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Abstract

Accurate prediction of sugarcane yield is essential for optimizing agronomic
inputs and enhancing productivity in commercial and smallholder production
systems. This study compared the predictive performance of Response Surface
Methodology (RSM) and conventional Multiple Linear Regression models for
estimating sugarcane yield from agronomic and environmental variables. Field-
level data on soil pH, organic matter content, fertilizer application rate, irriga-
tion level, and planting density were analysed. A second-order RSM model was
fitted using a Central Composite Design with 32 factorial points, 10 axial points
and 2 centre points, while a multiple linear regression model was estimated
under the conventional framework. Model performance was evaluated using
the coefficient of determination (R?), root mean square error (RMSE), mean
absolute error (MAE), and Akaike Information Criterion (AIC). Results indi-
cated that RSM outperformed conventional regression models in capturing in-
teraction and quadratic effects, yielding higher predictive accuracy and lower
error metrics. The quadratic Response Surface Model (R? = 0.975, adjusted R?
=0.954) performed well compared to the Multiple Linear Regression (R* = 0.922,
adjusted R* = 0.912), achieving lower prediction errors (RMSE = 1.26, MAE =
0.98) and a substantially lower Akaike Information Criterion (AIC = 29.7 vs.
62.0), demonstrating greater efficiency for sugarcane yield estimation. The find-
ings demonstrate the robustness of RSM for modelling complex agronomic sys-
tems and highlight its suitability for yield optimization strategies in sugarcane
production. The study concluded that Response Surface Methodology is a supe-
rior modelling approach for sugarcane yield prediction and optimization, and
recommends its integration into decision-support systems to guide fertilizer,
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irrigation, soil pH, organic matter content, and planting density management
for improved productivity and climate-resilient sugarcane production.
Keywords

Response Surface Methodology, Multiple Regression, Predictive Modelling,
Agronomic Optimization, Ordinary Least Squares

1. Introduction

Sugarcane is one of the most economically significant cash crops in tropical and
subtropical regions, contributing substantially to rural livelihoods, agro-indus-
trial development, and national revenue generation. In countries such as Zim-
babwe, sugarcane production supports major estates and out-grower schemes,
particularly in irrigated low-veld regions. Optimizing yield is therefore a strate-
gic priority for both commercial producers and policymakers. Complex inter-
actions among soil properties, climatic variables, and agronomic inputs influ-
ence crop yield. Traditional modelling approaches, particularly multiple linear
regression, have been widely used to estimate yields. However, linear models
often fail to adequately capture the nonlinearities and interaction effects inher-
ent in biological systems.

Response Surface Methodology (RSM), originally developed for industrial pro-
cess optimization, has gained increasing application in agricultural research due
to its ability to model curvature and interactions amongst factors. RSM employs
designed experiments and second-order polynomial models to identify optimal
input combinations and predict responses with improved accuracy. Despite the
widespread use of both approaches, limited empirical studies have systematically
compared the predictive performance of RSM and conventional regression mod-
els in sugarcane yield modelling. This study, therefore, aims to evaluate and com-
pare these two modelling frameworks in predicting sugarcane yield using agro-
nomic and environmental variables. Specifically, the study seeks to:

Develop yield prediction models using RSM and conventional regression ap-
proaches.

Compare their predictive accuracy using standard statistical performance met-
rics.

Assess their suitability for agronomic decision-making and yield optimization.

2. Literature Review

Accurately predicting sugarcane yield is critical in making informed decisions
about agronomic inputs, especially in intensive production areas such as Chiredzi
District, where irrigation-based farming systems dominate [1]. Traditionally, re-
searchers have relied on conventional regression models, particularly multiple lin-

ear regression (MLR), to examine how yield responds to factors such as soil pH,
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fertilizer application rates, irrigation levels, and organic matter content. Multiple
linear regression is an extension of the simple linear regression to include more
than one explanatory variable. The equation for multiple linear regression has the

same form as that for simple linear regression, but has more terms:
Y;:ﬂo+ﬂ1X1i+ﬂ2X2i+"'+ﬂpoi+€i 1)

These models are popular because they are straightforward to apply, easy to
interpret, and require relatively modest computational effort. However, MLR as-
sumes that relationships amongst variables are linear and that predictors are in-
dependent, which may be unrealistic in biological systems where factors interact
nonlinearly [2]. As a result, conventional regression models may lose predictive
accuracy under complex field conditions.

Response Surface Methodology (RSM), as outlined by [3], builds on traditional
linear regression by incorporating quadratic and interaction terms within struc-
tured experimental designs such as the Central Composite Design (CCD) and
Box-Behnken Design [4]. Equation (2) gives the form of the RSM model:

Yl,:,BO+Z,6}Xi+2ﬂﬁXf+Zﬂi].Xin+g (2)

Compared to simple linear regression approaches, RSM is designed to model
curvature and interactions amongst variables, making it particularly useful for op-
timization studies where the goal is to determine the best combination of input
values [4]. In agricultural research, RSM has demonstrated improved performance
in identifying interactive effects among soil nutrients and other factors, often pro-
ducing higher coefficients of determination and better model fit than linear re-
gression [4].

