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Abstract
This study focuses on the optimization of biogrease through the chemical synthesis of cottonseed oil glycerin, using lye sourced from empty palm fruit bunches as an alkali and Moringa oleifera as a natural antioxidant. Moringa oleifera leaf extract was used as a corrosion-inhibiting agent. The glycerin was obtained through a transesterification process. Response Surface Methodology was used to predict the glycerin yield, biogrease’s dropping point, and biochemical oxygen demand (BOD). The optimum glycerin yield of 48.51% was attained under the following parameters: a 3:1 methanol-to-oil ratio, a catalyst concentration of 1.5 wt.%, a reaction temperature of 55°C, and a duration of 60 minutes. The optimum dropping point for the grease samples from palm bunch lye and sodium hydroxide was achieved at 167.77°C and 166.32°C, with corresponding BOD values of 14.94 and 17.67 ppm at lye dosages of 7.71 and 9 wt.%, temperatures of 152.87°C and 160°C, and durations of 4.35 and 3 hours. The model-predicted values revealed an error margin of 1.48% and 2.98%, which is less than the 5% acceptable margin, showing that the developed quadratic models accurately captured the relationships between the dropping point, BOD, and considered parameters, including lye concentration, temperature, and reaction time. The grease produced using palm bunch lye performed better than grease from sodium hydroxide, showing superior biodegradability and model consistency.	Comment by WIN 10 OS: In the case of this article, it is more appropriate to use the term glycerin extraction or separation rather than synthesis.	Comment by WIN 10 OS: The scientific name of the plant species must always be written in italics.	Comment by WIN 10 OS: The decimal point should be used the same for all parts.	Comment by WIN 10 OS: The decimal point should be used the same for all parts.
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1 INTRODUCTION
The world’s most popular feedstocks for lubricant production are petroleum, coal, or natural gas (Abdullah et al., 201; Ozioko et al., 2012). These synthetic lubricants continue to pose major health risks and environmental degradation problems for humans, as they release harmful pollutants into the environment and are not biodegradable. In recent years, lubricants made from vegetable oils have received substantial interest due to their excellent and widely acknowledged physicochemical qualities. Bio-based lubricants provide various benefits, including high viscosity indices that permit operation across a wide temperature range, superior lubricity, enhanced flash points, biodegradability, and environmental friendliness, among other desired properties. Typically, bio-lubricants are created by transesterification, a process that may be catalyzed using acid, base, or enzymatic catalysts. Optimization is the process of improving something, such as a design, method, or decision, to make it work as efficiently and effectively as possible, according to Merriam-Webster’s definition. This method sometimes incorporates mathematical approaches, such as calculating the maximum or minimum of a function. Optimization plays a critical role in discovering practical solutions to real-world situations. The development of optimization techniques is closely linked to significant progress across multiple fields, including computer science, operations research, numerical analysis, game theory, mathematical economics, control theory, management science, business, medicine, life sciences, and artificial intelligence (Jonah, et al., 2021). The area has emerged from the discovery that many quantitative issues across fields have basic mathematical foundations, offering a unified approach to articulating and solving them using existing optimization techniques.	Comment by WIN 10 OS: Check ref.
Stat-Ease Inc. developed Design-Expert, which serves as statistical software for Design of Experiments (DOE). The software enables researchers to conduct various studies, such as comparative testing, screening, characterization, optimization, robust parameter design, mixture designs, and combined designs. The software has the capability to screen for up to 50 different factors through the use of test matrices. Response Surface Methodology (RSM) integrates statistical and mathematical methods to examine and model situations where multiple variables affect a response outcome. The primary purpose of RSM is to maximize the output variable by adjusting independent variables (input factors) (Montgomery, 2001). Each experiment in RSM comprises several levels or values assigned to operational conditions (Jurado-Alameda et al., 2003). This concept is commonly employed in experimental design to maximize efficiency and discover optimal conditions with the fewest trials.	Comment by WIN 10 OS: You should look for reference documents related to DOE matters from newer years.
This research studied the evaluation and synthesis of glycerin from cottonseed oil and the production of bio-grease using palm bunch lye and sodium hydroxide. Optimization approaches were employed to find the most efficient way to improve glycerin output, dropping point, and biochemical oxygen demand (BOD) while reducing resource usage. This method targeted the optimization of essential reaction parameters, such as mole ratio, catalyst concentration, reaction time, temperature, and lye dosage. Response Surface Methodology was employed to examine the individual effects of various factors as well as their interactions. Through analysis, we determined the ideal conditions needed to produce both glycerin and bio-grease.
2 MATERIALS AND METHOD
