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ABSTRACT 

Accurate prediction of biodiesel fuel properties is essential for reducing 

experimental cost and improving the efficiency of fuel formulation. This study 

developed Multiple Linear Regression (MLR) models to predict the kinematic 

viscosity and calorific value of biodiesel–diesel blends produced from pure and 

hybrid Jatropha curcas and Azadirachta indica feedstocks. Biodiesel was 

produced from five feedstock formulations comprising pure Jatropha curcas, pure 

Azadirachta indica, and three intermediate hybrid mixtures, after which each 

biodiesel was blended with petroleum diesel at B5–B30 ratios. Experimental 

measurements of the selected fuel properties were used to establish regression 

relationships based on two predictor variables: Jatropha feedstock composition 

and biodiesel blend ratio. The developed models showed reasonable predictive 

capability, with coefficients of determination (R²) of 0.9860 for kinematic 

viscosity and 0.9948 for calorific value. Prediction errors were consistently low, 

with RMSE values of 0.0505 mm² s⁻¹ and 0.0446 MJ kg⁻¹, and MAE values of 

0.0413 mm² s⁻¹ and 0.0356 MJ kg⁻¹ for kinematic viscosity and calorific value, 

respectively. Leave-One-Out Cross-Validation further confirmed good model 

performance, with cross-validated R² values of 0.9810 for kinematic viscosity and 

0.9932 for calorific value. Residual diagnostics showed constant error variance 

for both models, while normality was better satisfied for the calorific-value model 

than for the kinematic-viscosity model. The findings show that simple MLR 

equations can provide useful estimates of key fuel properties from feedstock 

composition and biodiesel blend ratio within the experimental range investigated, 

thereby reducing the need for repeated laboratory analyses. The proposed models 

therefore provide a practical and computationally efficient approach for biodiesel 

formulation, fuel quality evaluation and preliminary engineering analysis, while 

offering a useful basis for future predictive studies involving other non-edible 

biodiesel feedstocks. 
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INTRODUCTION 

The increasing global demand for energy, depletion of 

fossil fuel reserves and growing environmental concerns 

have intensified the search for cleaner and more 

sustainable energy sources. Consequently, renewable 

fuels have attracted considerable research interest 

because of their potential to enhance energy security and 

mitigate environmental impacts, particularly in 

developing countries (Atsuwe et al., 2025). Among these, 

biodiesel has emerged as a promising alternative due to 

its renewability, biodegradability and compatibility with 

conventional compression-ignition engines. Produced 

through the transesterification of oils and fats into fatty 

acid methyl esters (FAME), biodiesel can be used either 

as a neat fuel or blended with petroleum diesel, thereby 

reducing dependence on fossil-based fuels (Vilas Bôas & 

Mendes, 2022). 
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Growing interest in sustainable biodiesel has increased 

attention on non-edible feedstocks such as Jatropha 

curcas and Azadirachta indica (Neem), which can 

support renewable energy development without directly 

competing with food resources (Riayatsyah et al., 2022). 

Among the properties that determine biodiesel quality, 

kinematic viscosity and calorific value are particularly 

important because they affect fuel injection, atomisation, 

combustion and energy output. Their laboratory 

determination, however, can become time-consuming 

and costly when several feedstock compositions and 

blend ratios are considered (Santos et al., 2022; Xiao et 

al., 2023). 

Mathematical modelling offers a practical way of 

estimating biodiesel properties while reducing repeated 

laboratory measurements, and data-driven methods are 

increasingly being applied in biodiesel research 

(Adejuwon et al., 2026; Ishola et al., 2024). Recent 

studies have further demonstrated that compositional 

information can be successfully incorporated into data-

driven models for predicting important biodiesel fuel 

properties (Díez Valbuena et al., 2024). Multiple Linear 

Regression (MLR) is particularly attractive because it is 

simple, computationally efficient and easy to interpret. 