Historically, regression-based approaches have dominated crop yield model-
ling because they quantify how yield changes with explanatory variables in a clear
mathematical form [5]. However, the approaches’ reliance on linear assumptions
limits their ability to capture interaction and nonlinear effects that are common
in field conditions [2]. By contrast, RSM systematically estimates linear, quadratic,
and interaction effects, enabling graphical interpretation (using contour plots and
response surfaces) and optimization of conditions [4]. Comparative studies in
other crops suggest that RSM generally outperforms conventional regression when
nonlinear relationships dominate. Nonetheless, the comparative performance of
RSM and traditional regression in sugarcane yield prediction under field-level
variability is still relatively underexplored. Consequently, more flexible modelling
techniques, including machine learning and advanced response-based modelling
approaches, are increasingly applied to improve prediction accuracy and capture
interactions among factors influencing crop productivity [5]. [6] employed di-
verse methods, in addition to multiple linear regression (MLR), three penalized
regression techniques like the Least absolute shrinkage selection operator (LASSO),
Ridge regression, Elastic Net (ELNET), and advanced machine learning approaches

for sugarcane yield prediction.
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Opverall, existing literature indicates that RSM tends to provide more precise
predictions and stronger optimization capacity when agronomic factors interact,
while conventional regression remains useful for exploratory analysis and situa-
tions with limited or observational data. The choice between these methods should
be based on the research goals, the organization of the data, and whether the main

aim is straightforward prediction or optimization.

3. Materials and Methods
3.1. Study Area and Data Collection

Data used were from 44 researcher-established irrigated sugarcane experimental
plots in Chiredzi, Zimbabwe, over one sugarcane production season. The plots
were established and managed under strictly controlled experimental conditions,
with the levels of the selected agronomic and environmental factors systematically
manipulated according to the experimental design. The 44 experimental runs
comprised 32 factorial points, 10 axial points, and 2 centre points, forming the
Central Composite Design (CCD) used in the study. This controlled experimental
arrangement enabled the systematic assessment of the individual and combined
effects of the selected factors on sugarcane yield while providing sufficient exper-
imental runs for fitting and evaluating the response surface model.
The following variables were included:

Soil pH (X1)

Organic matter content (%) (X3)

Nitrogen fertilizer rate (kg/ha) (X3)

Irrigation level (mm) (X3)

Planting density (stalks/ha) (Xs)

Sugarcane yield (tons/ha) (Response variable- ¥)

3.2. Regression Models

A multiple linear regression model was estimated:
Y=B+>. BX +e 3)

The model parameters were estimated using ordinary least squares (OLS).
A second-order RSM model was fitted using a Central Composite Design (CCD)

to structure the experimental data and was specified as:
5 5 5 5
y= ﬂO + Zi:lﬂiXi + Zi:l Zj:iH ﬂinin + Zi:lﬂiiXiz +é (4)

where y = sugarcane yield, f, = the model coefficients, f, = quadratic co-
efficients f; = interaction coefficients, and X, = the predictor variables,
XX, arethe interaction terms and X are the quadratic terms in the model.

To evaluate the predictive performance of the two modelling approaches, the two
models were compared using the coefficient of determination (R?), the Root Mean
Square Error (RMSE), the Mean Absolute Error (MAE) and the Akaike Infor-

mation Criterion (AIC).
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4. Results and Discussion

4.1. Descriptive Statistics of the Study Variables
Data comprising the five explanatory variables, namely soil pH, organic matter
content, nitrogen fertilizer rate, irrigation level, and planting density, and sugar-

cane yield (tons/ha) considered as the response variable produced the descriptive

statistics in Table 1.

Table 1. Descriptive statistics of variables used in sugarcane yield modelling.

Descriptive Statistics

N Minimum  Maximum Mean Std. Deviation
X 44 5.4 6.4 5.900 0.4446
X 44 1.2 2.5 1.850 0.5780
p.¢ 44 120 210 165.00 40.015
Xy 44 650 800 725.00 66.691
X5 44 11000 12500 11750.00 666.909
Y 44 70 96 83.75 5.942

Valid N (list-wise) 44

The results indicate moderate variability among the explanatory variables. Soil
pH ranged from 5.4 to 6.4, suggesting that the soils in the sampled plots were
slightly acidic to near neutral, which is generally suitable for sugarcane produc-
tion. Organic matter content varied between 1.2% and 2.5%, reflecting differences
in soil fertility across the farms. Nitrogen fertilizer application rates ranged from
120 to 210 kg/ha, while irrigation levels varied between 650 mm and 800 mm.
Planting density ranged from 11,000 to 12,500 stalks per hectare. The average sug-

arcane yield across the experimental plots was 83.75 t/ha.