The production of glycerin was carried out by the transesterification method. Initially, 100 g of cottonseed oil was measured into a beaker, warmed to about 55°C using an electric heater, and then transferred into a conical flask. A catalyst solution was made by weighing 1.5 g of sodium hydroxide and dissolving it in the necessary amount of methanol. This was performed using a heated plate and a magnetic stirrer to generate a sodium methoxide solution. The resulting sodium hydroxide-methanol combination was then carefully poured into the hot oil, after which the conical flask was securely capped and placed on a magnetic stirrer. The reaction proceeded at a stirring speed of 250 rpm for 55 minutes. After completion, the mixture was transferred into a separating funnel and left undisturbed for 12 hours, allowing the phases to separate naturally through gravity. This process facilitated the separation of biodiesel from glycerin. Glycerin yield was determined as the ratio of glycerin produced to the initial volume of oil used. The study closely evaluated the interaction effects of key reaction parameters, including the methanol-to-oil molar ratio, catalyst concentration (expressed as a percentage of catalyst-to-oil weight), reaction temperature (°C), and reaction time (minutes) using RSM. The experimental design matrix is presented in Table 1. The glycerin obtained from this process was subsequently used in the production of bio-grease.	Comment by WIN 10 OS: The decimal point should be used the same for all parts.	Comment by WIN 10 OS: Specify the model name, brand and country of manufacture of the tool.	Comment by WIN 10 OS: Specify the grade, brand and country of manufacture of the chemical.	Comment by WIN 10 OS: Specify the grade, brand and country of manufacture of the chemical.	Comment by WIN 10 OS: Specify the model name, brand and country of manufacture of the tool.
For the formulation of biogrease using palm bunch lye and sodium hydroxide, the standard synthesis technique reported by (Huei et al., 2020) was utilized. The grease formulation involved using a thickener palm bunch lye solution at a concentration of 12% (w/v) relative to the total volume of glycerin. The synthesis procedure started by placing 50% of the total glycerin volume into a reaction vessel and heating it to 90°C. Once this temperature was attained, 50% of the palm bunch lye solution was added, followed by vigorous stirring to ensure complete mixing. The temperature was then progressively raised to 160°C to enable full integration of the palm bunch lye solution into the cottonseed oil. At this step, the remaining 50% of glycerin and the remaining thickener were added to the mixture, with continuous stirring. The reaction mixture was agitated vigorously for three hours at 160°C to promote grease production. Subsequently, the temperature was progressively lowered to room temperature, resulting in the transformation of the fluid glycerin into a semi-solid grease (Awoyale, et al., 2011; Jiabao, 2015). During the grease formulation, 1 g of Moringa oleifera extract was added as an ingredient. The effects of key process variables, including palm bunch lye dosage (4 wt%, 8 wt%, 12 wt%, 16 wt%, and 20 wt%), reaction temperature (140°C, 150°C, 160°C, 170°C, and 180°C), and mixing time (1 hour, 2 hours, 3 hours, 4 hours, and 5 hours), on the dropping point of the resulting grease were systematically investigated. The experimental design matrices are shown in Table 2 and 3.	Comment by WIN 10 OS: What machine is used? Please specify the model name, brand and manufacturing company as well	Comment by WIN 10 OS: What machine is used? Please specify the model name, brand and manufacturing company as well	Comment by WIN 10 OS: Italic style
Response Surface Methodology (RSM) served as the statistical tool for analyzing data from glycerol extraction and grease production processes. Design-Expert software (version 11 from Stat-Ease Inc., Minneapolis, MN, USA) was used to generate the quadratic polynomial model. The study utilized multiple regression analysis to determine how the response variable related to independent variables while computing the polynomial equation coefficients. Statistical significance testing, along with Analysis of Variance (ANOVA), was used to evaluate the model’s accuracy and reliability. Below, we present the developed quadratic response model, which has been fitted through analysis.
   	      Equation (1)
Where:
· YY represents the response variable (sesame biodiesel yield),
· b0b_0 is the intercept value,
· bib_i (i=1,2,…,ki = 1, 2, \dots, k) denotes the first-order model coefficients,
· bijb_{ij} represents the interaction effects between the independent variables,
· biib_{ii} corresponds to the quadratic coefficients of XiX_i, and
· ee is the random error term.
 					 	     Equation (2)
where ỷi y ^ i and ỷi(i)  y ^ i ( i ) are the regression's forecast for point I both with and without point I. 
The difference in fits (DFFITS) was determined to ascertain how influential a point is in a linear regression. Statistically, DFFITS is the studentized form of DFFIT. It is calculated by dividing the DFFIT value by the estimated standard deviation of the fitted value at that specific data point, as shown in Equation 2.2:
						   Equation (3)
where s ( i ) Si is the standard error estimated without the point in question, and h i i hii is the leverage for the point.
Also, DFFITS is equal to the products of the externally studentized residual (ti(i)) and the leverage factor ( h i i / ( 1 − h i i ) 
						    Equation (4)
The RSM optimization process for the grease involved the following: design of experiment, performing the laboratory experiment in accordance with the design matrix, analyses of the results (ANOVA, modelling, graphical analysis (diagnostic analysis and 3-D plots), optimization and validation of results). On the diagnostic analysis, difference in fit (DFFIT) was determined. It is the variation in a point's expected value that results from excluding that point from the regression Table 2 and 3 shows the experimental design matrices for grease produced using palm bunch lye and Sodium hydroxide as thickeners. 
Table 1. Experimental design matrix for obtaining glycerin from transesterification process (Akinpelu, et al., 2021).	Comment by WIN 10 OS: To save journal space, Tables 1 and 4 can be used together.
	Std
	Run
	A: Methanol 
/oil ratio
	B: Catalyst dosage
(wt%)
	C: Temperature
(0C) 
	D: Time
(minutes)
	Glycerin yield
%

