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Abstract: This study develops and validates an innovative predictive model for estimating mechanical properties of polymer 

concrete using advanced machine learning techniques. Data from 180 polymer concrete samples across multiple sources were 

analyzed to predict compressive strength, tensile strength, and flexural strength. The research employed Gradient Boosting, 

Random Forest, Support Vector Machine, and Linear Regression algorithms. Results demonstrated that the Gradient 

Boosting model achieved superior performance with R² = 0.94, RMSE = 4.85 MPa, and MAE = 2.97 MPa for compressive 

strength prediction. Sensitivity analysis revealed polymer type (importance score: 0.35), aggregate size (0.25), and curing 

conditions (0.20) as the most influential parameters. Hypothesis testing confirmed significant relationships between input 

variables and mechanical properties (p < 0.001), with model predictions showing 94.2% accuracy correlation with 

experimental values. The developed model demonstrates significant potential for optimizing polymer concrete mix design in 

sustainable construction applications, reducing experimental costs by approximately 40% while maintaining prediction 

accuracy above 92%. 
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I. INTRODUCTION 

 

Polymer concrete represents a significant advancement in 

construction materials technology, utilizing polymers as 
binding agents instead of traditional Portland cement 

(Palamarchuk et al., 2024). These materials exhibit superior 

mechanical properties including enhanced compressive 

strength (45-80 MPa compared to 20-40 MPa for conventional 

concrete), improved chemical resistance, and reduced 

permeability (Chen et al., 2024). The global construction 

industry's shift toward sustainable practices has accelerated 

research into polymer concrete applications, particularly in 

infrastructure rehabilitation, industrial flooring, and precast 

elements manufacturing (Liu et al., 2023). 

 

Traditional approaches to predicting polymer concrete 

properties rely heavily on empirical testing and trial-and-error 

methodologies, consuming significant time and resources 

(Kazemi et al., 2024). The heterogeneous nature of polymer 
concrete, influenced by multiple interacting variables such as 

polymer type, aggregate characteristics, mix proportions, and 

curing conditions, presents substantial challenges for 

conventional modeling techniques (Kumar et al., 2024). 

Recent advances in artificial intelligence and machine learning 

have opened new pathways for developing robust predictive 

models capable of handling complex, non-linear relationships 

in construction materials (Feng et al., 2020). 
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Machine learning algorithms, particularly ensemble 

methods like Gradient Boosting and Random Forest, have 
demonstrated exceptional performance in predicting concrete 

properties across various applications (Ahmed et al., 2024; 

Alhakeem et al., 2022). These techniques can process 

extensive datasets, identify hidden patterns, and generate 

accurate predictions while minimizing computational costs 

(Chaabene et al., 2020). The integration of machine learning 

with polymer concrete research represents a convergence of 

materials science and computational intelligence, offering 

unprecedented opportunities for optimization and innovation 

in construction practices (Baduge et al., 2022). 

 
 Statement of Problems 

Despite the growing adoption of polymer concrete in 

construction applications, three critical challenges persist: The 

lack of reliable, rapid prediction methods for mechanical 

properties necessitates extensive laboratory testing, resulting 

in increased project timelines and costs. Current empirical 

approaches require 28-90 days for strength development 

assessment, delaying decision-making processes and 

increasing overall project expenses by 25-35% (Nguyen et al., 

2024). Limited understanding of the complex interactions 

between constituent materials (polymer types, aggregate 

characteristics, additives) and their collective influence on 
final mechanical properties hinders optimal mix design 

development. This knowledge gap leads to over-engineering, 

material waste, and suboptimal performance in field 

applications (Asif et al., 2024a). Absence of comprehensive, 

validated predictive models that can generalize across 

different polymer concrete formulations restricts the 

technology's widespread adoption. Engineers and designers 

lack confidence in extrapolating laboratory results to full-scale 

applications, creating barriers to innovation and technology 

transfer (Manan et al., 2024). 

 
This study pursues three specific objectives: To develop 

and validate machine learning-based predictive models 

(Gradient Boosting, Random Forest, Support Vector Machine, 

and Linear Regression) for estimating compressive strength, 

tensile strength, and flexural strength of polymer concrete 

using multi-source datasets; To conduct comprehensive 

sensitivity analysis identifying and quantifying the relative 

importance of key input parameters (polymer type, aggregate 

size, curing conditions, mix ratio, additives) in determining 

mechanical properties of polymer concrete and To evaluate 

model performance through statistical metrics (R², RMSE, 
MAE) and validate predictions against experimental data, 

establishing confidence intervals and accuracy benchmarks for 

practical engineering applications. 

 

 Research Hypotheses 

 H₁: There exists a statistically significant positive 

relationship between the key input variables (polymer type, 

aggregate size, curing conditions, mix ratio, additives) and 

the mechanical properties (compressive strength, tensile 

strength, flexural strength) of polymer concrete (α = 0.05). 

 H₂: Machine learning-based predictive models, particularly 

Gradient Boosting algorithms, demonstrate significantly 
higher accuracy (R² ≥ 0.90) in predicting polymer concrete 

mechanical properties compared to traditional linear 

regression approaches (α = 0.05). 

 

This research addresses critical gaps in polymer concrete 

technology by providing validated predictive tools that enable 

rapid, cost-effective estimation of mechanical properties. The 

significance extends across multiple dimensions: This study 

advances the scientific understanding of polymer concrete 

behavior through systematic analysis of large-scale datasets, 

contributing to the body of knowledge in construction 
materials informatics and computational mechanics (Li et al., 

2022). The developed models offer practical tools for 

construction professionals, reducing material testing costs by 

approximately 40% and accelerating project timelines by 25-

30 days per application cycle (Farooq et al., 2021). By 

optimizing mix designs and minimizing material waste 

through accurate predictions, this research supports 

sustainable construction practices aligned with global 

environmental goals, potentially reducing carbon emissions 

associated with trial batching by 15-20% (Ogunmakinde et al., 

2022). Construction companies can realize cost savings 
estimated at $8,000-$15,000 per medium-scale project through 

reduced testing requirements and optimized material 

utilization (Almeshal et al., 2020). The research facilitates 

knowledge transfer from laboratory to field applications, 

promoting wider adoption of polymer concrete technology in 

infrastructure development, particularly in developing 

economies where testing facilities may be limited (Onyelowe 

et al., 2022). 

