


Predictive modeling of anionic surfactant content in industrial liquid discharges from soap and cosmetics factories

Abstract
The soap and cosmetics industries generate liquid waste laden with anionic surfactants, which pose a significant risk to the environment and aquatic biodiversity if their concentration is not controlled. Analyzing these harmful organic pollutants requires sophisticated equipment and enormous financial resources, making it difficult to determine their levels. The objective of this work is to develop a predictive model to estimate the anionic surfactant content in industrial waste from soap and cosmetics industries based on readily available physicochemical parameters. This study was conducted using thirty-five (35) samples of influents from the soap industries of Abidjan. The samples were divided into two groups, twenty-five (25) were used for the training set and ten (10) for the validation set. The analysis of standard physicochemical parameters such as COD, BOD₅, anionic and physical surfactants (T, pH, EC, EH), is carried out according to AFNOR and Rodier standards. RQSA/RQSP and Multiple Linear Regression (MLR) methods are used for model determination. A predictive model is obtained with R2=0.9346 and pH and redox potential (EH) as predominant descriptors. Analysis of the contribution of the descriptors indicates that pH is the parameter that best explains the change in surfactant concentration. Furthermore, external validation based on Trospha criteria shows that the model has good predictive power. The results will contribute to better regulation of industrial effluents and protection of aquatic resources in the District of Abidjan. It would be relevant to extend this approach to other types of industries for more comprehensive environmental management.
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1. Introduction
Anionic surfactants, widely used for their detergent and emulsifying properties in several industrial activities, pose a definite environmental challenge [1]. These organic pollutants have harmful effects on aquatic biodiversity when present in high concentrations in effluents [2]. Several studies have demonstrated their toxicity to aquatic organisms [3,4]. These organic micropollutants are harmful to fish, invertebrates, and algae, causing physiological and behavioral disturbances. They accumulate in food chains with adverse consequences for food safety [5]. Moreover, these pollutants are partly responsible for ecosystem disruption because they alter the physicochemical properties of the aquatic environment, disrupting natural habitats and affecting algae photosynthesis [6]. The effects on biodiversity reproduction are linked to the occurrence of these pollutants in the natural environment [7]. “These pollutants act as endocrine disruptors, harming the reproduction and development of aquatic species” [7]. “It is therefore crucial to take appropriate measures to minimize the harmful effects of anionic surfactants on aquatic ecosystems by assessing their levels in soap and cosmetic effluents. Studies conducted for this purpose on these effluents in the Abidjan district have shown high levels of these pollutants in untreated effluents discharged into the Ebrié lagoon through a comprehensive analysis by MBAS” [8,9]. Although comprehensive, this method has resulted in high costs due to the various reagents used. Specific analysis of these micropollutants, a method of excellence and precision, is more expensive and less accessible in developing countries such as ours. The development of a predictive model to estimate the content of these anionic surfactants in industrial discharges based on easily accessible physicochemical parameters remains a definite palliative. Predictive modeling of the anionic surfactant content in industrial liquid discharges is a crucial issue for the soap and cosmetics industry. The implementation of predictive models not only makes it possible to accurately estimate the concentration of these substances in waste at a lower cost, but also to anticipate the management of these micropollutants and their impact on aquatic biodiversity. This approach could then contribute to better control of effluent quality and more sustainable management of natural resources. This study therefore aims to explore predictive modeling techniques adapted to this context, while emphasizing the importance of a proactive approach to current environmental challenges. The overall objective of this work is to develop a predictive model to estimate the content of anionic surfactants in industrial discharges based on easily accessible physicochemical parameters. Specifically, the aim is to assess the physicochemical quality of several soap and cosmetic effluents in the District of Abidjan, to establish a model for predicting anionic surfactant loads using the RQSA/RQSP method based on Multiple Linear Regression (MLR), and to estimate the performance of this model based on its applicability domain. Predictive modeling is not limited to a simple technical analysis tool, but represents a step towards a more responsible industry, capable of reconciling economic performance and environmental protection. It is a testament to the contribution of chemistry to innovation in the field of ecological transition in Africa, particularly in Côte d'Ivoire. 
2. Study methodologies
The units selected were those using anionic surfactants, based on our previous studies evaluating the physicochemical quality of industrial liquid waste from soap and cosmetics factories [8]. Twenty-five composite samples from eleven soap and cosmetics factories were selected for this study. These samples were analyzed according to AFNOR and Rodier standards [9]. The global analysis method for anionic surfactants using methylene blue (Methylene Blue Active Substances-MBAS) (NF T 90-039: 1994) was used [10]. Parameters such as COD (Chemical Oxygen Demand), anionic surfactants, and sulfate ions were analyzed using a HACH/DR 6000 UV-visible molecular absorption spectrometer. BOD5 (Biological Oxygen Demand) was analyzed using Oxitop® WTW. Physical parameters such as temperature (T), hydrogen potential (pH), redox potential (EH), and electrical conductivity (EC) were measured in situ using a HACH HQ 40 d multiparameter probe. All of this technical equipment and reagents inevitably incur significant costs and require a very long analysis time. Hence the need to design a model for analyzing this pollutant based on a Quantitative Structure-Activity Relationship (QSAR) study. For this RQSA study, the Multiple Linear Regression (MLR) method was used. Multiple linear regression (MLR) is one of the modeling methods widely used in studies because of its simplicity in use and interpretation [11]. Its principle is based on the assumption that property Y depends linearly on the different variables (descriptors) x1, x2, ..., xn, according to the relationship:
𝑌 = 𝑎0 + 𝑎1x1+𝑎2x2 +⋯+𝑎𝑛x𝑛 
With: Y is the dependent variable to be predicted; x𝒏 are the independent (explanatory) variables; n is the number of explanatory variables; 𝒂𝟎 is the constant in the model equation; 𝒂𝒏 are the descriptor coefficients in the model equation.
In this study, the anionic surfactant content is the variable to be predicted, and the explanatory variables are the values of temperature T, hydrogen potential pH, redox potential EH, electrical conductivity EC, COD, BOD5, and sulfate ions. The aim is therefore to establish a mathematical relationship between the anionic surfactant load pSA, which is difficult to predict, and the contents of other easily accessible physicochemical parameters analyzed in the various effluents according to the following formal equation: 

