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ABSTRACT 

The use of geopolymer concrete as a sustainable alternative to ordinary 

Portland cement concrete has increased, but predicting its compressive 

strength remains challenging due to complex interactions among mix and 

curing parameters. This study developed Multilinear Regression (MLR) and 

Random Forest (RF) models to predict the compressive strength of Costus afer-

modified fly ash geopolymer concrete using curing temperature, activator 

ratio, and sodium hydroxide concentration. Model performance was evaluated 

using R², MAE, MSE, and MAPE. The RF model outperformed MLR, achieving 

R² values of 0.9898 and 0.9882 for training and testing, respectively, with 

testing MAE, MSE, and MAPE of 1.3396 MPa, 2.2104 MPa², and 6.11%. 

Feature importance analysis identified curing temperature as the most 

influential parameter, followed by activator ratio, while sodium hydroxide 

concentration had the least effect. The RF model offers a reliable tool for 

strength prediction and mixture optimization. 

.

 

1. Introduction 

Concrete is the most widely used construction material due to its versatility, durability, and low cost. 

However, ordinary Portland cement (OPC) production is highly carbon-intensive, contributing 5–8% of 

global anthropogenic CO₂ emissions [1–3]. To reduce this footprint, supplementary cementitious 

materials partially replace OPC, but they do not eliminate dependence on it. This has driven interest in 

alkali-activated materials and geopolymer binders, which use aluminosilicate-rich industrial by-

products to produce low-carbon construction materials [4].  
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Unlike OPC, geopolymers form through alkali activation, where silica and alumina dissolve in alkaline 

environments and polymerize into a three-dimensional aluminosilicate network (N-A-S-H gel), eliminating 

the need for clinker [5, 6]. Low-calcium (Class F) fly ash is a particularly suitable precursor due to its high 

reactive silica and alumina content, favourable particle morphology, and availability. Its use also reduces 

landfill disposal. Life-cycle assessments confirm geopolymer concrete generally has a lower global warming 

potential than OPC concrete, though benefits depend on activator production and curing conditions [7, 8]. 

The engineering performance of fly ash-based geopolymer concrete is governed by precursor characteristics, 

alkaline activator composition, and curing conditions. The sodium silicate-to-sodium hydroxide ratio 

(activator ratio), NaOH concentration, and curing temperature are primary variables controlling compressive 

strength [9, 10]. The activator ratio regulates soluble silica for polymer chain development; insufficient silica 

limits polymerization, while excess increases viscosity and reduces workability. NaOH concentration 

controls dissolution rates; high concentrations accelerate early strength but can cause workability loss and 

microstructural defects. Heat curing accelerates geopolymerization and early-age strength, but excessive 

temperatures may induce moisture loss and microcracking [11, 12]. These factors interact nonlinearly, 

making optimization challenging. 

 

To improve sustainability, agricultural residues such as rice husk ash, sugarcane bagasse ash, and palm oil 

fuel ash are being investigated as supplementary precursors [13, 14]. Among these, Costus afer ash—

abundant in tropical regions—has gained interest. Controlled calcination produces reactive silica and 

alumina that can enhance particle packing and strengthen the geopolymer matrix [15]. However, its 

effectiveness depends on composition, fineness, calcination conditions, replacement level, and activator 

parameters. Given the complexity of these interactions, predictive modelling is essential. Multiple Linear 

Regression (MLR) offers simplicity and interpretability but assumes linear relationships, limiting its 

accuracy for geopolymer systems [16, 17]. Machine learning techniques like Random Forest (RF) capture 

nonlinear interactions and variable importance, making them well-suited for modelling complex 

cementitious materials [18, 19]. 