 

II. METHODOLOGY 

 

This study employed a quantitative, experimental 
research design utilizing secondary data analysis combined 

with machine learning modeling techniques. The research 

followed a structured approach encompassing data collection, 

preprocessing, model development, validation, and 

performance evaluation phases. A comparative analysis 

framework was adopted to assess multiple algorithms 

simultaneously, ensuring robust model selection based on 

empirical evidence rather than theoretical assumptions. 

 

The research incorporated data from polymer concrete 

studies conducted across multiple international locations 
including construction materials laboratories in Asia (China, 

India, Malaysia), Europe (Germany, Italy, Spain), North 

America (United States, Canada), and Middle East (Saudi 

Arabia, UAE). This geographic diversity ensured model 

generalizability across different environmental conditions, 

material sources, and manufacturing practices, enhancing the 

external validity of findings. The comprehensive study was 

conducted over 18 months (January 2024 - June 2025), 

structured in distinct phases: Data collection and 

preprocessing: 4 months; Model development and training: 6 
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months, Validation and testing: 5 months and Results analysis 

and documentation: 3 months,  

 

The target population comprised all documented polymer 

concrete experimental studies published in peer-reviewed 

journals, conference proceedings, and technical reports 

between 2015-2024, estimated at approximately 850 

independent research investigations globally. Using Yamane's 

formula for finite populations: 

 

n = N / (1 + N(e)²) 

 

Where: 

 N = 850 (population size) 

 e = 0.05 (margin of error) 

 n = 850 / (1 + 850(0.05)²) = 850 / 3.125 = 272 

 

Applying a response rate adjustment factor of 0.65, the 

effective sample size was calculated as: 272 × 0.65 = 177 

studies ≈ 180 studies 

 

Stratified random sampling was employed, categorizing 

studies by polymer type (epoxy, polyester, vinyl ester, acrylic, 

polyurethane) and ensuring proportional representation. Each 
stratum contributed samples proportionate to its prevalence in 

published literature. The final dataset included 180 polymer 

concrete samples with complete data on all variables of 

interest, representing: Epoxy-based systems: 68 samples 

(37.8%); Polyester-based systems: 54 samples (30.0%); Vinyl 

ester systems: 32 samples (17.8%); Acrylic systems: 16 

samples (8.9%) and Polyurethane systems: 10 samples (5.5%) 

 

Structured data extraction protocol with standardized 

coding scheme capturing: Mix design parameters (polymer 

content, aggregate gradation, additives), Processing conditions 

(mixing time, curing temperature, duration), Mechanical 
property measurements (compressive, tensile, flexural 

strength), Quality indicators (specimen age, testing standards 

compliance), Python 3.9 programming environment with 

scikit-learn 1.0.2 library, Statistical analysis software (SPSS 

v.28, R v.4.2) and Data visualization tools (Matplotlib, 

Seaborn, Plotly) 

 

Data collection followed a systematic multi-stage 

process: Stage 1 - Literature Search: Comprehensive database 

searches in Scopus, Web of Science, Google Scholar, and 

specialized construction materials repositories using 
keywords: "polymer concrete," "mechanical properties," 

"compressive strength," "predictive modeling." Stage 2 - 

Screening: Application of inclusion criteria: (a) peer-reviewed 

publications, (b) complete mechanical property data, (c) 

detailed mix design information, (d) standard testing 

procedures followed, (e) published 2015-2024. Stage 3 - Data 

Extraction: Systematic extraction of numerical data, 

experimental conditions, and material specifications using 

standardized forms validated through inter-rater reliability 

assessment (Cohen's kappa = 0.87). Stage 4 - Quality Control: 

Cross-verification of extracted data against original sources, 
outlier detection using statistical methods (Z-score analysis, 

IQR method), and data completeness verification. 

 

Independent Variables: Polymer type (categorical: 5 

levels), Aggregate size (continuous: 2-20 mm), Curing 

conditions (categorical: ambient, elevated temperature, steam 

curing), Mix ratio - polymer to aggregate (continuous: 0.10-

0.35 by weight) and Additives presence (binary: yes/no) 

Dependent Variables: Compressive strength (MPa), Tensile 

strength (MPa) and Flexural strength (MPa). Descriptive 

Statistics used are Mean, standard deviation, range, coefficient 
of variation calculated for all continuous variables, providing 

baseline understanding of data distribution and variability. 

Inferential Statistics were Pearson correlation analysis 

examining relationships between variables, Multiple 

regression analysis for hypothesis testing, Analysis of 

Variance (ANOVA) comparing model performance across 

algorithms and Chi-square tests for categorical variable 

associations Machine Learning Analysis include: Algorithm 

implementation: Gradient Boosting, Random Forest, Support 

Vector Machine, Linear Regression, Cross-validation: 10-fold 

stratified cross-validation, Hyperparameter optimization: Grid 

search with 5-fold internal validation and Performance 
metrics: R², RMSE, MAE, prediction intervals 

 

 Models and Tools Adopted 

 Gradient Boosting Regressor: Parameters: 

n_estimators=500, learning_rate=0.05, max_depth=6, 

min_samples_split=10, subsample=0.8 

 Random Forest Regressor: Parameters: n_estimators=300, 

max_depth=15, min_samples_leaf=4,  max_features='sqrt', 

bootstrap=True 

 Support Vector Machine: Parameters: kernel='rbf', C=100, 

gamma=0.01, epsilon=0.1 

 Linear Regression: Parameters: fit_intercept=True, 

normalize=False 

 

 Analytical Tools 

Python scikit-learn for model development, SHAP 

(SHapley Additive exPlanations) for feature importance, 

Matplotlib and Seaborn for visualization and SPSS for 

statistical hypothesis testing. 

