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ABSTRACT  
  
This paper investigates the potential of machine learning (ML) to predict the compressive strength of 
concrete reinforced with waste polyethylene terephthalate (PET) fibers, contributing to the development 
of sustainable construction materials. Six ML models (Random Forest (RF);XGBoost; LightGBM; GBM; 
Decision Tree; and AdaBoost) were evaluated using a derived 204 datasets based on fiber length, 
cement, sand, aggregate, superplasticizer content, water/cement ratio, PET volume percentage and 
curing days. Model performance was assessed via statistical metrics, with XGBoost, GBM and RF 
exhibiting the reliable performance (R² = 0.925,0.926 and 0.932 respectively) while AdaBoost shows 
the least accuracy (R² = 0.838). The most influential parameters identified via SHAP analysis were 
curing days and cement content. ML is a powerful tool for enhanced performance design, resulting in 
the development of affordable and green materials for future applications. This method enables the use 
of PET waste in durable, high-performance concrete, thus addressing the environmental issues caused 
by PET waste disposal.  
  
INTRODUCTION  
  
Concrete is the vast used construction material in the globe due to its high compressive strength, 
durability and cost effectiveness. But it has some limitations of low tensile strength and poor crack 
resistance. To overcome these drawbacks extensive research has been done on fiber reinforced 
concrete. Fibers made from various polymers such as nylon, aramid, polyesters (Amalraj & Ilangovan, 
2023; Qin et al., 2021) and materials like glass, carbon and other naturally occurring substances are 
commonly used in concrete. Also the mechanical properties of the fibers and the bond between the 
cement and fiber matrices plays a significant role in the structural performance of the concrete (Foti, 
2019; Sadeghian, Tanyous, & Mirshekar, 2020). Incorporation of fibers as reinforcement is one of the 
most effective way to enhance the mechanical properties of cement based composites. Moreover, 
“Fiber spacing theory” (Liu & Lu, 2012) and “Composite material theory” (Hashin & Wendt, 1970) 
reveals that, fibers improve crack resistance and toughness in cement based composites and prevents 
crack initiation and propagation and enhances the mechanical strength and durability.   

Recently the problem of reusing waste plastics has been getting a lot of attention from researchers 
because of the environmental and economic impact of the construction industry (Ahmed, 2023; Lamba, 
Kaur, Raj, & Sorout, 2022). Globally Polyethylene Terephthalate (PET) production has surpassed 6.7 
million tons a year and especially in Asia, China and India are seeing a big surge due to increasing 
demand (Lai et al., 2022). In South Korea, PET bottle production is around 130,000 tons a year (J. 
Zhang, Wang, & Kannan, 2021). But most PET bottles used for beverage are used once and discarded 
in mostly landfill and incineration, which is causing big environmental problems (Marsh & Bugusu, 
2007). In these circumstances, a cost effective solution is needed for PET bottle wastes. As PET fibers 
have gained worldwide use in construction applications including tunnel linings, selfcompacting 
concrete, making light RCC beam and pavements (Mwangi, 2001; W. Zhang et al., 2024), Using 
recycled PET as short fiber reinforcement in construction industry is one potential approach.  

In case of implementation of PET fiber in concrete mix design, there are many factors, as example, 
length of the fiber, the percentage of fibers, and their shape and orientation, and bond within the cement 
mixing as well as concrete mix design affect in improving the mechanical and durability properties of 
concrete. Some researchers have attempted to develop cost-effective and sustainable methods by 
reducing the amount of cement and varying the parameter of PET fiber in different size, shape and 
volume as substitutes to achieve the desirable strength. However, in order to precisely estimate the 
concrete's strength, varied mixes frequently need a large number of tests, analysis and resources. It 
takes a significant expense commitment and time to precisely determine the relationship between 
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concrete’s properties and mix design using experimental approaches. That is why in order to estimate 
values of compressive strength with ease and accuracy, a modeling approach based on the 
components of concrete along with PET fiber must be developed.  

In construction industry, Several researches have revealed vast use of machine learning to make 
model between components of mix design and mechanical properties (W. Ahmad et al., 2021; Pakzad, 
Roshan, & Ghalehnovi, 2023; Peng & Unluer, 2022), and also attempted to predict the mechanical 
characteristics using various substitutes like cementitious waste materials (Aslam & Shahab, 2024), 
steel fibers (Kang, Yoo, & Gupta, 2021), geopolymers (Rahmati & Toufigh, 2022) etc. in various types 
of concrete like self-compacting concrete (Ali, Faraj, Saeed, Ahmed, & Ahmed, 2024), high-
performance concrete (Yang et al., 2023), recycled aggregate concrete (Sau, Shiuly, & Hazra, 2023) 
etc. Apart from these, there are a few studies on making model to predict Compressive Strength (CA) 
of concrete using PET fibers as a reinforcement. To overcome this limitation, this study utilizes six 
machine learning models named Random Forest (RF), Extreme Gradient Boosting (XGBoost), Light 
Gradient Boosting Machine (LightGBM), Gradient Boosting Machine (GBM), Decision Tree (DT) and 
AdaBoost (Adaptive Boosting) using 204 sets of data collected from previous studies on PET fiber 
utilization in concrete as reinforcement. To build the model, 7 parameters were used as inputs which 
are length of PET, amount of cement, sand and aggregate in kg/m3, water to cement ratio (w/c), 
percentage of PET of total volume, amount of super plasticizer (sp) and curing days. The target value 
was compressive strength (CS). All models were trained with 70% datasets, tested with 15% and 
validated with the rest 15%. The performance of this models are evaluated by statistical and graphical 
approaches. Additionally, ML algorithms were paired with Shapley Additive Explanations (SHAP) to 
examine the importance and influence of both individual and combination variables on CS predictions.   
  