 

Despite advances, knowledge gaps remain: few studies examine combined effects of curing temperature, 

activator ratio, and NaOH concentration, and limited research exists on Costus afer ash in fly ash-based 

geopolymers. Existing models may not apply to mixtures with this additive, and systematic comparisons 

between MLR and RF are scarce. This study addresses these gaps by investigating the combined influence 

of curing temperature, activator ratio, and NaOH concentration on the compressive strength of Costus afer-

modified fly ash geopolymer concrete. Using a controlled experimental dataset, MLR and RF models are 

developed and compared to evaluate predictive performance and characterize variable interactions. The 

findings aim to support the optimization of sustainable geopolymer mixtures and provide reliable predictive 

tools for environmentally responsible concrete design. 

 

2. Methodology 

2.1 Materials 

2.1.1 Fly ash (FA) 

The fly ash used for the study was Class F, in accordance with ASTM C618-19 [20]. It was obtained locally 

from a vendor in Port Harcourt, Rivers State, Nigeria. The raw fly ash was ground to finer particles and 

sieved with a 75 microns sieve, to ensure uniform particle size distribution. The particle size distribution of 

the fly ash used in the study is shown in Figure 1, while the chemical composition as obtained from X-ray 

fluorescence (XRF) is shown in Table 1. 
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Figure 1: Particle size distribution of fly ash and Costus afer bagasse ash 

 

2.1.2 Costus afer (CA) Bagasse ash 

The Costus afer plant used in this study was collected from forests in Odiokwu village, which is located in 

the Ubie District of Ekpeye land, Ahoada West Local Government Area, Rivers State, Nigeria. After 

harvesting, the plant was carefully taken to the Civil Engineering lab at Ken Saro-Wiwa Polytechnic in Bori, 

Rivers State, where it underwent processing into ash. The process involved peeling of the fibers from the 

stalks. Thereafter, the stems were crushed into smaller bits to break down the fibrous material. Next, these 

crushed pieces were burned to ash in an electric furnace set to 600°C for about two hours, based on the 

method described by Palanisamy [21]. The complete process is shown in Figure 2. After all these, the ash 

was passed through a 75 µm sieve to make sure all particles were the same size. The particle size distribution 

of the Costus afer bagasse ash used in the study is shown in Figure 1, while the chemical composition as 

obtained from X-ray fluorescence (XRF) is shown in Table 1. 

 

Table 1: Chemical composition of Fly ash and Costus afer bagasse ash 

Chemical property 
Percentage (%) 

FA CA 

Silicate oxide (SiO2) 35.61 69.51 

Aluminium oxide (Al2O3) 14.89 1.93 

Ferric oxide (Fe2O3) 21.81 0.55 

Calcium oxide (CaO) 7.85 1.83 

Sulphur oxide (SO3) 2.81 0.42 

Others 14.94 25.76 

Loss on ignition (LOI) 1.92 9.49 

(SiO2) + (Al2O3) + (Fe2O3) 72.31 71.97 
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(c) (d) 

  
Figure 2: (a) Harvested Costus afer plant (b) Peeled and cut stems of Costus afer plant (c) Pulverized 

Costus afer fibre (d) Costus afer ash 

2.1.3 Aggregates 

The aggregates used in the study, which was comprised of fine and coarse aggregates, was obtained from 

local quarry sites in Port Harcourt and environs. The aggregates were treated by removal of impurities, and 

drying under air to ensure that the moisture content conforms with the specifications given in BS EN 

12620:2013 [22]. The particle size distribution of the aggregates and their physical properties are shown in 

Figure 3 and Table 2 respectively. 

 
Figure 3: Particle size distribution for aggregates 

Table 2: Physical properties of aggregates 
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Property Coarse Aggregate Fine Aggregate 

Specific Gravity 2.65 2.55 

Bulk Density (kg/m³) 1600 1450 

Water Absorption (%) 1.5 2.0 

Fineness Modulus 6.5 2.8 

Maximum Aggregate Size (mm) 20 4.75 

 

2.1.4 Alkaline activators 

In this study, two types of alkaline activators were used: sodium hydroxide (NaOH) and sodium silicate 

(Na₂SiO₃). Both were bought from local chemical suppliers in Port Harcourt, Rivers State, Nigeria. The 

sodium hydroxide came as pellets with a purity level of 97%, meeting the requirements of BS EN 