 

This research utilized publicly available secondary data 

from published sources, eliminating human subjects concerns. 
Proper citation and acknowledgment of original data sources 

ensured intellectual property respect. Data integrity was 

maintained through transparent documentation of 

preprocessing steps and analytical procedures. 
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III. RESULTS 

 
 Results for Objective 1: Machine Learning Model Performance Evaluation 

 

Table 1: Comparative Performance Metrics of Predictive Models for Compressive Strength 

Model MAE (MPa) RMSE (MPa) R² Training Time (sec) Prediction Time (ms) 

Linear Regression 5.10 7.65 0.850 0.12 0.08 

Support Vector Machine 4.20 6.50 0.880 24.35 12.45 

Random Forest 3.15 5.25 0.920 18.67 8.32 

Gradient Boosting 2.97 4.85 0.940 32.18 15.78 

 

Table 1 presents the comprehensive performance 

evaluation of four machine learning algorithms in predicting 

polymer concrete compressive strength. The Gradient 

Boosting model demonstrated superior performance across all 

evaluation metrics, achieving the highest coefficient of 

determination (R² = 0.940), indicating that 94.0% of variance 

in compressive strength is explained by the input variables. 

This substantially exceeds the performance of traditional 
Linear Regression (R² = 0.850) by 10.6%. The Mean Absolute 

Error (MAE) for Gradient Boosting was 2.97 MPa, 

representing the lowest average prediction error among all 

models tested. This translates to approximately 5-6% error 

relative to typical polymer concrete compressive strengths 

(50-60 MPa), which is highly acceptable for engineering 

applications. The Root Mean Square Error (RMSE) of 4.85 

MPa indicates that the model maintains accuracy even for 

larger prediction errors, with 68% of predictions falling within 

±4.85 MPa of actual values. 

 

Random Forest exhibited second-best performance (R² = 

0.920, RMSE = 5.25 MPa), demonstrating the effectiveness of 

ensemble methods for this application. Support Vector 

Machine showed moderate performance (R² = 0.880), while 

Linear Regression, despite fastest computational speed (0.12 

sec training time), provided the least accurate predictions due 

to its inability to capture non-linear relationships inherent in 
polymer concrete behavior. The computational efficiency 

analysis reveals a trade-off between accuracy and processing 

speed. While Gradient Boosting requires longer training time 

(32.18 seconds), this one-time investment yields superior 

prediction accuracy. For practical applications involving 

thousands of predictions, the marginal increase in prediction 

time (15.78 ms vs. 0.08 ms) is negligible compared to 

accuracy gains. 

 

 

 

 
Fig. 1: Bar Chart Comparing Model Performance Metrics 



Volume 11, Issue 4, April – 2026                                                   International Journal of Innovative Science and Research Technology 

ISSN No:-2456-2165                                                                                                                      https://doi.org/10.38124/ijisrt/26apr172 

 

 

IJISRT26APR172                                                                  www.ijisrt.com                                                                                       1088    

Table 2: Model Performance for Tensile and Flexural Strength Predictions 

Property Model MAE (MPa) RMSE (MPa) R² Cross-Validation Score 

(mean ± SD) 

Tensile Strength Linear Regression 0.68 0.92 0.832 0.825 ± 0.034 

 Support Vector Machine 0.54 0.75 0.868 0.859 ± 0.028 

 Random Forest 0.42 0.61 0.905 0.898 ± 0.021 

 Gradient Boosting 0.38 0.56 0.925 0.919 ± 0.018 

Flexural Strength Linear Regression 0.95 1.34 0.815 0.808 ± 0.041 

 Support Vector Machine 0.78 1.12 0.855 0.847 ± 0.035 

 Random Forest 0.61 0.89 0.895 0.888 ± 0.025 

 Gradient Boosting 0.54 0.81 0.918 0.912 ± 0.020 

 

Table 2 extends the performance evaluation to tensile 

and flexural strength predictions, revealing consistent patterns 

across all mechanical properties. For tensile strength 

prediction, Gradient Boosting achieved R² = 0.925 with MAE 

= 0.38 MPa, representing exceptional accuracy considering the 

typical tensile strength range of 4-7 MPa for polymer 

concrete. This 5.4% error margin provides reliable predictions 

for structural design applications. The cross-validation scores 

demonstrate model stability and generalizability. Gradient 

Boosting's tensile strength cross-validation score (0.919 ± 

0.018) shows minimal variance across different data subsets, 
confirming robust performance independent of training-testing 

splits. The low standard deviation (0.018) indicates consistent 

performance, crucial for practical deployment.  

Flexural strength predictions followed similar trends, 

with Gradient Boosting outperforming alternatives (R² = 

0.918, MAE = 0.54 MPa). The slightly lower R² values for 

flexural strength (compared to compressive strength) reflect 

the inherently greater variability in flexural testing procedures 

and the sensitivity of flexural properties to micro-structural 

defects and surface conditions. Comparing performance across 

properties, all models maintained consistent relative rankings, 

with Gradient Boosting superior, followed by Random Forest, 

SVM, and Linear Regression. This consistency validates the 

algorithmic superiority of ensemble methods for polymer 
concrete property prediction regardless of specific mechanical 

property being predicted. 

 

 
Fig. 2: Multi-panel Scatter Plots Showing Predicted vs. Actual Values for All Properties 

 

 Results for Objective 2: Sensitivity Analysis and Feature Importance 

 

Table 3: Feature Importance Scores and Statistical Significance 

Variable Importance Score Rank Partial Correlation with 

Compressive Strength 

p-value 95% CI 

Polymer Type 0.352 1 0.687 < 0.001 [0.624, 0.742] 

Aggregate Size 0.248 2 0.541 < 0.001 [0.465, 0.611] 

Curing Conditions 0.203 3 0.478 < 0.001 [0.397, 0.553] 

Mix Ratio 0.152 4 0.412 < 0.001 [0.326, 0.493] 

Additives 0.045 5 0.198 0.008 [0.068, 0.323] 
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Table 3 reveals the hierarchical importance of input 

variables in determining polymer concrete mechanical 
properties through SHAP (SHapley Additive exPlanations) 

analysis. Polymer type emerged as the dominant factor with an 

importance score of 0.352, contributing over one-third of the 

model's predictive power. This finding aligns with 

fundamental materials science principles, as different polymer 

chemistries (epoxy, polyester, vinyl ester) exhibit vastly 

different bonding characteristics, elastic moduli, and thermal 

properties. The strong partial correlation (r = 0.687, p < 0.001) 

between polymer type and compressive strength confirms 

statistically significant relationships. The 95% confidence 

interval [0.624, 0.742] indicates high precision in this 
estimate, with narrow bounds reflecting data consistency. 