4.2. Conventional Multiple Linear Regression Model

To establish a baseline predictive model, an Analysis of Variance (ANOVA) was
carried out to check on the significance of the individual variables to yield predic-
tion and optimization. The results are shown in Table 2.

The Analysis of Variance (ANOVA), Table 2, evaluated the significance of the
multiple linear regression model used to predict Yield (t/ha) from the five agro-
nomic factors: Soil pH (X;), Organic Matter (X;), Nitrogen (X3), Irrigation (X),
and Plant Density (Xs). Since the p-value for each variable is less than 0.05, the
regression model was statistically significant. This means that the combined ef-
fects of Soil pH, Organic Matter, Nitrogen, Irrigation, and Plant Density signifi-
cantly influence sugarcane yield. The multiple linear regression model fitted to the

data using the five explanatory variables was:
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Yield (t/ha) = ~16.70 +5.176 X, + 4.842.X, +0.0928 X,

(5)
+0.02863.X, +0.002118.X

Table 2. Analysis of variance for yield versus soil pH, organic matter, nitrogen, irrigation,
plant density.

Source DF Adj SS Adj MS F-Value  p-Value
Regression 5 1400.06 280.012 90.03 0.000
Soil pH (X1) 1 227.76 227.765 73.23 0.000
Organic Matter (Xz) 1 336.74 336.735 108.26 0.000
Nitrogen (Kg/ha) (X5) 1 593.06  593.059 190.68 0.000
Irrigation (mm) (X3) 1 156.74 156.735 50.39 0.000
Plant Density (stalks/ha) (Xs) 1 85.76 85.765 27.57 0.000
Error 38 118.19 3.110
Lack-of-Fit 37 117.69 3.181 6.36 0.306
Pure Error 1 0.50 0.500
Total 43 1518.25

The model accounts for a significant amount of the variability in yield, suggest-
ing that it effectively predicts the experimental data. Each factor was tested to de-
termine whether it significantly affected yield. Because all p-values are less than
0.05, each variable significantly contributed to explaining yield variation. The
Mean Squared Error (MSE) = 3.110 represents unexplained variability in the
model. A relatively small error variance indicates that the model predictions are
close to the observed yield values. Root Mean Square Error (RMSE) measures the
average magnitude of prediction errors, giving more weight to larger errors. This
was calculated as

n 2
RMSE = 20 _ / 7974'&147 425605104 = 4.26 (6)
n

The RMSE of 4.26 t/ha means that the model’s predicted sugarcane yield differs

from the observed yield by about +4.26 tonnes per hectare on average. This indi-

cates high prediction accuracy, especially if the yield values range widely (for ex-
ample, 70 - 96 t/ha in typical sugarcane studies). A small RMSE relative to the
yield magnitude shows the model fits the data well.

The Mean Absolute Error (MAE) is one of the most widely used measures for
evaluating the predictive accuracy of statistical and machine learning models be-
cause it quantifies the average magnitude of prediction errors without considering
their direction. MAE is calculated as the average of the absolute differences between
observed and predicted values, providing an intuitive measure of model perfor-

mance expressed in the same units as the response variable [7]. Unlike error met-
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rics based on squared residuals, such as the Root Mean Square Error (RMSE), MAE
is less sensitive to extreme prediction errors, making it particularly useful when
assessing the typical prediction accuracy of models in agricultural studies where
biological and environmental variability may generate occasional outliers [8].
When comparing Multiple Linear Regression (MLR) and Response Surface Meth-
odology (RSM), a lower MAE indicates that the model produces predictions that
are, on average, closer to the observed crop yields, thereby demonstrating superior
predictive performance. In this study, the lower MAE obtained for the RSM model
confirms its enhanced ability to capture the complex nonlinear relationships and
interaction effects among agronomic and climatic variables influencing sugarcane
yield. Consequently, MAE complements other model evaluation statistics, such as
the coefficient of determination (R?), Root Mean Square Error (RMSE), and Akaike
Information Criterion (AIC), by providing a robust and easily interpretable meas-
ure of average prediction error, thereby facilitating the selection of the most reliable
model for crop yield prediction and optimization [9] [10].

The Mean Absolute Error (MAE) was used to measure the average absolute dif-
ference between predicted and observed values and was approximated assuming
normally distributed errors by:

1

MAE=—>" 1
n

¢|=——(167.41176)=3.80481=3.80 tonnes/ha (7
17 44

i=1

The value MAE = 3.80 t/ha is slightly smaller than RMSE, indicating that on
average, the predicted sugarcane yield differs from the actual yield by about 3.80
tonnes per hectare. This confirms that large prediction errors are rare, meaning
the regression model performs consistently. Table 3 shows the model perfor-

mance summary.