15743:2010+A1:2015 [23]. These pellets were mixed with distilled water to prepare sodium hydroxide 

solutions at different concentrations – 8M, 10M, 12M, 14M, and 16M. The sodium silicate solution was 

prepared using the same approach. Once both solutions were ready, they were combined in various mixing 

ratios, referred to in this study as the activator ratio. The ratios used in the mixing were 0.5, 1.0, 1.5, 2.0, and 

2.5. The final blended alkaline solutions were then used to make the geopolymer concretes. 

 

2.2 Mix Design and Proportions 

The mix design adopted in this study was based on a modified conventional concrete proportioning approach, 

tailored to accommodate the unique characteristics of geopolymer binder systems. A base mix ratio of 

1:1.38:2.82 (binder: fine aggregate: coarse aggregate) by weight was adopted for this study. When adjusted 

for differences in specific gravity and packing behaviour between geopolymer materials and conventional 

cement-based systems, this proportion closely aligns with the commonly used 1:2:4 mix [24]. The adjustment 

was necessary to ensure that the mix maintained suitable workability, good particle distribution, and 

satisfactory mechanical properties within the geopolymer system. Costus afer bagasse ash was used to 

replace fly ash, which is the main precursor for the geopolymer, at various percentages of 5, 10, 15 and 20% 

by weight of fly ash. 

 

2.3 Concrete Batching and Curing 

For the preparation of the geopolymer concrete, the dry binder constituents – fly ash and Costus afer bagasse 

ash – were first combined in a mechanical mixer to achieve a homogeneous distribution of the bagasse ash 

throughout the mixture. Subsequently, the alkaline activator solution was introduced gradually, with 

continuous mixing, until a uniform and workable paste was obtained. Following the formation of a consistent 

paste, the fine and coarse aggregates were incorporated into the mix. Mixing was maintained to ensure 

complete coating of all aggregate particles and to preserve uniformity across the entire batch. The fresh 

concrete was then placed into moulds and compacted to eliminate entrapped air and secure adequate 

consolidation. 

 

Thereafter, the geopolymer concrete specimens were subjected to a two-step curing regime, as described by 

Nath [25] and Ahmed [26]. Immediately after casting, the specimens were placed in a preheated oven for a 

duration of 24 hours. A range of curing temperatures was employed in the study to evaluate their effect on 

compressive strength development. These temperatures included ambient temperature (27°C), as well as 

60°C, 70°C, 80°C, 90°C, and 100°C. Upon completion of the initial high-temperature curing period, the 

specimens were removed from the oven, demoulded, and wrapped in a waterproof covering to minimise 

moisture loss. They were subsequently transferred to a fog room with elevated humidity, which provided a 

consistently moist environment to support ongoing reactions within the material. The specimens remained 

under these conditions until testing at the age of 28 days. 
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2.4 Test Methods 

2.4.1 Compressive Strength 

Compressive strength testing of the geopolymer concrete specimens was conducted following the guidelines 

set out in BS EN 12390-3:2019 [27]. On the designated test day, the necessary samples were taken out of 

the fog room, dried off with a clean cloth, and positioned for testing. Each cube was then placed under a 

steadily rising compressive load until it failed, and the highest load it withstood was noted. A compression 

testing machine with a range of 0 to 2000 kN was used for all tests. 

 

2.4.2 Modelling 

Data Set Analysis 

The modelling process considered five independent variables, namely fly ash content, Costus afer (CA) 

bagasse ash content, curing temperature, sodium hydroxide (NaOH) molarity, and activator ratio. The 28-

day compressive strength was adopted as the response (dependent) variable since it is the standard indicator 

used to evaluate the structural performance of concrete. 

 

The descriptive statistics of all the variables employed in the modelling are presented in Table 3. The fly ash 

content varied between 334.16 and 417.70 kg/m³, while the Costus afer bagasse ash content ranged from 0 

to 62.66 kg/m³, reflecting the different levels of cementitious material replacement considered in the 

experimental programme. The curing temperature ranged from 27°C, representing ambient curing 

conditions, to 100°C, thereby capturing the influence of both ambient and elevated-temperature curing. 

