exp(∑ wji

HEi + bj
H11

i=1 )
+ b1

o

14

j=1

 (20) 

Where Ei  represented the input values, wji
H , w1j

o  are the connections weights for the input-

hidden layer and hidden-output layer respectively, bj
H, b1

o are the bias of the hidden and output 

layer respectively. 

 

3.2 Sensitivity analysis 
 

For the QSPR-NNoptimal model obtained, the table of the weight for the connections between 

Input-Hidden Layers and Hidden-output layers was available and can be accessed in the 

Supplementary data (Table 4). Fig. 6 shows the contribution of the input variables to the rejection 

of the organic molecules by the forward osmosis membranes. 

This Fig. 6 proves that log p, dc, dipole moment, length, and Depth are the most influenced on 

the rejection of the organic molecules by FO membranes with values of the relative importance of 

19%, 11%, 11%, 10%; and 10% respectively. The method of the weights demonstrates the right 

choice of the input variables for modeling where all the values of relative importance are more 

than 4%. 

 
3.3 Applicability domain 
 
The results of the outlier analysis are mentioned in Fig. 7 based on the above-mentioned figure, 

the critical lever H* value is 0.1865, and only the data shown by red circles is the valid data and 

for which the model’s accuracy is confirmed. The analysis of the outliers of the QSPR-NNoptimal  
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Figure 7. William’s Diagram for detection of outliers for the QSPR-NNoptimal model for total phase 

 

 

model “trainbr, tansig” revealed the results represented on the William diagram where it is 

observed that 182/193 (94.30%) points belong to the domain of validity and that only 11/193 

(5.70%) points are outside the domain of applicability of the optimized QSPR-NN model.  

 

3.4 Evaluation criteria 
 

To evaluate the quality of the prediction  by  the QSPR-NNoptimal model obtained, twelve (12) 

other than the errors mentioned above “the Correlation Coefficient (R) and the Root Mean Squared 

Error (RMSE)”, these errors are summarized at  the Mean Absolute Error (MAE), the Model 

Predictive Error (MPE), the Standard Error of Prediction (SEP), Range Error Ratio (RER), 

Residual Predictive Deviation (RPD), the Mean Square Error (MSE), the Mean Relative Squared 

Error (MRSE), the Relative Absolute Error (RAE), the Accuracy factor (Af), Bias factor (Bf), 

Relative Absolute Error (RAE), and Nash-Sutcliffe Efficiency (NSE), which are given by the next 

Eqs. (21-33), [48, 51, 52]. 

MAE =
1

N
∑|(yi,exp − yi,cal)|

N

i=1

, (21) 

MPE(%) =
100

N
∑ |

(yi,exp − yi,cal

yi,exp

|

n

i=1

, (22) 

RMSE = √
∑ (Yi,cal − Yi,exp)2N

i=1

N
, (23) 
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SEP(%) =
RMSE

Ye

× 100, (24) 

RER =
Max − Min

RMSE
, (25) 

RPD =
SD

RMSE
, (26) 

MSE =  
1

N
∑(yi,exp − yi,cal)

2
N

i=1

, (27) 

MRSE =
1

N
∑ (

yi,exp − yi,cal

yi,exp

)

2N

i=1

, (28) 

REA = ∑ |
yi,exp − yi,cal

yi,exp

|

N

i=1

, (29) 

Af = 10
(∑ |log

yi,cal
yi,exp

| N⁄N
i=1 )

, 
(30) 

Bf = 10
(∑ log

yi,cal
yi,exp

/NN
i=1 )

, 
(31) 

RAE =
∑ |yi,cal − yi,exp|N

i=1

∑ |yi,exp̅̅ ̅̅ ̅̅ ̅ − yi,exp|N
i=1

, (32) 

NSE = |1 − [
∑ (Yi,exp − Yi,cal)

2N
i=1

∑ (Yi,exp − Yi,exp
̅̅ ̅̅ ̅̅ ̅)2N

i=1

]| , ∞ ≤ NSE ≤ 1. (33) 

𝑌𝑖,𝑒𝑥𝑝, 𝑌𝑖,𝑐𝑎𝑙 represent the experimental and the calculated values respectively, n is the number of 

data,  𝑌𝑒 is the mean value of the experimental data, and STD, Max, and Min are the standard 

deviation, the maximum, and the minimum of the experimental data respectively. 

Viscarra Rossel (2006) provided a five-level of values of  Residual Predictive Deviation (RPD) 

and Range Error Ratio (RER) to interpret the model of the predicting as described below: RER and 

RPD higher than 2.5 means excellent predictions; good predictions for values of RER and RPD 

between 2.0 and 2.5;  RER and RPD less than 2.0 and more than 1.8 signifies approximate 

quantitative predictions; possibility to distinguish high and low values (RER and RPD of 1.4 to 

1.8); and unsuccessful for values less than 1.40. Fig. 8 shows the evaluation Criteria of the QSPR-

NNoptimal model [53].  

The error values confirm that the model QSPR-NNoptimal gives an excellent prediction of the 

rejection of organic molecules with a value of RER equal to 21.4356 and RPD more than 2.5 with 

a value of 3.4290. Nash-Sutcliffe Efficiency (NSE) is used also by D. N. Moriasi [54], Melis 

Zeybek [55], and Dileep Kumar Gupta [56] to evaluate the performance of the model of 

predicting, the NSE obtained in this study is more than 0.9 which convince again the excellent  
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Figure 8. Evaluation Criteria of QSPR-NNoptimal model 

 

 

performance of the QSPR-NNoptimal model of the rejection of the organic molecules by the forward 

osmosis membranes obtained as agreeing with the previous discussion about the levels of 

interpreting the model of the predicting, the MAE, MPE, SEP, and RMSE have values less than 

4%, which mean the good precision of the model obtained, the other errors MRSE, REA, and RAE 

give poor values of error (close to zero (0)) which explain the accuracy of this model obtained. 