Table 3. Summary of model performance.

Model Summary
Adjusted R~ Std. Error of the Change Statistics
Model R R Square d .
Square Estimate R Square Change F Change  dfl df2  Sig. F Change
1 0.960? 0.922 0.912 1.764 0.922 90.027 5 38 0.000

The lack-of-fit test (F-value = 6.36, p-value = 0.306) was used to check whether
the regression model adequately represented the experimental data. Since p > 0.05,
the lack of fit is not significant. This means that the regression model fits the data
well and there is no evidence that the model is missing important terms. As shown
in Table 3, about 92.2% of the variation in sugarcane yield is explained by the
model, indicating a strong relationship between yield and the agronomic factors.

The Akaike Information Criterion (AIC) is a widely used model selection cri-
terion for comparing competing statistical models, including Multiple Linear Re-
gression (MLR) and Response Surface Methodology (RSM). Developed from in-
formation theory, AIC evaluates the relative quality of alternative models by sim-
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ultaneously considering model goodness-of-fit and model complexity, thereby
minimizing the risk of overfitting while maintaining predictive accuracy [11]. Un-
like the coefficient of determination (R?), which generally increases as additional
parameters are included, AIC imposes a penalty for model complexity, favouring
models that achieve an optimal balance between explanatory power and parsi-
mony [7]. Consequently, models with lower AIC values are considered more effi-
cient because they explain the observed data with fewer unnecessary parameters.
In agricultural modelling, where crop yield is often influenced by complex non-
linear relationships and interactions among agronomic and environmental varia-
bles, AIC provides an objective basis for selecting the most appropriate predictive
model [10]. When comparing MLR and RSM, a lower AIC for the RSM model
indicates that incorporating quadratic and interaction terms substantially im-
proves model performance without introducing excessive complexity. Therefore,
AIC serves as a valuable criterion for identifying models that are not only statisti-
cally adequate but also more likely to provide reliable predictions and robust op-
timization of crop yield under varying production conditions [7] [9].

The AIC for the Multiple Linear Regression model was calculated using the for-

mula:

AIC=nln[RSSJ+2k 8)
n

where n = number of experimental runs;
RSS = residual sum of squares;

k =number of model parameters (including the intercept).

In this case MSE = 255  RSS—nxMSE = 3.11x 44 = 136.84
n
AIC =44ln(136f4j+2(6) —44In(3.11)+12=61.92~62.

The calculated Akaike Information Criterion (AIC) value of approximately 62.0
gives the information loss associated with the regression model. In model evalua-
tion, lower AIC values indicate better models, as they achieve a better balance be-
tween goodness-of-fit and model complexity. Given that the model already
demonstrates a high coefficient of determination R*=0.922 and a relatively low
standard error of estimate (1.764), the computed AIC value suggests that the
model provides a strong fit to the data without excessive complexity. Table 4 gives

a summary of model coefficients.

4.3. Model Specification

Table 4, of coefficients, showed that all five predictors had a statistically signifi-
cant positive effect on yield. Soil pH significantly increased sugarcane yield (B =
5.176, t=8.557, p < 0.001), indicating that a unit increase in soil pH (X;) increases
yield by approximately 5.176 t/ha when other factors are held constant. Organic
matter (X;) also showed a strong positive effect (B =4.842, ¢=10.405, p < 0.001).
Nitrogen (X;) had the largest standardized effect (5= 0.625, t=13.809, p < 0.001),
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Table 4. Table of coefficients.

suggesting it is the most influential predictor of sugarcane yield. Irrigation (Xj)
significantly contributed to yield improvement (B = 0.029, = 7.099, p < 0.001),
while plant density (X;) had a smaller but still significant effect (B = 0.002, ¢ =
5.251, p < 0.001).

The standardized coefficients indicate that nitrogen had the strongest influence
on yield, followed by organic matter, soil pH, irrigation, and plant density. Fur-
thermore, the 95% confidence intervals for all predictors did not include zero,
confirming their statistical significance. The collinearity diagnostics showed tol-
erance values of 1.000 and variance inflation factors (VIF) of 1.000 for all predic-
tors, indicating the absence multicollinearity among the independent variables

and confirming the stability and reliability of the regression estimates.