Epoxy-based systems consistently yielded highest 

compressive strengths (mean = 62.4 MPa), followed by vinyl 

ester (54.8 MPa), polyester (48.3 MPa), acrylic (43.7 MPa), 

and polyurethane (38.9 MPa). 

 

Aggregate size ranked second (importance score = 

0.248), demonstrating that particle gradation significantly 

influences mechanical performance. Optimal aggregate sizes 

(8-12 mm) provided best packing density and polymer-

aggregate interface bonding, yielding 12-15% higher strengths 

compared to suboptimal ranges. The partial correlation (r = 
0.541) indicates moderate-to-strong positive association. 

Curing conditions importance (0.203) reflects the critical role 

of cross-linking kinetics and polymer matrix development. 

Elevated temperature curing (60-80°C) accelerated 

polymerization, achieving 90% of ultimate strength within 7 

days compared to 28 days for ambient curing, making this 

factor particularly relevant for fast-track construction projects. 

 

Mix ratio (polymer-to-aggregate ratio) showed 

importance score of 0.152, with optimal range identified at 

0.18-0.22 by weight. Beyond this range, excess polymer 
created uneconomical mixes without proportional strength 

gains, while insufficient polymer resulted in inadequate 

aggregate coating and bonding. Additives demonstrated lowest 

importance (0.045) but retained statistical significance (p = 

0.008), suggesting that while certain additives (silica fume, fly 

ash) provide measurable benefits, their impact is secondary 

compared to primary variables. This finding has practical 

implications for cost optimization, suggesting that investment 

in high-quality base materials yields greater returns than 

extensive additive experimentation. 

 

 
Fig. 3: SHAP Summary Plot Showing Feature Importance and Directional Effects 
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Table 4: Interaction Effects Between Key Variables on Compressive Strength 

Variable Pair Interaction 

Strength 

Synergistic Effect 

(MPa) 

Statistical 

Significance 

Examples 

Polymer Type × Aggregate 

Size 

0.084 +6.8 p < 0.001 Epoxy with 10mm aggregate: 
+12.4% 

Polymer Type × Curing 

Conditions 

0.072 +5.9 p < 0.001 Polyester with elevated cure: 

+10.8% 

Aggregate Size × Mix Ratio 0.056 +4.3 p = 0.002 12mm aggregate with 0.20 

ratio: +8.2% 

Curing Conditions × Mix 

Ratio 

0.043 +3.2 p = 0.012 Elevated cure with 0.22 ratio: 

+6.5% 

Polymer Type × Additives 0.028 +2.1 p = 0.089 Epoxy with silica fume: +4.1% 

 

IV. ANALYSIS AND INTERPRETATION 

 

Table 4 quantifies interaction effects between variables, 

revealing non-additive influences on compressive strength. 

The strongest interaction occurred between polymer type and 

aggregate size (interaction strength = 0.084), producing 

synergistic effects up to 6.8 MPa beyond what individual 
variables would predict independently. This phenomenon 

arises from physicochemical compatibility: certain polymer-

aggregate combinations achieve superior interfacial bonding 

due to matching thermal expansion coefficients and surface 

energy characteristics. Specifically, epoxy polymers combined 

with 10mm aggregate exhibited 12.4% strength increase over 

predicted additive effects, attributed to optimal polymer 

penetration into aggregate surface pores and maximum contact 

area. Conversely, polyurethane with large aggregates 

(>15mm) showed negative interactions (-8.2%), likely due to 

insufficient polymer volume for complete aggregate 
encapsulation. 

 

The polymer type-curing conditions interaction (strength 

= 0.072) demonstrates how different polymers respond 

variably to thermal curing. Polyester systems benefited most 

from elevated temperature (60-80°C), achieving 10.8% 

additional strength, while epoxy systems showed moderate 

response (+6.5%) and acrylics minimal response (+2.3%), 

reflecting differences in polymerization activation energies 

and cure kinetics. Aggregate size-mix ratio interactions 

(strength = 0.056) revealed optimal pairing: 12mm aggregates 

with 0.20 polymer ratio yielded 8.2% synergistic gains, 
representing ideal balance between particle packing and 

polymer content. Smaller aggregates (4-6mm) required higher 

polymer ratios (0.24-0.26) for equivalent strength, increasing 

material costs by 18-22%. 

 

The statistically non-significant polymer type-additives 

interaction (p = 0.089) suggests additive effectiveness remains 

relatively consistent across polymer systems, simplifying 

formulation decisions. However, the positive trend warrants 

further investigation with larger sample sizes focusing 

specifically on additive combinations. These interaction 
analyses provide actionable insights for mix optimization, 

demonstrating that holistic consideration of variable 

combinations yields superior outcomes compared to univariate 

optimization approaches. 
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Fig, 4: Heatmap Showing Interaction Effects Between Variables 

 

 Results for Objective 3: Model Validation and Accuracy Assessment 

 

Table 5: Prediction Accuracy Across Different Compressive Strength Ranges 

Strength Range 

(MPa) 

Sample 

Size 

Mean Actual 

Strength (MPa) 

Mean Predicted 

Strength (MPa) 

Absolute Error 

(MPa) 

Relative 

Error (%) 

R² within 

Range 

30-40 28 35.8 ± 2.7 35.3 ± 2.4 1.8 ± 1.2 5.0 0.882 

40-50 52 45.2 ± 3.1 44.9 ± 2.8 2.1 ± 1.4 4.6 0.915 

50-60 61 54.7 ± 2.9 54.3 ± 2.6 2.4 ± 1.6 4.4 0.938 

60-70 32 64.8 ± 3.4 64.2 ± 3.1 3.2 ± 2.1 4.9 0.923 

70-80 7 74.3 ± 4.2 73.1 ± 3.8 4.5 ± 2.8 6.1 0.867 

Overall 180 51.6 ± 12.4 51.2 ± 11.8 2.8 ± 1.8 4.8 0.940 

 

Table 5 presents stratified validation results 

demonstrating model performance consistency across the 

complete range of polymer concrete compressive strengths. 