	24
	1
	3
	1.5
	55
	80
	

	11
	2
	1
	2.5
	45
	80
	

	7
	3
	1
	2.5
	65
	40
	

	6
	4
	5
	0.5
	65
	40
	

	29
	5
	3
	1.5
	55
	60
	

	21
	6
	3
	1.5
	45
	60
	

	22
	7
	3
	1.5
	65
	60
	

	8
	8
	5
	2.5
	65
	40
	

	28
	9
	3
	1.5
	55
	60
	

	12
	10
	5
	2.5
	45
	80
	

	18
	11
	5
	1.5
	55
	60
	

	17
	12
	1
	1.5
	55
	60
	

	14
	13
	5
	0.5
	65
	80
	

	15
	14
	1
	2.5
	65
	80
	

	4
	15
	5
	2.5
	45
	40
	

	3
	16
	1
	2.5
	45
	40
	

	26
	17
	3
	1.5
	55
	60
	

	16
	18
	5
	2.5
	65
	80
	

	20
	19
	3
	2.5
	55
	60
	

	23
	20
	3
	1.5
	55
	40
	

	9
	21
	1
	0.5
	45
	80
	

	25
	22
	3
	1.5
	55
	60
	

	1
	23
	1
	0.5
	45
	40
	

	27
	24
	3
	1.5
	55
	60
	

	13
	25
	1
	0.5
	65
	80
	

	30
	26
	3
	1.5
	55
	60
	

	19
	27
	3
	0.5
	55
	60
	

	2
	28
	5
	0.5
	45
	40
	

	10
	29
	5
	0.5
	45
	80
	

	5
	30
	1
	0.5
	65
	40
	


Table 2. Experimental design matrix for grease production using palm bunch lye.	Comment by WIN 10 OS: To save journal space, Tables 2 and 7 can be used together.
	Std
	Run
	A: Lye dosage
wt%
	B: Temperature
(0C)
	C: Time
(hr)
	Dropping point
(0C)
	BOD
ppm

	4
	1
	15
	180
	1
	
	

	6
	2
	15
	140
	5
	
	

	8
	3
	15
	180
	5
	
	

	17
	4
	9
	160
	3
	
	

	2
	5
	15
	140
	1
	
	

	14
	6
	9
	160
	5
	
	

	5
	7
	3
	140
	5
	
	

	13
	8
	9
	160
	1
	
	

	7
	9
	3
	180
	5
	
	

	18
	10
	9
	160
	3
	
	

	11
	11
	9
	140
	3
	
	

	20
	12
	9
	160
	3
	
	

	9
	13
	3
	160
	3
	
	

	10
	14
	15
	160
	3
	
	

	12
	15
	9
	180
	3
	
	

	19
	16
	9
	160
	3
	
	

	3
	17
	3
	180
	1
	
	

	16
	18
	9
	160
	3
	
	

	15
	19
	9
	160
	3
	
	

	1
	20
	3
	140
	1
	
	


Table 3. Experimental design matrix for grease production using NaOH as Thickener	Comment by WIN 10 OS: To save journal space, Tables 3 and 8 can be used together.
	Std
	Run
	A: NaOH dosage
wt%
	B: Temperature
(0C)
	C: Time
(hr)
	Dropping point
(0C)
	BOD
Ppm

	4
	1
	15
	180
	1
	
	

	6
	2
	15
	140
	5
	
	

	8
	3
	15
	180
	5
	
	

	17
	4
	9
	160
	3
	
	

	2
	5
	15
	140
	1
	
	

	14
	6
	9
	160
	5
	
	

	5
	7
	3
	140
	5
	
	

	13
	8
	9
	160
	1
	
	

	7
	9
	3
	180
	5
	
	

	18
	10
	9
	160
	3
	
	

	11
	11
	9
	140
	3
	
	

	20
	12
	9
	160
	3
	
	

	9
	13
	3
	160
	3
	
	

	10
	14
	15
	160
	3
	
	

	12
	15
	9
	180
	3
	
	

	19
	16
	9
	160
	3
	
	

	3
	17
	3
	180
	1
	
	

	16
	18
	9
	160
	3
	
	

	15
	19
	9
	160
	3
	
	

	1
	20
	3
	140
	1
	
	


3 RESULTS AND DISCUSSIONS
3.1 Model fit summary and ANOVA of glycerin yield
Improving the process impacts of the factors on glycerin yield, four alternative models were examined. Among all, the quadratic model was found as the best match. ANOVA findings were examined to create the quadratic model for glycerin production and estimate the ideal reaction conditions. The quadratic equation indicating glycerin production from the transesterification of cottonseed oil, is presented in Equation 5. 
Glycerol yield= +48.51 + 2.95A+ 2.25B + 0.8367C + 1.53D + 0.9394AB + 0.7656AD + 0.4119BD -3.07A2- 3.88B2-1.28C2-1.79D2			Equation (5)	Comment by WIN 10 OS: The terms of the equation are incomplete, missing AC, BC and CD.
Table 4 shows the experimental result for glycerin yield from transesterification of cotton seed oil.  The table revealed how the process factors interacted to affect the glycerin yield. It forms the basis for the optimization process (Alamu, et al., 2007; Onukwuli, et al., 2016; Omotioma, 2021). The results were analysed in Table 5.	Comment by WIN 10 OS: It should also show results in which conditions in the run give the highest and lowest %yield. Compare with other published works to see what are the different strengths and weaknesses?
Table 4.  Experimental results for glycerin yield from transesterification of cotton seed oil.
	Std
	Run
	A: Methanol 
/oil ratio
	B:Catalyst dosage
(wt%)
	C: Temperature
(0C)
	D: Time
(minutes)
	Glycerin yield
%