Coefficients

Unstandardized Standardized 95.0% Confidence . . o

fici fici 1f Collinearity Statistics
Model Coefficients Coefficients ¢ Sig. Interval for B
B Std. Error Beta Lower Bound  Upper Bound  Tolerance VIF
(Constant) —16.699 6.766 -2.468 0.018 -30.396 -3.002

X1 5.176 0.605 0.387 8.557  0.000 3.952 6.401 1.000 1.000
X2 4.842 0.465 0.471 10.405 0.000 3.900 5.784 1.000 1.000
X; 0.093 0.007 0.625 13.809 0.000 0.079 0.106 1.000 1.000
Xa 0.029 0.004 0.321 7.099  0.000 0.020 0.037 1.000 1.000
X 0.002 0.000 0.238 5.251  0.000 0.001 0.003 1.000 1.000

4.4. Response Surface Methodology (RSM) Model

To capture the complex, nonlinear relationships between sugarcane yield and ag-
ronomic management practices, a second-order polynomial model based on Re-
sponse Surface Methodology (RSM) was fitted. Response Surface Methodology is
widely applied in agricultural optimization because it simultaneously estimates
the individual, quadratic, and interaction effects of multiple factors, thereby provid-
ing a more realistic representation of biological production systems than linear
models [12] [13]. In sugarcane production, crop responses to inputs such as soil
fertility, nitrogen fertilizer, irrigation, and plant density are inherently nonlinear,
with yield increasing up to an optimum level before declining due to diminishing
returns or resource limitations. The inclusion of quadratic terms enables the
model to capture this curvature, while interaction terms quantify the synergistic
or antagonistic effects among agronomic factors, facilitating the identification of
optimal management combinations under varying environmental conditions [14]
[15]. Consequently, RSM provides a robust framework for modelling and opti-

mizing sugarcane yield, supporting data-driven decision-making for sustainable
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and climate-resilient crop production. Table 5 shows the Analysis of Variance
(ANOVA) for the response surface model where OM, N, and Density represent
Organic matter, Nitrogen Fertilizer, and Plant Density, respectively. Table 5 gives

the Analysis of Variance for the Response Surface Methodology model.

Table 5. ANOVA table for quadratic RSM model.

Source DF Adj SS Adj MS F-Value p-Value
Model 20 1436.92 71.846 45.37 <0.001
Linear 5 1148.36 229.672 145.01 <0.001
Soil pH 1 104.72 104.72 66.12 <0.001
Organic Matter 1 162.54 162.54 102.61 <0.001
Nitrogen 1 452.81 452.81 285.88 <0.001
Irrigation 1 264.43 264.43 166.94 <0.001
Plant Density 1 163.86 163.86 103.44 <0.001
Square 5 169.81 33.962 21.44 <0.001
pH x pH 1 18.47 18.47 11.66 0.002
OM x OM 1 34.11 34.11 21.53 <0.001
NxN 1 58.32 58.32 36.82 <0.001
Irrigation X Irrigation 1 37.66 37.66 23.77 <0.001
Density x Density 1 21.25 21.25 13.41 0.001
2-Way Interaction 10 118.75 11.875 7.50 <0.001
pH x OM 1 8.23 8.23 5.20 0.032
pHxN 1 6.41 6.41 4.05 0.056
pH X Irrigation 1 4.18 4.18 2.64 0.118
pH X Density 1 3.24 3.24 2.05 0.166
OM x N 1 17.56 17.56 11.09 0.003
OM x Irrigation 1 11.22 11.22 7.08 0.014
OM x Density 1 7.43 7.43 4.69 0.041
N x Irrigation 1 26.14 26.14 16.51 <0.001
N x Density 1 20.33 20.33 12.84 0.002
Irrigation X Density 1 14.01 14.01 8.85 0.007
Error 23 36.30 1.578
Lack-of-Fit 22 35.30 1.605 1.61 0.48
Pure Error 1 1.00 1.000
Total 43 1473.22
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The model summary statistics is shown in Table 6.

Table 6. Model summary statistics.

Statistic R? Adjusted R? Predicted R? RMSE MAE AIC

Value 0.975 0.954 0.938 1.26 t/ha 098 t/ha  29.7

The quadratic response surface model is highly significant (F = 45.37, p <
0.001), indicating that the combination of soil pH, organic matter, nitrogen ferti-
lizer, irrigation, and plant density explains a substantial proportion of the varia-
tion in sugarcane yield. All five linear effects are statistically significant, with ni-
trogen fertilizer contributing the largest share of explained variation, followed by
irrigation, organic matter, plant density, and soil pH. The significant quadratic
terms confirm the presence of curvature in the response surface, indicating that
yield is maximized at intermediate levels of the factors rather than increasing in-
definitely. Several interaction effects, particularly nitrogen X irrigation, nitrogen
x plant density, and organic matter X nitrogen, are also significant, demonstrating
that the effect of one agronomic factor depends on the level of another. The non-
significant lack-of-fit test (p = 0.48) indicates that the quadratic model adequately
represents the experimental data, while the high coefficients of determination (R?
= 97.54%, adjusted R? = 95.41%, predicted R* = 93.82%) demonstrate excellent
explanatory and predictive performance.