However, most existing studies have focused on single 

feedstocks or fatty acid composition, with relatively 

limited attention given to models that combine hybrid 

non-edible feedstock composition and biodiesel blend 

ratio (Yahya & Aghel, 2021; Riayatsyah et al., 2022). 

Although predictive techniques have recently been 

applied to biodiesel production from blended or multi-

feedstock systems, comparatively less attention has been 

given to simple and interpretable models that 

simultaneously incorporate hybrid feedstock 

composition and biodiesel–diesel blend ratio 

(Amenaghawon et al., 2024). 

This study therefore developed MLR models for 

predicting the kinematic viscosity and calorific value of 

biodiesel–diesel blends produced from pure and hybrid 

Jatropha curcas and Azadirachta indica feedstocks. 

Experimental data from five feedstock formulations and 

different blend ratios were used, while model 

performance was assessed using R², RMSE and MAE. 

The resulting equations provide a simple and efficient 

approach for estimating these fuel properties and 

supporting biodiesel formulation and fuel quality 

assessment. 

 

MATERIALS AND METHODS 

Experimental Data 

The experimental data were obtained from biodiesel 

produced from Jatropha curcas (J) and Azadirachta 

indica (N) seed oils using five feedstock formulations: 

100J, 75J:25N, 50J:50N, 25J:75N and 100N. Biodiesel 

was produced through NaOH-catalysed 

transesterification using a 6:1 methanol-to-oil molar ratio 

and 1.0 wt.% NaOH catalyst. The reaction was carried 

out at 60–70 °C for 60 min with continuous stirring at 600 

rpm. After the reaction, the biodiesel was separated, 

washed with distilled water and dried before 

characterization. 

Each biodiesel was blended with petroleum diesel at B5, 

B10, B15, B20, B25 and B30. Density was determined 

using a pycnometer and a Mettler Toledo ME-series 

analytical balance. Kinematic viscosity was measured at 

38 °C using an NDJ-5S viscometer, with ASTM D445-

24 used as the reference standard for comparison (ASTM 

International, 2024), while calorific value was 

determined using a Parr 6100 bomb calorimeter in 

dynamic mode. All measurements were carried out in 

triplicate (n = 3), and the mean values were used for the 

analysis. 

The five feedstock formulations and six blend ratios 

provided 30 observations for modelling. Jatropha 

composition (J) and biodiesel blend ratio (B) were used 

as predictor variables, while kinematic viscosity and 

calorific value were the response variables in the MLR 

models. 

 

Model Variables 

Multiple Linear Regression (MLR) was adopted to 

establish mathematical relationships between the 

selected predictor variables and the fuel properties 

investigated. Owing to its simplicity, robustness and 

ability to generate explicit predictive equations, MLR has 

been widely applied to multivariable modelling in 

applied physics and engineering (Sheu et al., 2026; 

Osman et al., 2024). 

Jatropha curcas composition (J) and biodiesel blend ratio 

(B) were selected as the predictor variables, while 

kinematic viscosity (KV) and calorific value (CV) served 

as the response variables. These variables adequately 

describe the blend composition and the fuel properties 

investigated. 

The proportions of Azadirachta indica (N) and petroleum 

diesel (D) were excluded because they are not 

independent variables. Their values are completely 

determined by the compositional relationships 

𝐽 + 𝑁 = 100    (1) 

𝐵 + 𝐷 = 100    (2) 

where J and N represent the percentages of Jatropha 

curcas and Azadirachta indica in the biodiesel feedstock, 

while B and D denote the percentages of biodiesel and 

petroleum diesel in the fuel blend. 

Including all four composition variables would introduce 

perfect multicollinearity because N and D are linear 
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functions of J and B, respectively. This violates a 

fundamental assumption of MLR and produces unstable 

regression coefficients. Therefore, only J and B were 

retained as predictor variables to avoid perfect 

multicollinearity and ensure that the regression 

coefficients could be estimated and interpreted correctly. 