	24
	1
	3
	1.5
	55
	80
	49.01

	11
	2
	1
	2.5
	45
	80
	36.72

	7
	3
	1
	2.5
	65
	40
	35.94

	6
	4
	5
	0.5
	65
	40
	38.58

	29
	5
	3
	1.5
	55
	60
	48.75

	21
	6
	3
	1.5
	45
	60
	45.98

	22
	7
	3
	1.5
	65
	60
	47.99

	8
	8
	5
	2.5
	65
	40
	42.64

	28
	9
	3
	1.5
	55
	60
	48.75

	12
	10
	5
	2.5
	45
	80
	46.53

	18
	11
	5
	1.5
	55
	60
	47.51

	17
	12
	1
	1.5
	55
	60
	42.87

	14
	13
	5
	0.5
	65
	80
	41.13

	15
	14
	1
	2.5
	65
	80
	38.63

	4
	15
	5
	2.5
	45
	40
	41.33

	3
	16
	1
	2.5
	45
	40
	35.44

	26
	17
	3
	1.5
	55
	60
	48.75

	16
	18
	5
	2.5
	65
	80
	48.01

	20
	19
	3
	2.5
	55
	60
	47.63

	23
	20
	3
	1.5
	55
	40
	43.94

	9
	21
	1
	0.5
	45
	80
	33.99

	25
	22
	3
	1.5
	55
	60
	48.75

	1
	23
	1
	0.5
	45
	40
	33.42

	27
	24
	3
	1.5
	55
	60
	48.75

	13
	25
	1
	0.5
	65
	80
	35.19

	30
	26
	3
	1.5
	55
	60
	48.75

	19
	27
	3
	0.5
	55
	60
	41.14

	2
	28
	5
	0.5
	45
	40
	35.00

	10
	29
	5
	0.5
	45
	80
	39.25

	5
	30
	1
	0.5
	65
	40
	34.61


To ensure a strong model fit, an ANOVA was performed to examine the individual model coefficients and test for lack of fit. The lack of fit test checks if the model fails to accurately represent the data beyond what can be explained by random error (Tabrizi et al., 2011). The significance of the process variables was evaluated using the F-value and P-value (also known as "prob > F"). A higher F-value and a lower P-value indicate that a model term is more significant (Tabrizi et al., 2011). The results from the second-order response surface model for glycerin yield, presented in Table 5, show an F-value of 121.41 and a P-value of <0.0001, confirming that the model is highly significant. This means the chance of such a high F-value occurring due to random variation is only 0.01%, underscoring the model’s reliability. Model terms with P-values < 0.0500 are considered statistically significant. In this case, the factors A, B, C, D, AB, AD, BD, A², B², C², and D² were identified as key contributors to the model. Furthermore, the Predicted R² value of 0.9556 strongly correlates with the Adjusted R² value of 0.9831 with a difference of less than 0.2 suggesting good model accuracy (Ezeugo, et al., 2024)
Table 5. ANOVA for quadratic model of glycerin yield from cotton seed oil.
	Source
	Sum of Squares
	df
	Mean Square
	F-value
	p-value
	

	Model
	910.31
	14
	65.02
	121.41
	< 0.0001
	significant

	A-Methanol/oil ratio
	157.06
	1
	157.06
	293.27
	< 0.0001
	

	B-Catalyst dosage
	91.40
	1
	91.40
	170.66
	< 0.0001
	

	C-Temperature
	12.60
	1
	12.60
	23.53
	0.0002
	

	D-Time
	42.20
	1
	42.20
	78.79
	< 0.0001
	

	AB
	14.12
	1
	14.12
	26.36
	0.0001
	

	AC
	0.7439
	1
	0.7439
	1.39
	0.2569
	

	AD
	9.38
	1
	9.38
	17.51
	0.0008
	

	BC
	0.4389
	1
	0.4389
	0.8196
	0.3796
	

	BD
	2.71
	1
	2.71
	5.07
	0.0398
	

	CD
	0.0008
	1
	0.0008
	0.0014
	0.9705
	

	A²
	24.44
	1
	24.44
	45.64
	< 0.0001
	

	B²
	38.93
	1
	38.93
	72.70
	< 0.0001
	

	C²
	4.22
	1
	4.22
	7.88
	0.0133
	

	D²
	8.27
	1
	8.27
	15.44
	0.0013
	

	Residual
	8.03
	15
	0.5355
	
	
	

	Lack of Fit
	8.03
	10
	0.8033
	
	
	

	Pure Error
	0.0000
	5
	0.0000
	
	
	

	Cor Total
	918.35
	29
	
	
	
	

	Std. Dev.
	0.7318
	
	R²
	0.9913

	Mean
	42.50
	
	Adjusted R²
	0.9831

	C.V. %
	1.72
	
	Predicted R²
	0.9556

	
	