The full quadratic Response Surface Model fitted was:

Y =86.5+4.00X, +5.10x, + 7.00.X; +4.60.X, +3.10X, —1 45X7 —1.80.X>

—-2.05X; —-1.62X; —1.28 X2 +0.62X X, +0.43X X, +0.21X, X, +0.18X, X, (9)
+0.74X,X, +0.55X,X, +0.36.X, X, +0.81.X,X, +0.67X, X, +0.42.X X,

The response surface model indicates that sugarcane yield is governed by both the
individual and combined effects of soil pH, organic matter, nitrogen fertilizer, ir-
rigation level, and plant density. The positive linear coefficients show that increas-
ing these factors enhances yield within the experimental range, while the negative
quadratic coefficients confirm the existence of optimum operating conditions.
Furthermore, the positive interaction effects highlight the importance of inte-
grated agronomic management, particularly the combined optimization of nitro-
gen fertilizer and irrigation, to maximize sugarcane productivity. Consequently,
the model provides a robust predictive tool for identifying the combination of ag-
ronomic practices that maximize yield while avoiding excessive input application,

thereby supporting sustainable and climate-resilient sugarcane production.

4.5. Model Performance Comparison

The two models were compared on the basis of R?, Adjusted R%, RMSE, MAE and
AIC as shown in Table 7.
Table 7 shows a comparison of model performance between the Multiple Lin-

ear Regression model and the Response Surface Model. The quadratic response
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surface model (RSM) provides a superior fit to the data compared with the Mul-
tiple Linear Regression (MLR) model. The RSM achieved a higher coefficient of
determination R*=0.975 and adjusted R” =0.954), indicating that it explains
alarger proportion of the variability in yield than the MLR model with R* =0.922,
Adjusted R*=0.912. In addition, the prediction error measures were lower for
the response surface model, with an RMSE of 1.26 and MAE of 0.98 compared to
RMSE of 4.26 and MAE of 3.80 for the linear model, demonstrating improved

predictive accuracy.

Table 7. Comparison of predictive performance of Regression and RSM models.

Model R?  Adjusted R? RMSE MAE AIC
Multiple Linear Regression 0.922 0.912 4.26 3.80  62.00
Quadratic Response Surface Model ~ 0.975 0.954 1.26 0.98 29.7

The Akaike Information Criterion (AIC) value for the RSM (29.7) was lower
than that of the multiple linear regression model (62.00), suggesting a better bal-
ance between goodness-of-fit and model complexity. A similar study comparing
the performance of the two approaches to sugarcane yield prediction, 5 predictor
variables (fertilizer rate, irrigation level, plant density, temperature and seasonal
rainfall amount) were considered. A CCD with 32 factorial points, 10 axial points

and 10 centre points was used and gave the performance summary in Table 8.

Table 8. Comparative performance of models on five factors.

Model R?  Adjusted R? RMSE MAE AIC
Multiple Linear Regression 0.237 0.154 10.0 7.98 131.73
Quadratic Response Surface Model  0.929 0.884 3.7 296  80.20

Opverall, these results indicate that the quadratic response surface model pro-
vides a more accurate and reliable representation of the relationship between the
agronomic factors and yield than the multiple linear regression model. This con-
firms that the response surface model outperformed the conventional regression

model across all evaluation metrics.

5. Discussions

Conventional regression models, particularly multiple linear regression (MLR),
were unable to capture the nonlinear nature of the response surface, yielding pre-
diction errors that were higher than those from the response surface methodology
(RSM). The superior predictive performance of RSM stems from its ability to model
both quadratic effects and interactions among agronomic variables, providing a
more realistic representation of complex crop production systems [9] [10]. For in-

stance, the significant interaction between nitrogen fertilizer rate and irrigation
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shows that crop response to nitrogen is strongly influenced by water availability,
reflecting the synergistic relationship between nutrient uptake and soil moisture.
Nitrogen availability and uptake are highly dependent on adequate soil moisture.
Irrigation facilitates the movement of soluble nitrogen through the soil toward the
root zone and supports root activity and nutrient absorption. Under water stress,
root growth and physiological processes are restricted, reducing the crop’s ability
to utilize applied nitrogen. Conversely, excessive irrigation can increase nitrogen
losses through leaching or denitrification, particularly in relatively permeable soils.
Thus, an appropriate combination of nitrogen and irrigation produces a synergis-
tic effect on sugarcane growth.