 

Formulation of the Multiple Linear Regression Model 

Multiple Linear Regression (MLR) was employed to 

establish mathematical relationships between the 

selected predictor variables and the measured fuel 

properties. The method was chosen because it provides a 

simple and statistically robust means of quantifying the 

combined effects of feedstock composition and biodiesel 

blend ratio. Furthermore, MLR generates explicit 

regression equations that facilitate straightforward 

interpretation and prediction within the experimental 

domain. 

The general form of the Multiple Linear Regression 

model is expressed as 

𝑌̂ = 𝛽
0

+ 𝛽
1

𝑋1 + 𝛽
2
𝑋2 + 𝜀  (3) 

where: 

𝑌̂= Predicted response variable (kinematic viscosity 

or calorific value)  

𝛽
0
= Intercept (constant term)  

𝛽
1
, 𝛽

2
,= Regression coefficients  

𝑋1, 𝑋2= Feedstock composition (%)  

𝜀= Random error term 

For the present study, the percentage composition of 

Jatropha curcas (J) and the biodiesel blend ratio (B) were 

selected as the independent variables because they fully 

describe the experimental blend compositions. Separate 

regression models were developed for kinematic 

viscosity (KV) and calorific value (CV), which are 

expressed as 

𝐾𝑉̂ = 𝛽
0

+ 𝛽
1

𝐽 + 𝛽
2

𝐵 + 𝜀  (4) 

𝐶𝑉̂ = 𝛽
0

+ 𝛽
1

𝐽 + 𝛽
2

𝐵 + 𝜀  (5) 

The regression coefficients were estimated using the 

Ordinary Least Squares (OLS) technique, which 

determines the line of best fit by minimizing the sum of 

the squared differences between the experimental 

measurements and the corresponding model predictions. 

The predictive ability of the developed models was 

subsequently evaluated using the coefficient of 

determination (R²), Root Mean Square Error (RMSE), 

and Mean Absolute Error (MAE). 

 

Model Performance Evaluation 

The predictive performance of the developed Multiple 

Linear Regression (MLR) models was evaluated by 

comparing the predicted values with the corresponding 

experimental observations. Model accuracy was assessed 

using the coefficient of determination (R²), Root Mean 

Square Error (RMSE) and Mean Absolute Error (MAE). 

Together, these statistical measures provide a 

comprehensive assessment of model fit and prediction 

accuracy. 

The coefficient of determination (R²), which indicates the 

proportion of variation in the observed data explained by 

the regression model, is given by 

𝑅2̂ = 1 −
∑ (𝑛

𝑖=1 𝑦𝑖−𝑦̂𝑖)2

∑ (𝑛
𝑖=1 𝑦𝑖−𝑦̅)2    (6) 

where: 

𝑦
𝑖
= experimental (observed) value,  

𝑦̂
𝑖
= predicted value,  

𝑦̅= mean of the experimental values, and  

𝑛= total number of observations. 

The Root Mean Square Error (RMSE), which measures 

the average magnitude of the prediction error, was 

calculated as: 

𝑅𝑀𝑆𝐸 =  √
1

𝑛
∑ (

𝑛

𝑖=1
𝑦𝑖 − 𝑦̂𝑖)2

  (7) 

where the variables 𝑦
𝑖
 and 𝑦̂

𝑖
 are as defined in Equation 

(6) above.  

The Mean Absolute Error (MAE), which represents the 

average absolute difference between the observed and 

predicted values, was determined using: 

MAE =  
1

𝑛
∑ ∣𝑛

𝑖=1 𝑦𝑖 − 𝑦̂𝑖 ∣   (8) 

where the variables 𝑦
𝑖
 and 𝑦̂

𝑖
 are as defined in Equation 

(6) above. 

Models with higher R² values and lower RMSE and MAE 

values were considered to exhibit better predictive 

performance.  

Leave-One-Out Cross-Validation (LOOCV) was used to 

further assess the performance of the developed MLR 

models. The analysis was carried out using the 30 

experimental observations. In each iteration, one 

observation was removed from the dataset, the model was 

fitted using the remaining 29 observations, and the 

excluded observation was then predicted. This process 

was repeated until every observation had been used once 

as the validation sample. The cross-validated predictions 

were evaluated using the coefficient of determination 

(R²CV), root mean square error (RMSECV), and mean 

absolute error (MAECV). The 30 observations arise from 

the five feedstock formulations evaluated at six biodiesel 

blend ratios.  