	
	Adeq Precision
	29.8098


3.1.1 Diagnostic reports of the RSM results of the glycerin yield.
Figure 1, shows the Predicted verses Actual of the glycerin yield from cotton seed oil. The figure reveal the Axes: X-axis (Actual): The experimentally measured values of glycerin yield. Y-axis (Predicted): The glycerin yield values predicted by the RSM model, based on the fitted polynomial equation. The glycerin yield range of the glycerin yield were: 33.42 and 49.01. the consistent alignment across the range shows that the model performs well for both low and high glycerin yield values. Most data points were seen to cluster tightly around the line of best fit, showing a significant correlation between the predicted and actual values (Dumancas et al., 2016; Leung et al., 2006; Fan et al., 2011; Eevera et al., 2009). This implies that the Response Surface Methodology (RSM) model gives an accurate estimate of glycerin production. Table 6 demonstrates the interaction impacts of the process factors and the validation of RSM data for glycerin yield. The findings demonstrate the proximity of the optimal (predicted) glycerin yield to the experimentally achieved yield. The percentage variation between the predicted and experimental values was confirmed to be less than 5%, demonstrating the correctness of the model. Based on this small variation, the RSM findings were successfully confirmed, proving the model's usefulness in maximizing glycerin production.
[image: ]Figure 1. Parity plot of predicted versus actual for glycerin yield.

Table 6. Validation of optimum result of the glycerin yield from cotton seed oil.
	Methanol 
/oil ratio
	Catalyst dosage
(wt%)
	Temperature
(0C)
	Time
(minutes)
	Predicted
glycerin yield
%
	Experimental
glycerin yield %
	Percentage deviation
%


	3
	1.5
	55
	60
	48.51
	49.12
	1.24


3.2 RSM result, Model fit summary and ANOVA for the dropping point and BOD of the produced grease from palm bunch lye and NaOH.
In order to optimize the interactive effects of the variables on the dropping points and BOD of the produced grease.  Out of the four models considered, quadratic model was suggested as the most fitted model. Data of the ANOVA was studied to determine the quadratic model for the dropping points and BOD of the produced grease and its optimum reaction conditions. A quadratic equation model of dropping points and BOD for the produced grease using palm bunch lye and Sodium hydroxide in terms of coded factors are presented in Equations 6 – 9.
Dropping point = +169.01 +7.39A -2.13B +5.96C -1.77AB -1.16AC -2.86	BC -16.04A² -5.30B² -8.22C²   								Equation (6)
Dropping point = +166.32 +7.39A -2.12B +5.97C -1.78AB -1.17AC -2.87	BC -16.02A² -5.26B² -8.20C²  								Equation (7)
BOD	= +14.26 – 1.30A +0.7850B -0.3490C -0.1938AB -0.2562AC -0.0462BC +1.21A2 +0.5214B2 +1.69C2 							Equation (8)
BOD = +17.67 -1.30A +0.7830B -0.3480C -0.1962AB -0.2537AC -0.0437	BC+1.21A² +0.5241B² +1.70C²							Equation (9)

Table: 7 and 8 shows the experimental result for the dropping points and BOD for the produced grease. The table revealed how the process factors interacted to affect the dropping points and BOD for the produced grease. It forms the basis for the optimization process (Jiabao,2015). 
Table 7. RSM results for grease produced using palm bunch lye as thickener
	Std
	Run
	A: Lye dosage
wt%
	B: Temperature
(0C)
	C: Time
(hr)
	Dropping point
(0C)
	BOD
ppm

	4
	1
	15
	180
	1
	140.01
	17.56

	6
	2
	15
	140
	5
	157.12
	15.06

	8
	3
	15
	180
	5
	144.05
	16.18

	17
	4
	9
	160
	3
	169.27
	14.23

	2
	5
	15
	140
	1
	144.92
	16.10

	14
	6
	9
	160
	5
	169.31
	15.64

	5
	7
	3
	140
	5
	143.58
	18.00

	13
	8
	9
	160
	1
	151.46
	16.34

	7
	9
	3
	180
	5
	134.32
	20.05

	18
	10
	9
	160
	3
	169.27
	14.23

	11
	11
	9
	140
	3
	163.07
	14.25

	20
	12
	9
	160
	3
	169.27
	14.23

	9
	13
	3
	160
	3
	143.55
	16.22

	10
	14
	15
	160
	3
	161.59
	14.80

	12
	15
	9
	180
	3
	163.56
	15.39

	19
	16
	9
	160
	3
	169.27
	14.23

	3
	17
	3
	180
	1
	128.92
	20.25

	16
	18
	9
	160
	3
	169.27
	14.23

	15
	19
	9
	160
	3
	169.27
	14.23

	1
	20
	3
	140
	1
	123.44
	18.17


Table 8. RSM results for grease produced using NaOH as Thickener
	Std
	Run
	A: NaOH dosage
wt%
	B: Temperature
(0C)
	C: Time
(hr)
	Dropping point
(0C)
	BOD
ppm