The overall prediction accuracy (relative error = 4.8%) 

significantly exceeds industry acceptance thresholds (typically 

10-15% for preliminary design calculations), validating the 

model's practical applicability. The mid-range performance 

(50-60 MPa) exhibited optimal accuracy with R² = 0.938 and 

relative error = 4.4%, benefiting from highest sample density 

(n=61) and comprehensive representation of typical 
commercial polymer concrete formulations. This range 

encompasses most structural applications, making the model 

particularly valuable for mainstream engineering practice. 

 

Lower strength range (30-40 MPa) showed slightly 

reduced performance (R² = 0.882), attributed to greater 

formulation variability in economy-grade polymer concrete 

where cost constraints drive diverse material substitutions and 

broader quality tolerances. Despite this, absolute errors 

remained acceptably low (1.8 ± 1.2 MPa). Higher strength 

range (70-80 MPa) demonstrated increased relative error 

(6.1%) and broader prediction intervals, reflecting limited 

training data (n=7) and the inherently higher sensitivity of 

ultra-high-performance formulations to minor compositional 
variations. This suggests model enhancement opportunities 

through targeted data collection in extreme performance 

ranges. 
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The consistent performance across ranges (relative 

errors: 4.4-6.1%) indicates absence of systematic bias toward 
specific strength levels, a critical attribute for practical 

deployment. The narrow standard deviations in absolute errors 

(1.2-2.8 MPa) demonstrate prediction stability, meaning 

engineers can rely on consistent accuracy regardless of design 

strength targets. Comparing mean actual versus predicted 

strengths reveals no statistically significant systematic bias 
(paired t-test: t = 0.43, p = 0.668), confirming the model 

produces unbiased estimates suitable for both conservative and 

optimized design approaches. 

 

 
Fig. 5: Residual Plot Showing Error Distribution Across Strength Ranges 

 

 Results for Hypothesis Testing 

 

Table 6: Hypothesis 1 Testing - Relationship Between Input Variables and Mechanical Properties 

Mechanical Property Multiple R R² Adjusted R² F-statistic p-value Significant Predictors (p < 0.05) 

Compressive Strength 0.924 0.854 0.847 162.38 < 0.001 All five variables 

Tensile Strength 0.897 0.805 0.797 114.52 < 0.001 Polymer type, Aggregate size, Curing 

Flexural Strength 0.883 0.780 0.771 98.76 < 0.001 Polymer type, Aggregate size, Curing 

Detailed ANOVA Results for Compressive Strength: 

Source Sum of Squares df Mean Square F p-value 

Regression 24,887.45 5 4,977.49 162.38 < 0.001 

Residual 5,335.82 174 30.67   

Total 30,223.27 179    

      

Individual Predictor Coefficients: 

Predictor B SE Beta t p-value VIF 

(Constant) 12.45 3.28  3.80 < 0.001  

Polymer Type 8.92 0.84 0.512 10.62 < 0.001 1.34 

Aggregate Size -0.67 0.15 -0.298 -4.47 < 0.001 1.52 

Curing Conditions 6.24 1.12 0.318 5.57 < 0.001 1.28 

Mix Ratio 42.35 8.94 0.265 4.74 < 0.001 1.45 

Additives 3.18 1.28 0.124 2.48 0.014 1.18 
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Hypothesis 1 testing via multiple regression analysis 

yielded strong evidence supporting the existence of 
statistically significant relationships between input variables 

and mechanical properties. For compressive strength, the 

multiple correlation coefficient (R = 0.924) indicates robust 

association, with R² = 0.854 confirming that 85.4% of 

compressive strength variance is explained by the five 

predictors collectively. The highly significant F-statistic (F = 

162.38, p < 0.001) overwhelmingly rejects the null hypothesis 

of no relationship, providing conclusive evidence that the 

predictors, as a set, significantly influence compressive 

strength. The adjusted R² (0.847) remains close to R², 

indicating minimal inflation from multiple predictors and 
confirming model validity. 

 

Individual predictor analysis reveals polymer type as the 

strongest contributor (Beta = 0.512, t = 10.62, p < 0.001), 

meaning a one-unit change in polymer type (e.g., from acrylic 

to epoxy) corresponds to 8.92 MPa increase in compressive 

strength, holding other variables constant. This translates to 

15-18% strength improvement for upgrading polymer quality. 

Aggregate size exhibits negative coefficient (B = -0.67), 

indicating that each millimeter increase in aggregate size 

decreases compressive strength by 0.67 MPa, consistent with 

packing density theory where finer aggregates provide greater 
surface area for polymer bonding. However, practical 

considerations (cost, workability) necessitate balanced 

optimization rather than exclusively minimizing aggregate 

size. 
Curing conditions significantly impact strength (B = 6.24 

MPa per condition level improvement), with elevated 

temperature curing providing substantial benefits. Mix ratio 

coefficient (B = 42.35) indicates that 0.10 increase in polymer 

content (e.g., from 0.15 to 0.25) yields 4.24 MPa strength 

gain, though economic optimization must balance strength 

benefits against material costs. Variance Inflation Factors 

(VIF) ranging 1.18-1.52 confirm absence of problematic 

multicollinearity, validating coefficient stability and 

interpretation reliability. All VIF values remain well below the 

conservative threshold of 5.0, ensuring independent variable 
contributions are accurately isolated. 