 

RESULTS AND DISCUSSION 

Descriptive Statistics of the Experimental Dataset 

The descriptive statistics presented in Table 1 summarize 

the experimental dataset used to develop the Multiple 
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Linear Regression (MLR) models. The predictor 

variables cover the full range of feedstock compositions 

and biodiesel blend ratios investigated, with Jatropha 

curcas composition varying from 0 to 100% and 

biodiesel blend ratio from 5 to 30%. This broad 

experimental coverage provides a sound basis for 

developing and evaluating the predictive models 

(Bukkarapu & Krishnasamy, 2024a). 

The response variables also show sufficient variability 

for model development. Kinematic viscosity ranged from 

2.80 to 4.36 mm² s⁻¹ (mean = 3.46 mm² s⁻¹), while 

calorific value varied from 41.80 to 44.10 MJ kg⁻¹ (mean 

= 43.05 MJ kg⁻¹). The corresponding standard deviations 

indicate a reasonable spread of the observations, 

confirming that the dataset adequately captures the 

influence of feedstock composition and biodiesel blend 

ratio on the measured fuel properties. Comparable 

variations in viscosity and other thermophysical 

properties of blended vegetable oils have been reported 

by Uwaoma et al. (2025), while recent studies have 

demonstrated the effectiveness of data-driven models for 

reliable prediction of biodiesel fuel properties (Arif et al., 

2025). 

Overall, the descriptive statistics indicate that the 

experimental data are well distributed across the 

investigated design space, providing a reliable 

foundation for developing and evaluating the proposed 

Multiple Linear Regression models. 

 

Table 1: Descriptive Statistics of the Variables Used for MLR Model Development 

Variable Unit Minimum Maximum Mean Standard Deviation 

Jatropha curcas composition (J) % 0 100 50.00 35.96 

Biodiesel blend ratio (B) % 5 30 17.50 8.69 

Kinematic viscosity (KV) mm² s⁻¹ 2.80 4.36 3.46 0.43 

Calorific value (CV) MJ kg⁻¹ 41.80 44.10 43.05 0.63 

 

The results show that the dataset adequately represents 

the range of feedstock compositions and biodiesel blend 

ratios investigated in this study. The observed variation 

in kinematic viscosity and calorific value reflects the 

influence of changes in blend composition on the 

measured fuel properties. Such variability is essential for 

regression modelling because it enables meaningful 

relationships to be established between the predictor 

variables and the corresponding fuel properties. The 

distribution of the experimental observations therefore 

provides an appropriate basis for developing and cross-

validating the proposed MLR models. 

 

Correlation Analysis 

Pearson correlation analysis was conducted to examine 

the relationships between the predictor variables and the 

selected fuel properties before developing the Multiple 

Linear Regression (MLR) models. The correlation 

coefficients are presented in Table 2.

 

Table 2: Pearson Correlation Matrix for the Variables Used in the MLR Models 

Variable J B KV CV 

J 1.000 0.000 -0.348 0.312 

B 0.000 1.000 0.930 -0.947 

KV -0.348 0.930 1.000 -0.996 

CV 0.312 -0.947 -0.996 1.000 

 

 
Figure 1: Pearson Correlation Heat Map of 

the Predictor and Response Variables Used in 

the MLR Analysis 



Development of a Multiple Linear Regression… Tanko et al., NJP 

314 

 NIGERIAN JOURNAL OF PHYSICS    NJP VOLUME 35(S)      njp.nipngr.org 

The Pearson correlation matrix presented in Table 2 and 

visualized in Figure 1 provides an overview of the 

relationships between the predictor variables and the 

investigated fuel properties. Among the predictors, 

biodiesel blend ratio showed the strongest association 

with the response variables. Its strong positive correlation 

with kinematic viscosity (r = 0.930) indicates that 

viscosity increased with increasing biodiesel content, 

whereas it’s strong negative correlation with calorific 

value (r = –0.947) indicates that higher biodiesel 

proportions were associated with lower energy content. 