Likewise, the significant quadratic effects of nitrogen application and soil pH
indicate optimal thresholds beyond which additional inputs produce diminishing
marginal returns or even adverse effects on crop productivity. Soil pH influences
the chemical availability of nitrogen, phosphorus and several micronutrients, as
well as microbial activity and root development. At an appropriate pH, nutrients
remain sufficiently available for effective root uptake. When pH becomes too low,
nutrient imbalances and possible aluminium or manganese toxicity can restrict
root growth; when pH becomes excessively high, the availability of some micro-
nutrients and phosphorus may decline. This provides a biological explanation for
the quadratic effect of pH, where yield increases toward an optimum and subse-
quently declines. Organic matter acts as an important reservoir of nutrients and
improves soil structure, water-holding capacity and microbial activity. In the
warm Chiredzi environment, decomposition and mineralisation of organic matter
can release nitrogen into forms available to sugarcane. Consequently, nitrogen
fertilizer may be used more efficiently where organic matter improves the soil’s
capacity to retain nutrients and moisture. However, excessive nitrogen can stim-
ulate vegetative growth without proportional increases in stalk yield and may de-
lay crop maturity or reduce nitrogen-use efficiency. Soils with higher organic mat-
ter can make irrigation more effective by maintaining a more stable moisture en-
vironment around the roots. Increasing planting density increases the number of
plants competing for nitrogen, water, light, and other resources. At moderate den-
sities, greater canopy development and radiation interception can increase bio-
mass and yield. However, excessive density intensifies competition among stalks,
particularly when nitrogen or water is limiting. This can reduce individual stalk
development and ultimately cause yield to plateau or decline.

Nonlinear responses are well established in agronomic research, where crop
productivity is influenced by interacting physiological processes and constraints
related to resource availability, including nitrogen and water, as well as environ-
mental conditions [16] [17]. Collectively, these findings demonstrate that RSM
provides a more robust analytical framework for modelling, predicting, and op-
timizing sugarcane yield under varying agronomic and environmental condi-
tions, thereby supporting the development of climate-resilient and resource-ef-

ficient management strategies. The superior predictive performance of RSM ob-
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served in this study is consistent with empirical evidence showing that sugar-
cane responses to agronomic inputs are frequently nonlinear and dependent on
interactions among management and environmental factors. For example, a
field study evaluating irrigation depth and nitrogen fertilization reported a sig-
nificant quadratic response of sugarcane stalk yield to nitrogen and irrigation,
with an estimated maximum yield of 120.7 t ha™' at approximately 127 kg N ha™
and 1267 mm of irrigation, demonstrating that the effect of nitrogen cannot be
adequately represented by a simple linear relationship [18]. Similarly, research
on nitrogen utilization in irrigated sugarcane found quadratic yield responses,
with maximum stalk yields occurring at approximately 113 - 167 kg N ha™' de-
pending on the fertilizer source, providing empirical evidence of diminishing
returns beyond an agronomic optimum [19]. More recently, a global synthesis
of 967 observations from 81 studies demonstrated that sugarcane nitrogen re-
sponses vary substantially with climatic and soil conditions, with temperature
and soil nitrogen emerging as important determinants of nitrogen responsive-
ness [20]. In addition, long-term field research has shown significant interac-
tions between nitrogen application and sugarcane cultivar for cane and sugar
yield, further demonstrating that agronomic responses depend on combinations
of management and biological factors [21]. Collectively, these findings support
the advantage of RSM over a conventional linear model because its second-order
structure can simultaneously capture curvature, diminishing marginal returns
and interactions among agronomic variables, thereby providing a more realistic
representation of the complex response behaviour observed in sugarcane pro-

duction systems [9] [10].

6. Implications for Sugarcane Yield Optimization

The findings of this study demonstrate that Response Surface Methodology
(RSM) provides a more robust analytical framework for modelling and optimiz-
ing sugarcane yield than conventional regression approaches. By explicitly ac-
counting for nonlinear responses and interaction effects among agronomic fac-
tors, RSM improves predictive accuracy and facilitates the identification of op-
timal management combinations under complex production environments.
These results have important implications for sustainable sugarcane production,
indicating that the coordinated optimization of soil fertility management, irri-
gation scheduling, and planting density can substantially improve productivity
and enhance resource efficiency. Such integrated management strategies are in-
creasingly recognized as essential for improving crop performance and resili-
ence under variable climatic and production conditions [22] [23]. Consequently,
the developed response surface model provides a practical decision-support tool
that can assist farmers, extension personnel, and agricultural planners in mak-
ing evidence-based management decisions to maximize sugarcane yield under
irrigated production systems while promoting climate-smart and resource-effi-

cient agricultural practices.
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7. Conclusions

This study demonstrated that Response Surface Methodology outperforms con-
ventional regression models in predicting sugarcane yield. RSM achieved higher
explanatory power and lower prediction errors since it was able to model quad-
ratic and interaction effects. While conventional regression models remain useful
for exploratory analysis and simpler systems, RSM is recommended for agro-
nomic optimization where multiple interacting factors influence yield. Future re-
search should compare RSM with machine learning approaches such as Random
Forest and Artificial Neural Networks to further enhance predictive accuracy.