Similarly, the concentration of the sodium hydroxide solution varied from 8 M to 16 M, whereas the activator 

ratio was adjusted within the range of 0.5 to 2.5 to investigate its effect on the geopolymerisation process. 

 

To examine the degree of association between the response variable and the selected predictors, a heat map 

correlation matrix was generated, as presented in Figure 4. The analysis revealed that curing temperature 

exhibited the strongest positive relationship with the 28-day compressive strength, with a correlation 

coefficient of 0.81, indicating that curing temperature played a dominant role in determining the strength 

development of the geopolymer concrete mixtures. In contrast, fly ash content, Costus afer bagasse ash 

content, sodium hydroxide molarity, and activator ratio showed relatively weak linear correlations with 

compressive strength. This observation suggests that, although these variables contribute to the overall 

behaviour of the material, their individual effects on compressive strength are less pronounced when assessed 

using simple pairwise correlation. Their influence may instead arise through nonlinear relationships or 

interactions with other variables, thereby justifying the application of advanced machine learning techniques 

capable of capturing such complex relationships. 

 

Table 3: Descriptive statistics of the input parameters 

Variable Count Min. Max. Average Std. Dev. 

Fly ash (kg/m3) 70 334.16 417.70 375.93 29.749 

CA bagasse ash (kg/m3) 70 0 83.54 41.772 29.749 

Curing temperature (°C) 70 27 100 76.214 16.170 

NaOH solution (M) 70 8 16 10.714 1.957 

Activator ratio 70 0.5 2.5 1.821 0.489 

Compressive strength (MPa) 70 11.72 52.71 38.575 9.167 
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Figure 4: Heat map showing the correlation coefficients between all the variables 

 

Train-Test Split 

Before model development, the complete dataset, comprising 70 experimental observations, was randomly 

partitioned into training and testing subsets to enable both model development and independent performance 

evaluation. A total of 63 observations (90% of the dataset) were assigned to the training set, while the 

remaining 7 observations (10%) constituted the testing set. The training dataset was used to fit the models 

by estimating the regression parameters for the Multiple Linear Regression (MLR) model and training the 

Random Forest (RF) algorithm. In contrast, the testing dataset, which was not exposed to the models during 

the training phase, was reserved exclusively for assessing their predictive performance on previously unseen 

data. This approach helps to provide an unbiased evaluation of the models' generalization capability and 

reduces the likelihood of overestimating prediction accuracy. 

 

The predictive performance of the developed models was assessed by comparing the predicted 28-day 

compressive strengths with the corresponding experimentally measured values. Four widely accepted 

statistical performance metrics were employed for this purpose: the coefficient of determination (R2), Mean 

Absolute Error (MAE), Mean Square Error (MSE), and Mean Absolute Percentage Error (MAPE). A model 

was considered to exhibit satisfactory predictive performance if it produced a high coefficient of 

determination together with relatively low values of MAE, MSE, and MAPE. Collectively, these evaluation 

metrics provide complementary information on the goodness-of-fit, prediction accuracy, and robustness of 

the developed models and have been widely adopted in studies involving the prediction of mechanical 

properties of concrete and other cementitious materials. 

 

Model development 

The present study employed Multiple Linear Regression (MLR) and Random Forest (RF) to model the 

compressive strength of Costus afer-modified fly ash geopolymer concrete. The selection of these two 

modelling approaches was motivated by their complementary strengths and their widespread application in 

predictive modelling of engineering materials. 

MLR was selected as the baseline model because it provides a straightforward and interpretable 

mathematical relationship between the response variable and the predictor variables [16, 17]. The model 
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quantifies the individual contribution of each explanatory variable through regression coefficients, making 

it possible to assess the direction and magnitude of the influence of fly ash content, Costus afer bagasse ash 

content, curing temperature, sodium hydroxide concentration, and activator ratio on compressive strength. 