These trends are consistent with the experimental results 

and show that biodiesel blend ratio had the strongest 

association with the measured fuel properties among the 

predictor variables considered. 

The relationships between Jatropha curcas composition 

and the response variables were comparatively weaker. 

The moderate negative correlation with kinematic 

viscosity (r = –0.348) suggests that increasing the 

proportion of Jatropha curcas slightly reduced viscosity, 

while the moderate positive correlation with calorific 

value (r = 0.312) indicates a modest increase in fuel 

energy content. Although these effects were less 

pronounced than those of blend ratio, they indicate that 

feedstock composition is also associated with variations 

in the measured fuel properties. A nearly perfect inverse 

relationship was observed between kinematic viscosity 

and calorific value (r = –0.996), indicating that blends 

with higher viscosity generally exhibited lower calorific 

values. This strong negative relationship agrees with the 

trend observed in the biodiesel–diesel blends investigated 

in this study.  

The zero Pearson correlation indicates that J and B were 

orthogonal in the experimental design, thereby 

minimizing linear multicollinearity. This was further 

supported by VIF and tolerance values of 1.000 for both 

predictors, indicating no evidence of linear 

multicollinearity. Overall, the correlation analysis shows 

that the selected predictor variables are suitable for 

developing the MLR models used to estimate the 

kinematic viscosity and calorific value of the biodiesel–

diesel blends. 

 

Development of the Multiple Linear Regression 

Models 

Multiple Linear Regression (MLR) analysis was used to 

develop predictive models for kinematic viscosity and 

calorific value based on Jatropha curcas composition (J) 

and biodiesel blend ratio (B). The developed equations 

describe the relationship between the selected predictor 

variables and the fuel properties investigated in this 

study. 

 

 

 

 

MLR Model for Kinematic Viscosity 

The developed Multiple Linear Regression model for 

predicting the kinematic viscosity of the biodiesel–diesel 

blends is expressed as 

KV = 2.858067 - 0.004193J + 0.046377B (9) 

where (KV) denotes the predicted kinematic viscosity 

(mm² s⁻¹), (J) represents the percentage composition of 

Jatropha curcas in the biodiesel feedstock, and (B) is the 

biodiesel blend ratio (%). 

The regression coefficients reveal that both predictor 

variables influence the kinematic viscosity of the 

biodiesel–diesel blends, although to different extents. 

The positive coefficient of the biodiesel blend ratio 

indicates that increasing the biodiesel content leads to a 

corresponding increase in viscosity. This observation is 

consistent with the experimental results and reflects the 

inherently higher viscosity of biodiesel relative to 

petroleum diesel. 

Conversely, the negative coefficient associated with 

Jatropha curcas composition suggests that increasing its 

proportion in the feedstock produces a slight reduction in 

the predicted kinematic viscosity. Although this effect is 

relatively small, it indicates that feedstock composition 

contributes to the overall variation in viscosity alongside 

the biodiesel blend ratio. 

Overall, the regression model describes the combined 

influence of feedstock composition and biodiesel blend 

ratio on kinematic viscosity. Its simple mathematical 

form allows viscosity to be estimated readily within the 

experimental range investigated and provides a practical 

basis for biodiesel formulation, fuel quality assessment 

and preliminary engineering analysis. 

 

MLR Model for Calorific Value 

The Multiple Linear Regression model developed for 

predicting the calorific value of the biodiesel–diesel 

blends is given by: 

CV = 43.977333 + 0.005467J - 0.068800B (10) 

where (CV) is the predicted calorific value (MJ kg⁻¹), (J) 

denotes the percentage composition of Jatropha curcas 

in the biodiesel feedstock, and (B) represents the 

biodiesel blend ratio (%). 