	4
	1
	15
	180
	1
	137.42
	20.97

	6
	2
	15
	140
	5
	154.51
	18.49

	8
	3
	15
	180
	5
	141.44
	19.61

	17
	4
	9
	160
	3
	166.55
	17.64

	2
	5
	15
	140
	1
	142.31
	19.53

	14
	6
	9
	160
	5
	166.71
	19.07

	5
	7
	3
	140
	5
	140.97
	21.43

	13
	8
	9
	160
	1
	148.85
	19.78

	7
	9
	3
	180
	5
	131.71
	23.48

	18
	10
	9
	160
	3
	166.55
	17.64

	11
	11
	9
	140
	3
	160.46
	17.68

	20
	12
	9
	160
	3
	166.55
	17.64

	9
	13
	3
	160
	3
	140.94
	19.65

	10
	14
	15
	160
	3
	158.98
	18.23

	12
	15
	9
	180
	3
	160.97
	18.82

	19
	16
	9
	160
	3
	166.55
	17.64

	3
	17
	3
	180
	1
	126.31
	23.68

	16
	18
	9
	160
	3
	166.55
	17.64

	15
	19
	9
	160
	3
	166.55
	17.64

	1
	20
	3
	140
	1
	120.79
	21.60


3.2.1 Analysis of variance (ANOVA) for the dropping point and BOD of the grease samples using palm bunch lye and NAOH.
To ensure a robust model fit, an analysis of variance (ANOVA) was performed to assess the individual model coefficients and test for lack of fit. The lack-of-fit test determines whether the model fails to adequately represent the data, excluding the random error factor (Tabrizi et al., 2011). The significance of the process variables was evaluated using the F-value and P-value (also referred to as "prob > F"). A higher F-value and a correspondingly lower P-value suggest a more significant model term (Tabrizi et al., 2011). Results from the second-order response surface model for the dropping point of the grease, as summarized in Tables 9 - 12, show F-values of 98.20, 98.45 and 76.39, 75.94 with P-values of <0.0001, indicating that the models are highly significant. The likelihood of such high F-values occurring due to random error is only 0.01%, supporting the reliability of the model. The Predicted R² values of 0.8952, 0.8950 and 0.8868, 0.8870 closely match the Adjusted R² values of 0.9787, 0.9788 and 0.9728, 0.9726 with differences of less than 0.1 and 0.2, respectively, indicating strong model accuracy. Furthermore, the Adeq Precision values, which assess the signal-to-noise ratio, were 29.6084, 29.6701 and 27.1588, 27.0537 well above the desired threshold of 4. This confirms that the models provide reliable predictions for the response variables (dropping points and BODs). Overall, the models effectively capture the relationship between the independent process variables and the response variable, ensuring high predictive performance. Model terms with P-values below 0.0500 are considered statistically significant.
Table 9. ANOVA for quadratic model: Dropping point of grease from cotton seed oil using palm bunch lye as thickener.
	Source
	Sum of Squares
	Df
	Mean Square
	F-value
	p-value
	

	Model
	4375.53
		9
	486.17
	98.20
	< 0.0001
	significant

	A-Lye dosage
	545.83
	1
	545.83
	110.25
	< 0.0001
	

	B-Temperature
	45.24
	1
	45.24
	9.14
	0.0128
	

	C-Time
	355.57
	1
	355.57
	71.82
	< 0.0001
	

	AB
	25.20
	1
	25.20
	5.09
	0.0477
	

	AC
	10.81
	1
	10.81
	2.18
	0.1703
	

	BC
	65.55
	1
	65.55
	13.24
	0.0045
	

	A²
	707.52
	1
	707.52
	142.91
	< 0.0001
	

	B²
	77.10
	1
	77.10
	15.57
	0.0027
	

	C²
	186.04
	1
	186.04
	37.58
	0.0001
	

	Residual
	49.51
	10
	4.95
	
	
	

	Lack of Fit
	49.51
	5
	9.90
	
	
	

	Pure Error
	0.0000
	5
	0.0000
	
	
	

	Cor Total
	4425.03
	19
	
	
	
	

	Std. Dev.
	2.23
	
	R²
	0.9888

	Mean
	154.23
	
	Adjusted R²
	0.9787

	C.V. %
	1.44
	
	Predicted R²
	0.8952

	
	
	
	Adeq Precision
	29.6084


Table 10. ANOVA for Quadratic model: Dropping point of the Produced Grease from cotton seed oil using NaOH as Thickener.
	Source
	Sum of Squares
	Df
	Mean Square
	F-value
	p-value
	

	Model
	4358.61
	9
	484.29
	98.45
	< 0.0001
	significant

	A-NaOH dosage
	546.71
	1
	546.71
	111.14
	< 0.0001
	

	B-Temperature
	44.90
	1
	44.90
	9.13
	0.0129
	

	C-Time
	355.93
	1
	355.93
	72.35
	< 0.0001
	

	AB
	25.28
	1
	25.28
	5.14
	0.0468
	

	AC
	10.95
	1
	10.95
	2.23
	0.1666
	

	BC
	65.90
	1
	65.90
	13.40
	0.0044
	

	A²
	705.44
	1
	705.44
	143.40
	< 0.0001
	

	B²
	76.13
	1
	76.13
	15.47
	0.0028
	

	C²
	184.75
	1
	184.75
	37.55
	0.0001
	

	Residual
	49.19
	10
	4.92
	
	
	