According to the previous discussion, the highest performance and precision of our QSPR-

NNoptimal obtained of the rejection of organic molecules by the forward osmosis membranes have 

demonstrated with the previous values of errors. 
 
3.5 The rejection as a function of log p 
 

The sensitivity analysis cited above showed that Log p is the property most affecting the 

rejection of organic molecules by forward osmosis membranes, in this part, a study of the rejection 

as a function of log p is performed. Fig. 9 demonstrates the relation between the rejection of 

organic molecules and log p. The trajectories of the experimental (with blue color) and calculated 

(with red color) rejection are superimposed one on the other which shows the performance of the 

model obtained, even though the linear of these values are identical, this figure also shows that the 

evolution of the rejection is proportional with the log p-value [57-59]. 

The logarithm of repartition (log p) represents the ratio between the solubility of organic 

molecules in an organic solution and water; it characterizes the hydrophilic and hydrophobic 

functions of organic molecules. A large value of log p means that this molecule is hydrophobic 

and insoluble in water and aqueous solutions, and a small value of log p means that the molecule is 

hydrophilic and soluble in water and aqueous solutions. This characteristic is well demonstrated in 

this study, and with the increase of the values of log p, the rejection of the organic molecules by 

the forward osmosis membranes is stable and increases which signifies a poor solubility in water 

and consequently their rejection by the membranes which means also that the hydrophobicity force 

is dominant and gives the stability of the rejection of the organic molecules, in the other face, and  
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Figure 9. The rejection as a function of log p 

 
Table 10. Overview of various works on model’s neural networks for modeling the performance of forward 

osmosis 

Name of 

model 

Target of neural 

networks 

Database 

size 

Number and 

nature of 

compounds 

Performance of ANN 

R RMSE 

(%) Training Test Val all 

Jasir Jawad 

In 2020 [19] 
Permeate flux 709 

Salt 

compounds 
0.97358 0.82097 0.85357 0.93097 - 

Our work 

in 2022 

Rejection of 

organic molecules 
193 

53 Organic 

molecules 
0.9895 0.8848 - 0.9601 4.3683 

 

 

for small values of log p the rejection is lower than them of the first case and the steric effect of the 

organic molecules gives the values of the rejection by the membranes. In the range between these 

two values (small and large) the instability of the rejection is observed and can be interpreted by 

the range of the existence of other forces as the steric effect [57-60]. 

 
3.6 Comparison and analysis 
 
The modeling of the performance of the forward osmosis using the Artificial Neural Networks 

is reflected in a minimum number of studies (one study in 2020), as cited in the previous 
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introduction. To the best of our knowledge, this work will be the first attempt to model the organic 

molecules’ rejection mechanisms by forward osmosis membranes using the quantitative structure-

property relationships based on neural networks (QSPR-NN).   

The comparison between the two studies (as mentioned in Table 10) shows lower values of 

errors in our study compared to the study of Jasir (2020) [19], which demonstrates the excellence 

of our QSPR-NN model.   

 
 
4. Conclusions 
 

This work examines the application of the artificial neurons network in forward osmosis 

membranes process separation with the ambition of predicting the rejection of organic molecules, 

however, ANN models can be improved through the practice of QSPR that may summarize the 

interactions between properties of organic molecules, membranes characteristics, and operations 

conditions.  

• The effect of the database, training algorithms, transfer functions, hidden neurons, and 

subdivisions of the database is found by the trial and error method in the way to discover the 

QSPR-ANNoptimal model, which is obtained with the eleventh input including the properties of 

organic molecules (effective diameter of an organic molecule in water “ dc”, molecular length 

“Length”, molecular width “Width”, molecular depth “Depth”, Dipole moment, the logarithm of 

the octanol-water partition coefficient “Log P”), membrane characteristics (Surface membrane 

charge as” Zeta potential”, and the Hydrophobicity “as Contact angle”), and operating conditions 

(pH, Crossflow Velocity (CFV), and the water flux). The QSPR-ANNoptimal generated can be 

present with equations using the ideal transfer functions. The logarithm of the octanol-water 

partition coefficient “Log P” was confirmed as the input the most affecting the target (Rejection of 

the organic molecules by the forward osmosis membranes), in addition to the effective diameter of 

an organic molecule in water “ dc”, molecular length “Length”, molecular depth “Depth”, and 

“Dipole moment” but with less influence than “Log p”.  

• The QSPR-ANNoptimal model was compared with a literature model that applied the 

forward osmosis which shows satisfactory results with the correlation coefficient close to the ideal 

value (R = 0.9895) and low value of root mean squared error (RMSE = 4.3683%).  

• The performance of the QSPR-ANNoptimal is based on error values, this performance is 

demonstrated by the higher values of RER and RPD more than 2.5 and equal to 21.4356   and 

3.4290 respectively, the Nash-Sutcliffe Efficiency (NSE) more than 0.9, and the other errors have 

fewer values which improved the excellent performance of the QSPR-ANNoptimal obtained.  

• This study demonstrates once again the success of the application of artificial neural 

networks in the modeling of the rejection of organic molecules, especially with membrane 

separation processes such as ultrafiltration, nanofiltration, reverse osmosis, and actually the 

forward osmosis process. 
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