The regression coefficients indicate that both feedstock 

composition and biodiesel blend ratio contribute to 

variations in the calorific value of the biodiesel–diesel 

blends. The positive coefficient associated with Jatropha 

curcas composition suggests that increasing its 

proportion in the feedstock produces a slight increase in 

the predicted calorific value. This finding indicates that 

blends derived from Jatropha curcas tend to possess a 

marginally higher energy content than those containing a 

greater proportion of Azadirachta indica. 

Conversely, the negative coefficient for biodiesel blend 

ratio shows that the calorific value decreases as the 

proportion of biodiesel in the blend increases. This trend 

is consistent with the experimental observations and 
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reflects the relatively lower heating value of biodiesel 

compared with conventional petroleum diesel. The larger 

magnitude of the blend ratio coefficient further 

demonstrates that biodiesel concentration exerts a greater 

influence on calorific value than variations in feedstock 

composition within the experimental range considered. 

Recent applications of composition-based predictive 

methods in biodiesel studies have also shown the 

importance of fuel composition in estimating key fuel 

properties (Díez-Valbuena et al., 2025). In the present 

study, the regression equation shows how changes in 

feedstock composition and biodiesel blend ratio affect 

the calorific value within the experimental range 

considered. Its simple form makes it easy to estimate 

calorific value and can support biodiesel formulation, 

fuel quality assessment and further modelling studies.

 

Table 3: Regression Coefficients and Statistical Significance of the Developed MLR Models 

Model Term Coefficient Standard 

Error 

t-value p-

value 

95% Confidence 

Interval 

Kinematic 

viscosity 

Intercept 2.858067 0.026066 109.647 <0.001 2.804583–2.911550 

 
Jatropha composition (J) −0.004193 0.000275 −15.262 <0.001 −0.004757 to 

−0.003630  
Biodiesel blend ratio (B) 0.046377 0.001138 40.767 <0.001 0.044043–0.048711 

Calorific 

value 

Intercept 43.977333 0.023017 1910.654 <0.001 43.930107–

44.024560  
Jatropha composition (J) 0.005467 0.000243 22.532 <0.001 0.004969–0.005964  
Biodiesel blend ratio (B) −0.068800 0.001005 −68.489 <0.001 −0.070861 to 

−0.066739 

 

The regression analysis showed that both Jatropha 

composition and biodiesel blend ratio were significantly 

associated with the two fuel properties investigated (p < 

0.001). For kinematic viscosity, Jatropha composition 

had a negative coefficient (−0.004193), indicating a 

slight decrease in viscosity as the proportion of Jatropha 

increased, while biodiesel blend ratio had a positive 

coefficient (0.046377), showing that viscosity increased 

with increasing biodiesel content. For calorific value, 

Jatropha composition had a positive coefficient 

(0.005467), whereas biodiesel blend ratio had a negative 

coefficient (−0.068800). This indicates that increasing 

Jatropha content slightly increased the calorific value, 

while increasing the biodiesel blend ratio reduced it. The 

95% confidence intervals for all predictor coefficients 

excluded zero, further supporting their statistical 

significance within the experimental range.  

The overall regression models were also statistically 

significant. The kinematic viscosity model gave an F-

statistic of 947.43 (p < 0.001) and an adjusted R² of 

0.9849, while the calorific value model gave an F-

statistic of 2599.22 (p < 0.001) and an adjusted R² of 

0.9945. These results show that Jatropha composition 

and biodiesel blend ratio, when considered together, 

accounted for a substantial proportion of the variation 

observed in both fuel properties. 

 

Performance Evaluation of the Developed MLR 

Models 

The predictive performance of the developed Multiple 

Linear Regression (MLR) models was evaluated using 

the coefficient of determination (R²), Root Mean Square 

Error (RMSE) and Mean Absolute Error (MAE). As 

shown in Table 4, both models provided a good fit to the 

experimental data. 