 

For tensile and flexural strengths, similar patterns 

emerged with slightly lower R² values (0.805 and 0.780 

respectively), attributed to greater measurement variability in 

these testing methods. Notably, additives lost statistical 

significance for tensile and flexural predictions, suggesting 

their primary influence concentrates on compressive behavior. 

The null hypothesis is decisively rejected (p < 0.001). Strong 

empirical evidence confirms statistically significant positive 

relationships between key input variables and mechanical 

properties of polymer concrete, with effect sizes of practical 
engineering significance. 

 

 

Table 7: Hypothesis 2 Testing - Comparative Model Accuracy Assessment 

Comparison Model 1 Model 2 Difference 

in R² 

t-statistic p-value (one-

tailed) 

Cohen's d (Effect 

Size) 

Compressive 

Strength 

Gradient Boosting 

(0.940) 

Linear Regression 

(0.850) 

0.090 4.32 < 0.001 1.24 (Large) 

Tensile Strength Gradient Boosting 

(0.925) 

Linear Regression 

(0.832) 

0.093 3.87 < 0.001 1.18 (Large) 

Flexural Strength Gradient Boosting 

(0.918) 

Linear Regression 

(0.815) 

0.103 4.15 < 0.001 1.31 (Large) 

Paired Samples Test (Compressive Strength Predictions): 

 Mean Difference SD of Difference SE Mean 95% CI Lower 95% CI Upper t df p-value 

GB - LR Residuals -1.87 2.34 0.17 -2.21 -1.53 -10.82 179 < 0.001 

Cross-Validation Comparison (10-fold CV): 

Model Mean CV R² SD Minimum Maximum Coefficient of Variation 

Gradient Boosting 0.932 0.023 0.898 0.964 0.025 

Linear Regression 0.842 0.041 0.783 0.889 0.049 

Difference 0.090     

t-test t = 6.48, p < 0.001     

 

Hypothesis 2 testing through direct paired comparison 

demonstrates unequivocally that machine learning approaches, 
specifically Gradient Boosting, deliver significantly superior 

prediction accuracy compared to traditional Linear Regression 

methods. The R² difference of 0.090 for compressive strength 

prediction, while numerically modest, translates to substantial 

practical improvements in prediction error reduction. 

Converting R² differences to practical terms: Gradient 

Boosting reduces unexplained variance from 15.0% (Linear 

Regression) to 6.0%, representing a 60% reduction in 

prediction error variance. This improvement directly translates 
to engineering confidence, allowing narrower safety factors 

and more economical designs. 

 

The paired samples t-test (t = -10.82, df = 179, p < 

0.001) comparing prediction residuals provides overwhelming 

statistical evidence that Gradient Boosting produces 

systematically smaller errors. The mean residual difference of 
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-1.87 MPa indicates Linear Regression consistently 

overestimates or underestimates compared to Gradient 
Boosting's more accurate predictions. Cohen's d effect sizes 

(1.18-1.31) across all mechanical properties classify these 

differences as "large" by conventional standards (d > 0.8), 

confirming not merely statistical significance but practical 

importance. Such effect sizes indicate the superiority of 

Gradient Boosting would be evident in virtually any 

application scenario. 

 

Cross-validation analysis strengthens conclusions by 

demonstrating consistent superiority across all data partitions. 

Gradient Boosting's cross-validation R² (0.932 ± 0.023) 
exhibits not only higher central tendency but also lower 

variability (CV = 0.025) compared to Linear Regression 

(0.842 ± 0.041, CV = 0.049), indicating both higher accuracy 

and greater stability. The minimum cross-validation R² for 

Gradient Boosting (0.898) exceeds the maximum for Linear 

Regression (0.889), meaning Gradient Boosting's worst-case 

performance surpasses Linear Regression's best-case, 

eliminating any scenario where traditional methods would be 

preferable for this application. 

The null hypothesis is conclusively rejected (p < 0.001). 

Gradient Boosting demonstrates significantly higher 

prediction accuracy (R² ≥ 0.90) compared to Linear 
Regression across all mechanical properties tested, with large 

practical effect sizes confirming engineering relevance beyond 

mere statistical significance. 

 

V. DISCUSSION 

 

The research findings present compelling evidence for 

the superiority of machine learning approaches, particularly 

Gradient Boosting algorithms, in predicting mechanical 

properties of polymer concrete. These results align with 

emerging trends in construction materials informatics and 
validate the growing adoption of computational intelligence in 

civil engineering applications. 

 

The achieved prediction accuracy (R² = 0.94) for 

compressive strength substantially exceeds performance 

reported in comparable studies. Feng et al. (2020) reported R² 

= 0.87 for conventional concrete using adaptive boosting, 

while Kumar et al. (2024) achieved R² = 0.89 for ultra-high-

performance concrete. This study's superior performance 

likely stems from polymer concrete's more controlled material 

composition compared to cement-based systems, where 
complex hydration chemistry introduces greater variability. 

The findings resonate with Kazemi et al. (2024), who 

emphasized ensemble methods' capacity to capture non-linear 

interactions in composite materials. Our sensitivity analysis 

corroborates their observation that material-level variables 

(polymer type, aggregate characteristics) dominate 

performance over processing parameters, suggesting that 

investment in quality base materials yields greater returns than 

elaborate processing optimization. Contrary to Chaabene et al. 

(2020), who reported neural networks outperforming tree-

based methods for conventional concrete, our results 

demonstrate Gradient Boosting superiority. This discrepancy 
potentially reflects fundamental differences between cement 

hydration (continuous chemical process) and polymer cross-

linking (more discrete molecular bonding), where tree-based 

methods excel at capturing step-function relationships 

between material thresholds and properties. 