In addition, MLR requires relatively low computational effort and serves as an established benchmark 

against which more advanced predictive algorithms can be evaluated [28, 29]. Although the method assumes 

a linear relationship between the predictors and the response, its simplicity and ease of interpretation make 

it an appropriate starting point for predictive modelling. 

 

On the other hand, random forest was selected because the behaviour of geopolymer concrete is governed 

by complex physicochemical processes involving nonlinear interactions among constituent materials and 

curing conditions [30]. Such interactions are often difficult to capture adequately using conventional linear 

regression models. Random Forest (RF) is an ensemble learning algorithm that constructs multiple decision 

trees using bootstrap samples of the training data and combines their predictions through aggregation, 

thereby improving predictive accuracy and reducing the risk of overfitting [31, 32]. The algorithm is capable 

of modelling nonlinear relationships, handling interactions among variables without prior specification, 

accommodating correlated predictors, and providing measures of variable importance. These characteristics 

make it particularly suitable for modelling the behaviour of cementitious materials, where the effects of 

mixture proportions and curing parameters are rarely purely linear [33–35]. 

 

The combined use of MLR and RF enabled a comprehensive evaluation of the predictive problem from both 

statistical and machine learning perspectives. While MLR provides a transparent and easily interpretable 

analytical model, RF offers greater flexibility in capturing complex relationships embedded in the 

experimental data. 

 

The general form of the MLR model as used in this study is expressed as: 

𝑌 = 𝛽0 + 𝛽1𝑋1 + 𝛽2𝑋2 + 𝛽3𝑋3 + 𝛽4𝑋4 + 𝛽5𝑋5 + 𝜖 (1) 

  

where Y denotes the predicted compressive strength, β0 is the intercept, β1, β2, β3, β4, β5 are the regression 

coefficients associated with the predictor variables (X1, X2, X3, X4, X5), and ε represents the random error 

term. 

 

The RF regression model is expressed as: 

𝑓(𝑥) =
1

𝐵
∑ 𝑇(𝑥; 𝜃𝑏)

𝐵

𝑏=1

 (2) 

 

where B represents the number of trees grown, and 𝑇(𝑥; 𝜃𝑏) denotes the prediction from the bth tree grown 

on bootstrap sample θb. The RF regression was implemented in Python using 

the RandomForestRegressor function available in the scikit-learn library. Given the relatively small size of 

the dataset, the number of decision trees in the ensemble was set to 10. All other hyperparameters were 

retained at their default values as provided by the library. 

 

 

 

3. Results and Discussion 

3.1 Multilinear Regression (MLR) 

The performance statistics of the MLR model (see Table 4) indicate that the model achieved a training R² of 

0.8248 and a testing R² of 0.9331. These values suggest that the linear model was able to explain 
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approximately 82.5% of the variation in the training dataset and 93.3% of the variation in the testing dataset. 

The corresponding MAE values of 2.7784 MPa and 2.8478 MPa for the training and testing datasets, 

respectively, indicate moderate prediction errors, while the MSE values of 11.7742 and 12.5568 confirm that 

some deviations between predicted and measured compressive strengths were relatively large. Likewise, the 

MAPE increased from 7.62% in the training phase to 15.52% in the testing phase, implying a reduction in 

prediction accuracy when the model was applied to unseen data. 

 

Table 4: Performance of MLR model 

Performance metric Training dataset Test dataset 

MAE 2.7784 2.8478 

R2 0.8248 0.9331 

MSE 11.7742 12.5568 

MAPE 0.0762 0.1552 

 

The regression equation obtained for the model was: 

𝐶𝑜𝑚𝑝𝑟𝑒𝑠𝑠𝑖𝑣𝑒 𝑆𝑡𝑟𝑒𝑛𝑔𝑡ℎ
= 166586546693425.72 − 398818641832.4994(𝐹𝐴) − 398818641832.5258(𝐶𝐴)
+ 0.4595(𝑇𝑒𝑚𝑝) − 01267(𝑁𝑎𝑂𝐻) + 8.5532(𝐴𝑅) 

 

Among the process variables, the activator ratio (AR) had the largest positive coefficient (+8.5532), 

indicating that an increase in the sodium silicate-to-sodium hydroxide ratio contributed most strongly to the 

increase in compressive strength within the linear framework of the model. This observation agrees with the 

established understanding that higher activator ratios promote greater dissolution of aluminosilicate species 

and enhance geopolymer gel formation [36–39]. The curing temperature also had a positive coefficient 

(+0.4595), showing that elevated temperatures accelerated geopolymerization and improved strength 

development, although its linear effect was less pronounced than that of the activator ratio. 