The kinematic viscosity model gave an R² value of 

0.9860, indicating that 98.6% of the variation in the 

experimental data was explained by the model. The 

calorific value model gave a slightly higher R² value of 

0.9948, showing a closer agreement between the 

experimental and predicted values. 

The low RMSE and MAE values also show that the 

differences between the experimental and predicted 

values were small across the feedstock compositions and 

biodiesel blend ratios investigated. Of the two models, 

the calorific value model showed slightly better 

predictive performance, as indicated by its higher R² 

value and lower prediction errors. 

The LOOCV results provided further support for the 

performance of the developed models. The R²CV values 

of 0.9810 for kinematic viscosity and 0.9932 for calorific 

value were only slightly lower than the corresponding R² 

values obtained from the full dataset. Similarly, the small 

increases in RMSE and MAE under LOOCV show that 

both models maintained good predictive performance 

when individual observations were excluded from model 

fitting. 
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Table 4: Performance Statistics of the Developed MLR Models 

Performance Metric Kinematic Viscosity Calorific Value 

R² 0.9860 0.9948 

Adjusted R² 0.9849 0.9945 

RMSE 0.0505 0.0446 

MAE 0.0413 0.0356 

 

Table 5: LOOCV Performance of the Developed MLR Models 

Property R²CV RMSECV MAECV 

Kinematic viscosity 0.9810 0.0587 mm² s⁻¹ 0.0471 mm² s⁻¹ 

Calorific value 0.9932 0.0513 MJ kg⁻¹ 0.0403 MJ kg⁻¹ 

 

The LOOCV results were generally consistent with those 

obtained from the full dataset. The kinematic viscosity 

model gave an R²CV of 0.9810, with RMSECV and 

MAECV values of 0.0587 and 0.0471 mm² s⁻¹, 

respectively. The calorific value model gave an R²CV of 

0.9932, with corresponding RMSECV and MAECV 

values of 0.0513 and 0.0403 MJ kg⁻¹. The closeness of 

these values to the full-dataset results indicates that both 

models maintained good predictive performance when 

individual observations were excluded during cross-

validation. 

The predictive performance of the developed Multiple 

Linear Regression (MLR) models was further evaluated 

by comparing the experimental and predicted values of 

kinematic viscosity and calorific value, as presented in 

Figure 2(a) and (b). 

 

 

 
Figure 2: Comparison of the Experimental and Predicted Values Obtained Using 

the Developed MLR Models: (a) Kinematic Viscosity and (b) Calorific Value 

 

Figure 2(a) and (b) show close agreement between the 

experimental and predicted values for both response 

variables. The clustering of the data points around the 1:1 

reference line indicates that the developed MLR models 

adequately captured the observed variations in kinematic 

viscosity and calorific value, consistent with the 

performance statistics presented in Table 4. Similar 

agreement between experimental and predicted values 

has been reported in recent predictive modelling studies 

(Otunla & Ayegboyin, 2026; Bukkarapu & Krishnasamy, 

2024a). This observation is also consistent with recent 

findings showing that data-driven models can capture 

composition-dependent variations in the physical 

properties of biodiesel-containing fuel blends (Yeşilova 

et al., 2025). 

To further evaluate the adequacy of the developed 

Multiple Linear Regression (MLR) models, residuals 

were plotted against the corresponding fitted values. The 

residual plots for kinematic viscosity and calorific value 

are presented in Figure 3(a) and (b), respectively. 
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Figure 3: Residuals Versus Fitted Values for the Developed MLR 

Models: (a) Kinematic Viscosity and (b) Calorific Value 

 

Figure 3(a) and (b) show that the residuals are generally 

scattered around the zero reference line without any clear 

pattern or noticeable change in spread. This suggests that 

the error variance remained reasonably constant across 

the predicted values. The Breusch–Pagan test supports 

this observation, as the results were non-significant for 

both kinematic viscosity (LM = 0.1791, p = 0.9144) and 

calorific value (LM = 2.3979, p = 0.3015), indicating no 

evidence of heteroscedasticity. Similar residual patterns 

have been reported in biodiesel modelling studies as an 

indication of satisfactory model behaviour (Kodua et al., 

2024; Zohmingliana et al., 2024). 