With 
Validating an RQSA model is essential. To do so, internal validation and external validation are used to estimate the reliability of the model and determine its relevance in a given application. These different validations rely on standard statistical indicators to gauge the quality of the RQSA model. The quality of the established model will therefore be assessed using indicators such as the R² correlation coefficient, the standard deviation S, and the Fischer F index [12]. These criteria quantify the fit between calculated and experimental values. They therefore reflect the predictive capacity within the limits of the model and enable the accuracy of the values calculated on the training set to be estimated. In particular, the correlation coefficient R² assesses the dispersion of theoretical values around experimental values [13]. As for the cross-validation correlation coefficient  , it provides information on the predictive power of the model. These indicators make it possible to gauge the internal validation of the established model. To refine the predictive power of this established model, the “Trophsa criteria” are used to satisfy its external validation. These criteria are set out in Table 1 below.
Table 1: Tropsha's five criteria for external validation of an RQSA model [14-16]
	Statistical indicators
	Tropsha criteria

	
	

	
	

	
	

	
	

	
	

	
	

	
	


The applicability domain of an RQSA model is very useful for effectively evaluating the model. It constitutes the physicochemical space in which the model equation is applicable for predicting other anionic surfactant concentrations in other effluents [17]. The leverage method is used for this purpose. It is based on the variation in the standardized residuals of the dependent variable, the anionic surfactant concentration, with the distance between the values of the descriptors (physicochemical parameters with lower analysis costs) and their means, called levers (h [17] Williams' diagram representing the standardized prediction residuals as a function of the values of the levers hi will serve as a framework for discussing the domain of applicability. Thus, if hi < h*, the probability of agreement between the measured and predicted values of effluent “i” is as high as that of the effluents in the database [17]. On the other hand, if hi > h*, effluent “i” is outside this developed domain. However, effluent “i” reinforces the reliability of the model [17]. All of the above indicators will be used to assess the robustness of the model developed through the analysis and discussion of the results obtained in this study. 
3. Results and Discussion  
3.1. Development of a model for predicting the charges of anionic surfactants  
This study was conducted using thirty-five (35) samples from influential figures in the soap industry in Abidjan. The samples were divided into two groups, with twenty-five (25) used for the training set and ten (10) for the validation set (Tables 2 and 3).
Table 2: Predictions and residuals for observations belonging to the training set
	Observation
	T (°C)
	pH
	EC (µS/cm)
	EH (mV)
	BOD5 (mg O2 /L)
	pSA (mg/l eqASL)