 

The negative coefficient for NaOH concentration (−0.1267) suggests that increasing the molarity beyond the 

optimum range reduced compressive strength. Similar behaviour has been reported in geopolymer systems 

where excessive alkali concentration leads to rapid precipitation of reaction products, incomplete 

polycondensation, and increased microstructural defects [38, 39]. The extremely large negative coefficients 

associated with FA and CA are not physically meaningful because both variables remained essentially 

constant throughout the experimental programme; the coefficients therefore reflect multicollinearity rather 

than actual material effects. 

 

The predicted-versus-actual plots for both the training and testing datasets (see Figure 5 and 6) show that the 

MLR model was able to capture the general trend of the experimental data. However, noticeable deviations 

from the line of perfect agreement occurred at higher compressive strength values, indicating that the linear 

assumption was insufficient to fully describe the behaviour of the geopolymer system. The residual plots 

(see Figure 7 and 8) also exhibited a wider dispersion around zero, with several residuals extending beyond 

±5 MPa, confirming the presence of larger prediction errors. 

These findings are consistent with recent studies on geopolymer concrete modelling. Parhi [40] observed 

that conventional regression models produced lower predictive accuracy than nonlinear ensemble algorithms 

when modelling geopolymer concrete strength because the relationships among activator concentration, 

curing conditions, and precursor composition are inherently nonlinear. Similarly, Rathnayaka [41] concluded 

that linear regression techniques generally underperform compared with ensemble learning approaches when 

predicting the compressive strength of fly ash-based geopolymer concrete due to their inability to capture 

complex variable interactions. 
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Figure 5: Plot showing comparison between actual compressive strength and predicted compressive 

strength for the training dataset of the MLR model 

 

 
Figure 6: Plot showing comparison between actual compressive strength and predicted compressive 

strength for the test dataset of the MLR model 
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Figure 7: Plot showing the residuals i.e. the difference between the actual compressive strength and the 

predicted compressive strength for the training dataset of the MLR model 

 

 
Figure 8: Plot showing the residuals i.e. the difference between the actual compressive strength and the 

predicted compressive strength for the test dataset of the MLR model 

 

3.2 Random Forest Regression 

The Random Forest (RF) model demonstrated substantially superior predictive performance (see Table 5). 

The model achieved R² values of 0.9898 for the training dataset and 0.9882 for the testing dataset, indicating 

that approximately 99% of the variability in compressive strength was explained by the model. The MAE 

values decreased to 0.6165 MPa and 1.3396 MPa for the training and testing datasets, respectively, while 

the MSE values were reduced to 0.6856 and 2.2104. Furthermore, the MAPE values of 1.79% and 6.11% 

indicate highly accurate predictions with very small percentage errors. 

Table 5: Performance of RF regression model 
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Performance metric Training dataset Test dataset 

MAE 0.6165 1.3396 

R2 0.9898 0.9882 

MSE 0.6856 2.2104 

MAPE 0.0179 0.0611 

 

The close agreement between the training and testing statistics indicates that the RF model generalized well 

and did not suffer from significant overfitting. The predicted-versus-actual plots (shown in Figure 9 and 10) 

showed that the data points clustered tightly around the 45° line for both datasets, demonstrating excellent 

agreement between measured and predicted strengths. The residual plots (shown in Figure 11 and 12) 

exhibited a narrow distribution around zero, with most residuals confined within approximately ±2 MPa, 

indicating a stable and unbiased predictive behaviour. 