	Lack of Fit
	49.19
	5
	9.84
	
	
	

	Pure Error
	0.0000
	5
	0.0000
	
	
	

	Cor Total
	4407.80
	19
	
	
	
	

	Std. Dev.
	2.22
	
	R²
	0.9888

	Mean
	151.58
	
	Adjusted R²
	0.9788

	C.V. %
	1.46
	
	Predicted R²
	0.8950

	
	
	
	Adeq Precision
	29.6701


Table 11. ANOVA for quadratic model: BOD of grease from cotton seed oil using palm bunch lye as thickener.
	Source
	Sum of Squares
	Df
	Mean Square
	F-value
	p-value
	

	Model
	69.47
	9
	7.72
	76.39
	< 0.0001
	significant

	A-Lye dosage
	16.87
	1
	16.87
	167.00
	< 0.0001
	

	B-Temperature
	6.16
	1
	6.16
	60.99
	< 0.0001
	

	C-Time
	1.22
	1
	1.22
	12.05
	0.0060
	

	AB
	0.3003
	1
	0.3003
	2.97
	0.1154
	

	AC
	0.5253
	1
	0.5253
	5.20
	0.0458
	

	BC
	0.0171
	1
	0.0171
	0.1694
	0.6894
	

	A²
	4.04
	1
	4.04
	39.94
	< 0.0001
	

	B²
	0.7475
	1
	0.7475
	7.40
	0.0216
	

	C²
	7.87
	1
	7.87
	77.86
	< 0.0001
	

	Residual
	1.01
	10
	0.1010
	
	
	

	Lack of Fit
	1.01
	5
	0.2021
	
	
	

	Pure Error
	0.0000
	5
	0.0000
	
	
	

	Cor Total
	70.48
	19
	
	
	
	

	Std. Dev.
	0.3179
	
	R²
	0.9857

	Mean
	15.97
	
	Adjusted R²
	0.9728

	C.V. %
	1.99
	
	Predicted R²
	0.8868

	
	
	
	Adeq Precision
	27.1588


Table 12. ANOVA for Quadratic model: BOD of the Produced Grease from cotton seed oil using NaOH as Thickener
	Source
	Sum of Squares
	Df
	Mean Square
	F-value
	p-value
	

	Model
	69.82
	9
	7.76
	75.94
	< 0.0001
	significant

	A-NaOH dosage
	16.93
	1
	16.93
	165.68
	< 0.0001
	

	B-Temperature
	6.13
	1
	6.13
	60.01
	< 0.0001
	

	C-Time
	1.21
	1
	1.21
	11.85
	0.0063
	

	AB
	0.3081
	1
	0.3081
	3.02
	0.1131
	

	AC
	0.5151
	1
	0.5151
	5.04
	0.0486
	

	BC
	0.0153
	1
	0.0153
	0.1499
	0.7068
	

	A²
	4.05
	1
	4.05
	39.68
	< 0.0001
	

	B²
	0.7553
	1
	0.7553
	7.39
	0.0216
	

	C²
	7.94
	1
	7.94
	77.71
	< 0.0001
	

	Residual
	1.02
	10
	0.1022
	
	
	

	Lack of Fit
	1.02
	5
	0.2043
	
	
	

	Pure Error
	0.0000
	5
	0.0000
	
	
	

	Cor Total
	70.84
	19
	
	
	
	

	Std. Dev.
	0.3196
	
	R²
	0.9856

	Mean
	19.39
	
	Adjusted R²
	0.9726

	C.V. %
	1.65
	
	Predicted R²
	0.8870

	
	
	
	Adeq Precision
	27.0537


3.2.2 Diagnostic reports of the RSM results for the dropping point and BOD of the grease
Figure 2  and 3 and figure 2 and 5 shows the Predicted verses Actual of the dropping point and BOD of the grease. The figures reveal the Axes: X-axis (Actual): The experimentally measured values dropping point and BOD. Y-axis (Predicted): The dropping point and BOD values predicted by the RSM model, based on the fitted polynomial equation. The dropping points and BOD values range were: 123.44,120.79 and 169.31, 166.71, 14. 23, 17.64 and 20.25, 23.68 respectively. The consistent alignment across the range shows that the model performs well for both low and high dropping point and BOD values. Most data points clustered around the line of best fit, indicating a good fit between the predicted and actual values (Dumancas, et al., 2016; Leung, et al., 2006; Fan, et al 2011; Eevera, et al., 2009). This suggests that the RSM model reliably predict the Dropping point and BOD of the grease. Table 13 and 14 shows the interactive effects of the process variables and validation of RSM data of the dropping point and BOD of the grease. This reveal how close the optimum (predicted) dropping point and BOD of the grease is to the experimental yield.  The determined percentage deviation is less than 5%. The RSM results were validated.
[image: ]
Figure 2. Parity plot of predicted versus actual dropping point for grease from palm bunch lye. [image: ]
Figure 3. Parity plot of predicted versus actual for dropping point of grease from NaOH 


[image: ]
Figure 4. Parity plot of predicted versus actual for BOD of the grease from palm bunch lye.