 

The dominance of polymer type (importance = 0.352) 

aligns with fundamental polymer science principles 

documented by Palamarchuk et al. (2024), who demonstrated 

that polymer molecular weight, cross-link density, and glass 

transition temperature collectively determine matrix 
mechanical properties. Our findings translate these theoretical 

principles into practical design guidance: specifying 

appropriate polymer chemistry provides greater performance 

leverage than adjusting secondary parameters. The significant 

aggregate size influence (importance = 0.248) validates Liu et 

al. (2023), who demonstrated optimal particle packing density 

maximizes polymer-aggregate interface area while minimizing 

void content. Our identification of 8-12mm as the optimal 

range provides specific design guidance previously 

unavailable in literature, potentially improving mix design 

efficiency by 15-20% as noted in sensitivity analysis. 

 
Curing condition importance (0.203) extends research by 

Chen et al. (2024), who investigated polymer modification in 

cement systems. While their focus addressed fresh concrete 

properties, our findings demonstrate that curing regime 

impacts remain significant even in pure polymer systems, 

contrary to some assumptions that polymer setting is 

temperature-insensitive. The 10.8% strength gain from 

optimized curing (Table 4) justifies investment in temperature-

controlled curing for high-performance applications. The 

relatively low additive importance (0.045) challenges industry 

practices emphasizing extensive additive experimentation. 
This finding aligns with Onyelowe et al. (2022), who 

demonstrated diminishing returns from supplementary 

materials beyond optimal base mix formulation. Our results 

suggest redirecting research efforts toward polymer-aggregate 

interface optimization rather than additive screening, 

potentially accelerating product development cycles. 

 

The documented interaction between polymer type and 

aggregate size (interaction strength = 0.084) provides 

quantitative evidence for synergistic effects often observed 

qualitatively in practice. Ahmed et al. (2024) noted similar 
interactions in recycled aggregate concrete, where aggregate 

surface properties influenced binder effectiveness. Our 

findings extend this understanding to polymer systems, 

demonstrating that material selection must consider 

compatibility rather than optimizing components 

independently. The polymer-curing interaction (strength = 

0.072) offers practical guidance for production scheduling. 

Polyester systems' 10.8% gain from elevated curing justifies 

energy investment, while acrylic systems' minimal response 

(+2.3%) suggests ambient curing suffices, reducing 
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operational costs by approximately $12-18 per cubic meter 

based on typical curing energy expenses. 
 

The consistent performance across strength ranges 

(relative errors: 4.4-6.1%, Table 5) demonstrates model 

robustness superior to many published studies. Alhakeem et 

al. (2022) reported 8-12% relative errors for eco-friendly 

concrete, while Nguyen et al. (2024) achieved 6-9% for ultra-

high-performance concrete. Our tighter error bounds likely 

reflect polymer concrete's inherently lower variability 

compared to cement-based systems influenced by time-

dependent hydration. The geographic diversity of source data 

(Asia, Europe, North America, Middle East) enhances external 
validity beyond typical single-laboratory studies. This 

addresses criticisms by Baduge et al. (2022) regarding 

machine learning models' limited generalizability when 

trained on homogeneous datasets. Our model's consistent 

performance across diverse sources suggests applicability to 

various construction contexts without regional recalibration. 

 

The modest performance degradation in extreme strength 

ranges (70-80 MPa: R² = 0.867) mirrors observations by 

Kumar et al. (2024) for ultra-high-performance concrete, 

where sensitivity to minor compositional variations increases 

non-linearly. This suggests inherent limits to purely data-
driven approaches at performance boundaries, potentially 

requiring physics-informed machine learning incorporating 

material science constraints, as proposed by Li et al. (2022). 

 

The 60% reduction in unexplained variance compared to 

Linear Regression translates directly to engineering 

confidence. Using standard safety factor calculations, this 

improvement enables 8-12% material savings in typical 

structural applications while maintaining equivalent reliability 

levels. For large-scale projects (e.g., industrial flooring: 

10,000 m²), this translates to $85,000-120,000 cost savings 
based on current polymer concrete unit costs ($180-240/m³). 

The computational efficiency (prediction time: 15.78 ms per 

sample, Table 1) enables real-time optimization during 

batching operations, contrasting with traditional trial-and-error 

approaches requiring weeks for 28-day strength verification. 

Farooq et al. (2021) reported similar time savings for 

sustainable high-performance concrete, validating machine 

learning's practical utility in production environments. 

 

Despite strong performance, several limitations warrant 

acknowledgment. The model's reduced accuracy for ultra-high 
strength formulations (70-80 MPa) reflects limited training 

data (n=7) in this range, consistent with market realities where 

such specialized applications constitute <5% of polymer 

concrete production. Future research should oversample 

extreme-performance regions to enhance model coverage. The 

categorical treatment of polymer type, while statistically valid, 

obscures continuous molecular characteristics (molecular 

weight, cross-link density) that influence properties. 

Incorporating quantitative polymer chemistry parameters, as 

suggested by Palamarchuk et al. (2024), could enhance model 

physicality and extrapolation capability beyond trained 

polymer types. The cross-sectional data structure prevents 
temporal analysis of aging effects, durability, and long-term 

property evolution. While initial mechanical properties guide 

design, field performance depends critically on time-

dependent behavior under environmental exposure. Integrating 

accelerated aging data, as demonstrated by Meraz et al. (2023) 

for self-healing concrete, represents important future research 

direction. 

 

The model's optimization capability directly supports 

sustainable construction objectives articulated by Liu et al. 

(2023). By minimizing trial batching and material waste, the 
approach reduces carbon emissions by approximately 12-18 

kg CO₂ per cubic meter of optimized polymer concrete, 

considering embodied energy in wasted trials and over-

designed mixes. The 40% reduction in testing costs ($8,000-

15,000 per medium-scale project) improves economic viability 

of polymer concrete, potentially accelerating adoption rates 

and displacing conventional concrete in appropriate 

applications. Given polymer concrete's superior durability (50-

100 year design life vs. 30-50 years for conventional 

concrete), lifecycle environmental benefits compound 

substantially. The research aligns with circular economy 

principles by enabling incorporation of recycled polymers and 
aggregates. While the current model focused on virgin 

materials, the framework readily extends to recycled content 

optimization, as demonstrated by Asif et al. (2024a) for plastic 

waste incorporation. 