 

 
Figure 9: Plot showing comparison between actual compressive strength and predicted compressive 

strength for the training dataset of the RF regression model 
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Figure 10: Plot showing comparison between actual compressive strength and predicted compressive 

strength for the test dataset of the RF regression model 

 

 
Figure 11: Plot showing the residuals i.e. the difference between the actual compressive strength and the 

predicted compressive strength for the training dataset of the RF regression model 
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Figure 12: Plot showing the residuals i.e. the difference between the actual compressive strength and the 

predicted compressive strength for the test dataset of the RF regression model 

 

The feature importance (see Figure 13) analysis revealed that curing temperature was the most influential 

variable, accounting for approximately 60% of the total model importance. The activator ratio contributed 

about 28%, while fly ash and Costus afer contents contributed roughly 7% and 4%, respectively. NaOH 

concentration had the smallest contribution, approximately 2%. This ranking indicates that curing 

temperature governs the nonlinear strength development process more strongly than any other variable. 

 

 
Figure 13: Plot showing the importance scores of the features of the RF regression model 

 

The dominance of curing temperature agrees with recent investigations. Hu [42] identified curing 

temperature as one of the key factors controlling the compressive strength of fly ash-based geopolymer 
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concrete, together with activator modulus and Si/Al ratio. Their machine learning analysis showed that 

temperature had a stronger influence than several mix composition variables. Similarly, Abdellatief [43] 

reported that Random Forest models outperformed traditional regression approaches when predicting ultra-

high-performance geopolymer concrete strength because ensemble algorithms effectively captured nonlinear 

interactions among curing conditions and binder chemistry. 

 

The excellent performance of the RF model in the present study also agrees with the findings of Bin [44], 

who demonstrated that optimized Random Forest models significantly improved the prediction accuracy of 

geopolymer composite compressive strength compared with simpler statistical models. 

 

3.3 Comparison between MLR and RF 

A direct comparison of the two models (shown in Table 6) clearly demonstrates the superiority of the 

Random Forest approach. 

 

Table 6: Comparison of the performance of the MLR and RF regression models 

Performance metric (test data) MLR RF 

MAE 2.8478 1.3396 

R2 0.9331 0.9882 

MSE 12.5568 2.2104 

MAPE 0.1552 0.0611 

 

The RF model increased the coefficient of determination by approximately 5.9 percentage points relative to 

the MLR model. More importantly, the prediction errors were reduced substantially: the MAE decreased by 

about 53%, the MSE decreased by about 82%, and the MAPE decreased by about 61%. These improvements 

indicate that the RF model not only explained a greater proportion of the strength variability but also 

produced much more accurate individual predictions. 

 

The difference in variable importance between the two models is particularly noteworthy. The MLR model 

identified the activator ratio as the dominant variable because it had the largest positive regression 

coefficient. In contrast, the RF model identified curing temperature as the most influential predictor. This 

discrepancy arises because regression coefficients represent only linear effects, whereas Random Forest 

feature importance reflects both nonlinear effects and interactions among variables. In geopolymer systems, 

curing temperature interacts strongly with activator chemistry and precursor dissolution kinetics, making its 

overall influence much larger than that suggested by a purely linear model. 

 

The present findings are consistent with the broader literature. Rathnayaka [41] concluded that ensemble 

learning techniques generally provide superior prediction accuracy for fly ash-based geopolymer concrete 

because they capture nonlinear material behaviour more effectively than classical regression models. 

Likewise, Cihan [45] reported that Random Forest and other ensemble algorithms achieved very high 

predictive accuracy for geopolymer concrete strength and were less prone to overfitting when properly tuned. 

From an engineering perspective, the results suggest that curing temperature and activator ratio are the two 

critical parameters requiring careful optimization in Costus afer-modified fly ash geopolymer concrete. 