[image: ]
Figure 5. Parity plot of predicted versus actual of BOD for grease produced with NaOH 

Table 13. Validation of the Dropping Point Results for the grease samples

	Samples
	Lye or NaOH dosage (wt%)
	Temperature
(0C)
	Time
(hr)
	Predicted dropping point
(0C)
	Experimental dropping point
(0C)
	Percentage deviation
%

	Produced Grease using Lye as Thickener
	7.71
	152.87
	4.35
	167.77
	165.32
	1.48

	[bookmark: _Hlk195524114]Produced Grease using NaOH as Thickener
	9
	160
	3
	166.32
	 169.85
	2.08






Table 14. Validation of the BOD Results for the grease samples
	Samples
	Lye or NaOH dosage (wt%)
	Temperature
(0C)
	Time
(hr)
	Predicted dropping point
(0C)
	Experimental dropping point
(0C)
	Percentage deviation
%

	
	
	
	
	
	
	

	Produced Grease using Lye as Thickener
	7.71
	152.87
	4.35
	14.94
	15.45
	3.30

	Produced Grease using NaOH as Thickener
	9
	160
	3
	17.67
	17.60
	0.40


3.2.3 The 3-D plots for the dropping point of the grease using palm bunch lye and NaOH.
Figure 6 – 11 and figure 12 – 17  show the the three-dimensional plots of dropping point and BOD of the grease. The interactive effects of the process variables on the dropping point and BOD of the grease reveal parabolic graphs in each case. It then verified that there is a quadratic link between the response (Dropping point and BOD) and the factors taken into consideration in the formulation of the grease (Minodora, et al., 2010). The determined percentage is less than 5, the RSM result were validated.
[image: ]
Figure 6. Response surface plot of temperature and lye dosage for dropping point of grease using palm bunch lye.
[image: ]
Figure 7. Response surface plot of time and lye dosage for dropping point of grease using palm bunch lye.
[image: ]
Figure 8. Response surface plot of time and temperature for dropping point of grease using palm bunch lye.
[image: ]
Figure 9. Response surface plot of temperature and NaOH dosage for dropping point of grease from NaOH.
[image: ]
Figure 10. Response surface plot of time and NaOH dosage for dropping point of grease from NaOH.

[image: ]
Figure 11. Response surface plot of time and temperature for dropping point of grease from NaOH.



[image: ]
Figure 12. Response surface plot of temperature and lye dosage for BOD of grease using palm bunch lye.
[image: ]
Figure 13. Response surface plot of time and lye dosage for BOD of grease using palm bunch lye.

[image: ]
Figure 14. Response surface plot of time and temperature for BOD of grease using palm bunch lye.
[image: ]
Figure 15. Response surface plot of temperature and NaOH dosage for BOD of grease from NaOH.

[image: ]
Figure 16. Response surface plot of time and NaOH dosage for BOD of grease from NaOH.

[image: ]
Figure 17. Response surface plot of time and temperature for BOD of grease from NaOH.

4 CONCLUSION
This study evaluated and optimized the chemical synthesis of glycerin from the transesterification of cottonseed oil and bio-grease from palm bunch lye and sodium hydroxide as a thickening agent, with Moringa oleifera leaf extract as a rust-inhibiting additive. The glycerin yield values were predicted by the RSM model based on the fitted polynomial equation. An optimum glycerin yield of 48.51% was obtained at a methanol-to-oil ratio of 3:1, a catalyst dosage of 1.5 wt%, a temperature of 55°C, and a time of 60 minutes. The analysis of variance (ANOVA) for both glycerin yield and bio-grease properties confirms the reliability and robustness of the models used. For glycerin yield, the Predicted R² of 0.9556 is in close agreement with the Adjusted R² of 0.9831, with a difference of less than 0.2, indicating a strong model fit. For the dropping point and BOD of the grease, the Predicted R² values of 0.8952 and 0.8950 for dropping point and 0.8868 and 0.8870 for BOD closely match the Adjusted R² values of 0.9787 and 0.9788 for dropping point and 0.9728 and 0.9726 for BOD, with differences of less than 0.1 and 0.2, respectively, confirming that the model predictions are highly accurate. The consistent alignment across the range shows that the model performs well for both low and high dropping point and BOD values. Optimum dropping points of 167.77°C and 166.32°C were obtained for the grease sample, while 14.94 and 17.67 ppm were the corresponding optimum BOD values. The validation of RSM data for the dropping point and BOD of the grease reveals how close the optimum (predicted) glycerin yield, dropping point, and BOD of the grease are to the experimental yield. The determined percentage deviation is less than the critical value of 5%. The interactive effects of the process variables on the glycerin yield, dropping point, and BOD of the grease reveal parabolic graphs in each case. Therefore, the generated quadratic models adequately described the relationships between the responses (glycerin yield, dropping point, and BOD) of the grease sample and the considered factors. The grease produced using palm bunch lye performed better than grease from sodium hydroxide, showing superior biodegradability and model consistency (Kumar, et al., 2020).

	Acronym 
	Abbreviations 

	BOD
	Biological oxygen demand

	RSM
	Response Surface Methodology
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BOD (ppm)

Design points above predicted value

Design points below predicted value
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X1 = B: Temperature

X2 = C: Time
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A: NaOH dosage = 9
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