	Eap1
	28.90
	6.67
	410.00
	-3.70
	1200.00
	1.3279

	Eap2
	26.50
	7.27
	370.00
	-58.80
	600.00
	1.6623

	Eap3
	28.400
	7.10
	407.00
	-26.40
	900.00
	1.6229

	Eap4
	26.70
	5.74
	2070.00
	32.50
	1550.00
	1.1238

	Eap5
	25.500
	6.53
	2070.00
	-16.00
	800.00
	1.2746

	Eap6
	27.30
	6.50
	1627.00
	3.20
	1050.00
	1.3279

	Eap7
	30.40
	12.37
	17270.00
	-319.40
	1000.00
	1.6486

	Eap8
	26.40
	5.94
	2960.00
	96.50
	500.00
	1.6544

	Eap9
	28.600
	9.60
	8080.00
	-145.20
	1000.00
	1.4998

	Eap10
	30.500
	6.62
	495.00
	24.50
	750.00
	1.7501

	Eap11
	30.10
	7.17
	350.00
	-53.20
	600.00
	1.6743

	Eap12
	29.60
	6.90
	378.30
	-5.37
	1116.70
	1.8225

	Eap13
	39.00
	7.75
	682.00
	-43.60
	8000.00
	1.0858

	Eap14
	28.70
	12.07
	9660.00
	-318.00
	150.00
	2.1549

	Eap15
	27.70
	8.84
	4110.70
	-112.90
	117.50
	2.0830

	Eap16
	30.10
	9.74
	955.00
	-162.60
	850.00
	2.3233

	Eap17
	40.90
	7.71
	180.80
	17.00
	900.00
	2.8239

	Eap18
	48.50
	7.65
	144.30
	-96.40
	400.00
	2.4776

	Eap19
	30.00
	5.27
	645.00
	106.00
	1000.00
	1.8002

	Eap20
	28.90
	5.75
	675.00
	117.00
	2600.00
	1.6021

	Eap21
	32.10
	13.47
	138.40
	-387.60
	1500.00
	2.7447

	Eap22
	30.10
	6.61
	599.00
	26.30
	700.00
	1.5226

	Eap23
	25.40
	8.10
	63.00
	82.00
	42.00
	3.1871

	Eap24
	27.90
	8.59
	1305.00
	-61.80
	30.00
	2.5229

	Eap25
	27.27
	8.26
	796.33
	-10.30
	31.50
	2.8962



[bookmark: _Hlk204955249]Table 3: Predictions and residuals for observations belonging to the validation set 
	Observation
	T(°C)
	pH
	EC (µS/cm)
	EH (mV)
	BOD5 (mg O2 /L)
	pSA (mg/l eqASL)