While the activator ratio directly influences the availability of soluble silicate species for geopolymer gel 

formation, curing temperature governs the rate and extent of geopolymerization. The relatively small 

contribution of NaOH concentration in the RF model indicates that, within the investigated range, further 

increases in molarity provide limited additional strength benefits and may even be detrimental when the 

optimum level is exceeded. 
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Overall, although the MLR model provides a simple mathematical expression that may be useful for 

preliminary engineering calculations, the Random Forest model offers substantially better predictive 

capability and a more realistic representation of the complex physicochemical interactions governing the 

compressive strength of Costus afer-modified fly ash geopolymer concrete. Consequently, the RF model is 

recommended as the preferred predictive tool for mixture optimization and performance forecasting in future 

studies. 

 

4. Conclusions 

This study developed and evaluated two predictive models, namely Multilinear Regression (MLR) and 

Random Forest (RF), for estimating the compressive strength of Costus afer-modified fly ash geopolymer 

concrete using curing temperature, activator ratio, and sodium hydroxide concentration as the principal 

process variables. The findings demonstrate that both modelling approaches were capable of predicting 

compressive strength with reasonable accuracy; however, their predictive capabilities differed considerably 

owing to the complexity of the relationships among the input variables. 

 

The MLR model provided a satisfactory representation of the experimental data, achieving coefficients of 

determination (R²) of 0.8248 and 0.9331 for the training and testing datasets, respectively. The regression 

analysis identified the activator ratio as the variable exerting the strongest positive linear influence on 

compressive strength, while curing temperature also contributed positively to strength development. In 

contrast, increasing the sodium hydroxide concentration beyond the investigated optimum range was 

associated with a slight reduction in compressive strength. Although the MLR model offers the advantage 

of a simple mathematical expression that can be readily applied for preliminary engineering estimations, the 

residual distribution and prediction errors indicate that it is limited in its ability to represent the nonlinear 

behaviour characteristic of geopolymer concrete. 

 

The Random Forest model exhibited markedly superior predictive performance, attaining R² values of 

0.9898 and 0.9882 for the training and testing datasets, respectively, together with substantially lower MAE, 

MSE and MAPE values. The close agreement between measured and predicted compressive strengths, 

coupled with the narrow distribution of residuals, demonstrates that the RF model generalized well and 

produced highly reliable predictions without evidence of significant overfitting. Feature importance analysis 

further revealed that curing temperature was the dominant predictor of compressive strength, followed by 

the activator ratio, whereas the contribution of sodium hydroxide concentration was comparatively small 

within the investigated range. These findings highlight the importance of accounting for nonlinear 

interactions among processing variables during the geopolymerization process. 

 

A comparison of the two modelling approaches clearly established the superiority of the Random Forest 

algorithm. While the MLR model explained over 93% of the variability in the testing dataset, the RF model 

explained nearly 99%, with prediction errors reduced substantially across all evaluation metrics. The 

improved performance of the RF model reflects its ability to capture the complex interactions among curing 

conditions and activator chemistry that cannot be adequately represented by a conventional linear regression 

model. Consequently, the Random Forest algorithm provides a more realistic and dependable framework for 

predicting the compressive strength of Costus afer-modified fly ash geopolymer concrete. 

Beyond model evaluation, the outcomes of this study have practical significance for the design and 

optimization of sustainable geopolymer concrete mixtures. The results indicate that careful control of curing 

temperature and activator ratio is essential for maximizing compressive strength, while unnecessary 

increases in sodium hydroxide concentration are unlikely to produce proportional improvements in 

performance. The developed Random Forest model therefore offers a practical decision-support tool for 
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reducing the number of laboratory trials required during mixture optimization, thereby saving time, 

materials, and experimental costs. 

 

Future studies should expand the modelling framework by incorporating additional variables such as curing 

duration, liquid-to-binder ratio, aggregate characteristics, and supplementary precursor materials. Increasing 

the size and diversity of the experimental dataset and evaluating other advanced machine learning 

algorithms, including Extreme Gradient Boosting (XGBoost), Light Gradient Boosting Machine 

(LightGBM), CatBoost, and deep neural networks, would further enhance prediction accuracy and improve 

the robustness and general applicability of strength prediction models for geopolymer concrete. 
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