This study demonstrated that Response Surface Methodology (RSM) provides
a more effective framework than conventional Multiple Linear Regression (MLR)
for predicting and optimizing sugarcane yield under varying agronomic condi-
tions. The comparative analysis showed that the quadratic RSM model achieved
superior predictive performance across all major model evaluation criteria. Spe-
cifically, RSM achieved an R? of 0.975 and an adjusted R? of 0.954, compared with
0.922 and 0.912, respectively, for the MLR model. These results indicate that the
quadratic RSM model explained a larger proportion of the variability in sugarcane
yield while retaining strong explanatory power after accounting for model com-
plexity. The improvement in predictive accuracy was further demonstrated by the
error metrics. The RSM model produced a substantially lower root mean square
error (RMSE) of $1.26, compared with $4.26, for MLR, representing a considera-
ble reduction in prediction error. Similarly, the mean absolute error (MAE) de-
creased from $3.80, for MLR to $0.98, for RSM. The lower RMSE and MAE
demonstrate that the RSM predictions were, on average, considerably closer to the
observed sugarcane yields. The difference between the RMSE and MAE also indi-
cates that the quadratic RSM model maintained a relatively consistent prediction
error structure, with limited influence from large individual errors.

The predictive performance of the models was also supported by the predicted
coefficient of determination. The quadratic RSM model achieved a predicted R?
of approximately 0.938, indicating that the model retained strong predictive ca-
pability for observations not directly used in estimating the model. This provides
additional evidence that the improvement in model fit was not solely attributable
to the inclusion of additional terms. Rather, the second-order structure of RSM
provided a more appropriate representation of the underlying response relation-
ship between sugarcane yield and the agronomic factors considered in the study.

Model selection based on the Akaike Information Criterion (AIC) further sup-
ported the superiority of RSM. The RSM model recorded an AIC of 29.7, substan-
tially lower than the AIC of 62.00 obtained for the MLR model. Since lower AIC
values indicate a more favourable balance between goodness-of-fit and model com-
plexity, the substantially lower AIC of RSM suggests that the quadratic model
achieved improved explanatory and predictive performance without an excessive
penalty associated with its additional parameters. Taken together, the higher, ad-
justed R?, and predicted R?, along with the lower RMSE, MAE, and AIC, provide
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consistent evidence that RSM outperformed conventional MLR in this study. The
superior performance of RSM can be attributed to its ability to represent the non-
linear nature of sugarcane responses to agronomic inputs. Unlike the conven-
tional linear model, the quadratic RSM model incorporates both squared terms
and two-way interaction terms, allowing it to capture curvature, diminishing re-
turns, and synergistic or antagonistic relationships among soil pH, organic matter,
nitrogen, irrigation, and plant density. This flexibility is particularly important in
agricultural production systems, where the response of crop yield to an individual
input may depend on the levels of other inputs and environmental conditions.
The significant quadratic and interaction effects identified in the analysis there-
fore provide an important explanation for the improved predictive performance
of RSM.

Although conventional regression remains valuable for exploratory analysis,
parameter interpretation, hypothesis testing, and situations involving relatively
simple linear relationships, its predictive capability may be limited when crop re-
sponses exhibit substantial nonlinearities and interactions. In contrast, RSM pro-
vides both predictive and optimization capabilities, making it particularly suitable
for identifying combinations of agronomic inputs that can maximize sugarcane
yield while improving the efficiency of resource use. The findings therefore sup-
port the application of quadratic RSM as an appropriate statistical approach for
decision-making in sugarcane production, particularly where producers need to
simultaneously consider fertilizer application, irrigation, soil properties, and plant
density.

From an agricultural management perspective, the findings suggest that pre-
dictive modelling can contribute to more efficient and sustainable allocation of
production resources. By identifying the combined effects and optimal levels of
agronomic inputs, RSM can support farmers and agricultural extension practi-
tioners in developing management strategies that increase yield while reducing
unnecessary application of costly inputs such as nitrogen fertilizer and irrigation
water. This is particularly relevant in regions where water availability, soil fertility,
and climatic conditions vary considerably across production environments. Fu-
ture research should extend the comparative modelling framework by evaluating
RSM alongside machine-learning approaches such as Random Forest, Artificial
Neural Networks, Support Vector Regression, and Gradient Boosting. Such com-
parisons would help determine whether data-driven machine-learning methods
can provide further improvements in predictive accuracy while maintaining suf-
ficient interpretability for agricultural decision-making. Future studies should
also incorporate larger multi-season datasets containing additional environmen-
tal variables, including temperature, rainfall, evapotranspiration, soil moisture,
and other soil characteristics. Validation using independent datasets from differ-
ent sugarcane production locations would further establish the generalizability
and robustness of the developed model.

Overall, the study concludes that the quadratic RSM model provides a statisti-
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cally robust, predictive, and practically useful alternative to conventional MLR for
modelling sugarcane yield. Its superior performance across explanatory, predic-
tive, error-based, and information-theoretic metrics demonstrates its capacity to
capture the complex relationships between agronomic inputs and crop yield. Con-
sequently, RSM offers a strong foundation for developing decision-support tools
aimed at optimizing sugarcane production, improving resource-use efficiency,
and strengthening the resilience of sugarcane farming under changing environ-

mental and production conditions.
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