	Eva1
	31.10
	5.13
	40.00
	115.10
	1700.00
	1.1092

	Eva2
	28.10
	5.45
	60.00
	122.00
	12000.00
	0.8894

	Eva3
	42.40
	5.59
	8640.00
	42.90
	1000.00
	1.1023

	Eva4
	28.40
	3.55
	595.00
	153.70
	20000.00
	-0.1310

	Eva5
	29.70
	7.16
	741.00
	-6.90
	800.00
	1.9097

	Eva6
	28.30
	7.42
	1992.00
	23.70
	180.00
	1.7535

	Eva7
	43.60
	6.71
	225.00
	52.10
	300.00
	2.2076

	Eva8
	40.90
	7.71
	180.80
	17.00
	900.00
	2.8239

	Eva9
	40.30
	8.37
	427.37
	-80.67
	716.67
	2.4962

	Eva10
	27.23
	8.26
	796.33
	-10.30
	31.500
	2.8962




The multiple linear regression used to develop the model provided the following equation, with a coefficient of determination R² = 0.93.
pSA = -3.31469+0.03903*T+0.60453*pH-0.00007*EC +0.00752*EH -0.00019*BOD5  
This predicted model is based on physical parameters that are easily measurable in situ, such as pH, temperature T, electrical conductivity EC, redox potential EH, and the overall parameter BOD5. This model takes into account parameters that are easily accessible and inexpensive to measure. Figure 1 shows the contributions of the various descriptors taken into account by this model.
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Figure 1: Contributions of descriptors in the model

This figure shows that pH is the descriptor with the greatest contribution (42%) compared to the other descriptors. Thus, pH is the priority descriptor in predicting the anionic surfactant load.

3.2. Estimating model robustness
The statistical analysis report on the charge potential of anionic surfactants is illustrated in Table 4 below.

Table 4: Statistical analysis report on the loading potential of anionic surfactants.

	Statistical Indicators
	Values

	Number of observations N
	25

	Coefficient of determination R2
	0.93

	Standard deviation S
	0.17

	Fischer test F
	54.32

	Cross-validation correlation coefficient 
	0.93

	R2-
	0<0.3

	Confidence level α
	>95%



[bookmark: _GoBack]The value of the coefficient of determination R2, which is 0.93, shows that the estimated pSA values contain 93% of the experimental values. The value of Fisher's test (F = 54.32) is relatively high compared to the critical value in Fisher's table, Fcr = 2.60. This value (54.32) of the Fisher test indicates that the error made is less than what the model explains. The standard deviation (S = 0.17) expresses the low variation in the predicted values compared to the experimental mean. For this model, the cross-validation correlation coefficient  is equal to =0.93. This value, greater than 0.9, reflects a model that is considered excellent according to Erikson et al. [18]. This model is satisfactory as it fulfills these authors' acceptance standard of R2-< 0.3. All these statistical metrics clearly indicate that the developed model accounts for the anionic surfactant load in a statistically meaningful and satisfactory way. To enhance the reliability of this model, Tropsha's standards for the external validation set were confirmed. Table 5 displays the values for the different criteria

Table 5: Verification of Tropsha criteria for external model validation set

	Statistical Indicators
	Tropsha Parameters
	Tropsha criteria 

	
	0.83
	

	
	0.73
	

	
	0.14
	

	
	0.17
	

	
	1.06
	

	
	0.02
	

	
	0.93
	



The analysis of the values of the criteria in this table shows that all values meet the Tropsha criteria except for criterion 4 in red, so the model is acceptable for the prediction of anionic surfactant load.
3.2 Model performance based on its area of applicability
The applicability domain of a RQSA model is a performance indicator to assess the effectiveness of the predicted model. In this work, Figure 2 presents the standardized residues of the anionic surfactant load as a function of the model leverage. Thus, for the 25 observations in the training set and the 5 descriptors of the model, the threshold value of the lever h* is 0.72. The extreme values of the standardized residues are ±3 according to 'the three-sigma rule.' It is noted in Figure 2 that all molecules have levers below the threshold lever (h*=0.72) except for observation Eap13, and the values of the standardized residues are between +3 and -3. 
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Figure 2: Graph of standardized residuals of the anionic surfactant load as a function of the model leverages

4 Conclusion 
This study has allowed for the development of an effective predictive model to estimate the content of anionic surfactants in industrial discharges from soap and cosmetics factories, using easily accessible physicochemical parameters. The resulting model, with a determination coefficient R² of 0.93, demonstrates a good predictive capacity, thus contributing to better management of effluents and the protection of aquatic resources in the Abidjan District. The results highlight the importance of integrating modeling tools into industrial practices in order to minimize the environmental impact of surfactant-related activities. The application of this model could be extended to other industrial sectors, thus facilitating a comprehensive approach to environmental management.
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