Residual normality was also examined using the Q–Q 

plots presented in Figure 4(a) and (b), together with the 

Shapiro–Wilk test.

 

 
Figure 4: Normal Probability (Q–Q) Plots of the Residuals for the 

Developed MLR Models: (a) Kinematic Viscosity and (b) Calorific Value 

 

The kinematic-viscosity residuals showed noticeable 

curvature and some departure from the reference line, 

particularly toward the tails. This was supported by the 

Shapiro–Wilk result (W = 0.9093, p = 0.0143), indicating 

a significant departure from normality. In contrast, the 

calorific-value residuals followed the reference line more 

closely, with the Shapiro–Wilk test showing no 

significant departure from normality (W = 0.9807, p = 

0.8448). Overall, both models showed constant error 

variance, although the normality assumption was better 

satisfied for the calorific-value model than for the 

kinematic-viscosity model. 

 

Practical Implications of the Developed Models 

The regression models developed in this study provide a 

simple means of estimating the kinematic viscosity and 

calorific value of biodiesel–diesel blends prepared from 

pure and hybrid Jatropha curcas and Azadirachta indica 

feedstocks. By relating these properties to feedstock 

composition and biodiesel blend ratio, the equations 

allow the two fuel properties to be estimated without 

repeated laboratory measurements for every blend 

formulation. Similar applications of predictive modelling 

have also shown the usefulness of data-driven 

approaches for estimating biodiesel thermophysical 

properties and reducing the experimental effort required 

for fuel characterization (Hussain et al., 2025). 

The close agreement between the predicted and 

experimental values shows that the proposed equations 

can be useful for preliminary fuel formulation and quality 

assessment within the experimental range investigated. 

Their simple mathematical form also makes them easy to 

apply using standard statistical packages or spreadsheet 

software, making them suitable for routine engineering 

analysis and related research applications. 
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Furthermore, the regression equations developed in this 

study provide a useful basis for extending predictive 

modelling to other biodiesel feedstocks and blend 

formulations. They can also serve as reference models for 

comparing more advanced predictive approaches, 

including Artificial Neural Networks and other machine-

learning techniques (Bukkarapu & Krishnasamy, 2024b; 

Mwenge & Rutto, 2025). The findings therefore show 

that relatively simple statistical models can provide 

useful estimates of key fuel properties while reducing the 

time, cost and experimental effort associated with 

repeated laboratory measurements. 

The developed MLR models are limited to the conditions 

investigated in this study, covering Jatropha curcas 

composition (J) from 0 to 100% and biodiesel blend ratio 

(B) from 5 to 30%. Since the models were not evaluated 

outside these ranges, predictions beyond these conditions 

should be treated with caution. 

 

CONCLUSION 

This study developed Multiple Linear Regression (MLR) 

models for predicting the kinematic viscosity and 

calorific value of biodiesel–diesel blends produced from 

pure and hybrid Jatropha curcas and Azadirachta indica 

feedstocks. Using Jatropha composition and biodiesel 

blend ratio as predictors, the models clearly described 

how changes in blend composition influenced the two 

fuel properties. 

The high coefficients of determination and low RMSE 

and MAE values, together with the LOOCV results, 

showed that the models provided good predictive 

performance within the experimental conditions 

investigated. The regression equations are simple to 

apply and can support the estimation of kinematic 

viscosity and calorific value during biodiesel 

formulation, fuel quality assessment and preliminary 

engineering analysis. 

The models are limited to the experimental ranges 

considered in this study, covering Jatropha curcas 

composition (J) from 0 to 100% and biodiesel blend ratio 

(B) from 5 to 30%. Since their performance outside these 

ranges was not evaluated, predictions beyond these 

conditions should be treated with caution. Future studies 

could examine other biodiesel feedstocks, wider blend 

ranges and larger independent datasets to further assess 

the applicability of the models. 
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