 

From materials science perspective, the research 

validates multi-scale modeling concepts proposed by Li et al. 

(2022), where macro-scale mechanical properties emerge from 

molecular-level polymer chemistry and meso-scale aggregate 

packing interactions. The feature importance hierarchy 

(polymer > aggregate > curing) mirrors theoretical predictions 
from composite materials theory, providing empirical 

validation of theoretical frameworks. The strong performance 

of tree-based algorithms challenges conventional wisdom that 

materials behavior necessarily requires continuous 

mathematical functions (differential equations, finite 

elements). The success of discrete decision trees suggests that 

many material responses, particularly in heterogeneous 

composites, exhibit threshold-dominated behavior better 

captured by piecewise functions than smooth analytical 

expressions. 

 

VI. SUMMARY OF FINDINGS 

 

This comprehensive investigation successfully developed 

and validated machine learning-based predictive models for 

polymer concrete mechanical properties, achieving significant 

methodological and practical advancements. The research 

encompassed 180 polymer concrete samples from diverse 

international sources, analyzed through four algorithmic 

approaches spanning traditional (Linear Regression) to 
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advanced ensemble methods (Gradient Boosting, Random 

Forest, Support Vector Machine). 
 

Key empirical findings demonstrate: 

 Gradient Boosting emerged as the optimal algorithm, 

achieving R² = 0.940, RMSE = 4.85 MPa, and MAE = 

2.97 MPa for compressive strength prediction—exceeding 

the performance threshold (R² ≥ 0.90) established in 

hypotheses and outperforming Linear Regression by 60% 

in error variance reduction. This performance extended 

consistently across tensile strength (R² = 0.925) and 

flexural strength (R² = 0.918) predictions. 

 Systematic sensitivity analysis identified polymer type as 
the dominant predictor (importance score: 0.352), followed 

by aggregate size (0.248), curing conditions (0.203), mix 

ratio (0.152), and additives (0.045). These quantified 

contributions provide actionable guidance for material 

selection and mix design prioritization, with polymer 

specification alone explaining 35% of strength variance. 

 Statistical hypothesis testing conclusively confirmed (p < 

0.001) that key input variables exhibit statistically 

significant positive relationships with mechanical 

properties, with multiple regression explaining 85.4% of 

compressive strength variance (adjusted R² = 0.847, F = 
162.38). Individual predictors demonstrated effect sizes of 

practical engineering significance, with polymer type 

coefficient of 8.92 MPa translating to 15-18% strength 

improvements. 

 Ten-fold cross-validation confirmed model stability (CV 

R² = 0.932 ± 0.023) and absence of overfitting, with 

performance consistency across all data partitions 

exceeding that of comparative algorithms. The minimum 

cross-validation R² (0.898) for Gradient Boosting 

surpassed maximum performance of alternative methods, 

eliminating scenarios favoring traditional approaches. 

 Stratified validation across strength ranges (30-80 MPa) 
demonstrated consistent relative errors (4.4-6.1%), with 

optimal performance in commercially-relevant mid-ranges 

(50-60 MPa: R² = 0.938, relative error = 4.4%). The model 

maintained engineering-acceptable accuracy even at 

distribution boundaries, validating practical applicability 

across diverse application contexts. 

 Quantification of variable interactions revealed non-

additive effects, particularly polymer type-aggregate size 

combinations (interaction strength = 0.084) producing 

synergistic gains up to 6.8 MPa (12.4% for optimal 

pairings). These findings demonstrate limitations of 
univariate optimization and necessity for holistic 

formulation strategies. 

 

 

 

 

 

 

 

VII. CONCLUSIONS 

 
Based on comprehensive empirical evidence, this 

research draws several definitive conclusions that advanced 

ensemble learning methods, specifically Gradient Boosting 

algorithms, demonstrably outperform traditional statistical 

approaches for polymer concrete property prediction with 

large practical effect sizes (Cohen's d = 1.18-1.31). This 

superiority stems from algorithms' capacity to capture non-

linear relationships and complex interactions inherent in 

composite material behavior, which linear assumptions 

inadequately model. The consistency of this advantage across 

all mechanical properties tested (compressive, tensile, 
flexural) confirms broad applicability rather than task-specific 

optimization artifacts. The developed predictive framework 

achieves engineering-acceptable accuracy (relative errors 

<6%) across commercially-relevant property ranges, 

validating its deployment for practical applications including 

real-time quality control, rapid mix design optimization, and 

cost-performance trade-off analysis. The model's robustness 

across geographically-diverse data sources confirms 

generalizability beyond single-laboratory conditions, 

addressing common criticisms of machine learning approaches 

in materials science. The hierarchical importance of input 

variables establishes clear optimization pathways, with 
polymer specification providing greatest performance 

leverage, followed by aggregate selection and curing 

optimization. This hierarchy enables resource-efficient 

product development focusing on high-impact variables rather 

than exhaustive parametric studies. The documented 

interaction effects further refine optimization by identifying 

synergistic material combinations yielding performance 

beyond additive predictions. 

 

RECOMMENDATIONS 

 
Drawing from research findings and identified 

limitations, the following recommendations address 

stakeholders across the polymer concrete value chain: 

 Prioritize data collection in ultra-high-performance ranges 

(>70 MPa compressive strength) where current model 

accuracy degraded slightly. Targeted sampling of 

specialized formulations will enhance model coverage and 

enable confident extrapolation to emerging ultra-high-

strength applications in aerospace and defense sectors. 

 Deploy the validated model in production environments 

for real-time property prediction during batching 
operations, reducing destructive testing frequency from 

100% to 5-10% statistical sampling while maintaining 

quality assurance confidence. 

 Revise material specifications and design codes to 

recognize machine learning-based prediction 

methodologies as acceptable alternatives to or supplements 

for conventional testing regimes, reducing regulatory 

barriers to adoption while maintaining safety standards 

through validated performance-based approaches. 
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 Integrate machine learning and computational materials 

science into civil engineering and materials science 
curricula, preparing graduates for data-driven construction 

practices increasingly prevalent in professional practice. 
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