METHODOLOGY  
  
Extreme Gradient Boosting (XGBoost OR XGB)  
This method is based on the extreme gradient boosting decision tree and was first described by Chen 
and Guestrin (Duong, Tran, Satomi, & Takahashi, 2022) as part of the overall gradient boosting 
machine (GBM) approach and has thus far proven to be a highly accurate, efficient and adaptable 
algorithm. Meaning, XGB uses the boosting method and constructs its models in a sequential manner 
where the weak learners are improved to build a very accurate final forecastor (Duong et al., 2022). A 
prominent aspect is its second-order Taylor expansion for loss functions, which takes advantage of first 
and second-order derivatives for better predictions. To avoid overfitting regularization is added, 
providing robust performance according to Eq. (1) (Ahmed, 2023; N.-H. Nguyen, Abellán-García, Lee, 
Garcia-Castano, & Vo, 2022).  
 
 𝑓𝑖𝑝 = ∑𝑙𝑘=1 𝑓𝑘(𝑥𝑖) = 𝑓𝑖(𝑝−1) + 𝑓𝑝(𝑥𝑖)       (1)  
 

Where the𝑓𝑝(𝑥𝑖)acts as the learner at phase p, 𝑓𝑖𝑝 and 𝑓𝑖(𝑝−1) represent the predicted value p − 1 at 
phase p, and the input variable is 𝑥𝑖 acts.  

The XGB model develops a method to determine the "goodness" of the chosen model (Ekanayake, 
Meddage, & Rathnayake, 2022), preventing overfitting issues without sacrificing data processing 
speed.  
 𝑜𝑏𝑗(𝑝) = ∑𝑛𝑘=1 𝑙 (𝑦̅𝑖 , 𝑦𝑖) + ∑𝑝𝑘=1 𝜎 𝑓𝑖       (2)  
 
where l stands for the following equation defines LF, n for the number of observations, and σ used for 
the term of uniformity  
   

 σ(f) = ɣT +   λ||ω||2           (3)  
 
In this context, ω represents the vector scores in the leaves, ɣ denotes the minimum loss used for 
splitting a leaf node, and λ refers to the regularization parameters.  
  
Light Gradient Boosting Machine (LightGBM OR LGB)  
The LightGBM (LGB) algorithm is another tree-based learning method combining gradient boosting 
and decision trees, achieving high accuracy performance, efficiency and scalability for regression 
tasks. Its unique tree building algorithm using histogram-based discretization enables finer tree 
construction using leaf-wise growth. The advantages of LGB are faster training, lower memory, and 
supporting parallel training (Ahmed, 2023; N.-H. Nguyen et al., 2022). The predicted decline in 
specifically termed this details gain, happens when the nodes are split based on their functions and 

can easily be computed as. 𝐼𝐺  𝑉𝑎𝑙𝑢𝑒𝑠(𝑉) | 𝐶𝑣|   𝐹𝑛(𝐶𝑣)  (4)  
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𝐹𝑛 𝑝𝑏𝑙𝑜𝑔2𝑝𝑑        (5) 
  
Here subset of C represented by Cv where the feature takes the value v, v is the attribute 
value, B denotes the classes, pb is the proportion of C in class b, and C refers to the entropy 
information of the collection  
  

Gradient Boosting Machine (GBM)   
Gradient Boosting Machine (GBM) is a forward learning ensemble method in machine learning for 
regression and classification (Yang et al., 2023). It builds models by combining decision trees and 
learning from residual errors unlike random methods (Kaloop, Kumar, Samui, Hu, & Kim, 2020). Similar 
to AdaBoost, GBM adds classifiers to correct prior errors but optimizes using gradient based 
techniques. Regression trees are the weak learners in a stage wise additive process and the model is 
improved by iterative error minimization (Kaloop et al., 2020; H. Nguyen, Vu, Vo, & Thai, 2021).  
 
 𝑓𝑚(𝑥) = 𝑓(𝑚−1)𝑥 + 𝐾𝑚(𝑥)         (6)  
 
 𝑓𝑚(𝑥) = 𝑓(𝑚−1)𝑥 + 𝛼𝐾𝑚(𝑥)        (7)  
 

The step-by-step procedure used in GB to train additive algorithms is described in Eq.(6). 
Regression decision trees, often known as Km(x), are algorithms' weakest learners. Each iteration of 
the GBM algorithms adds a new estimator to the network by aggregating "m" weak learners. A 
regulatory variable called "learning rate" is also used in the process, as shown in Eq. (7). training the 
GB model minimizes the influence of each decision tree on the final prediction.   
  

 Adaptive Boosting (AdaBoost)  
In 2003, Yoav Freund and Robert Schapire introduced AdaBoost, or adaptive boosting, for statistical 
classification (A. Ahmad, Ahmad, Aslam, & Joyklad, 2022; Rathakrishnan, Bt. Beddu, & Ahmed, 2022). 
This ensemble method reduces bias and variance by iteratively training weak learners. Each sub model 
adjusts sample weights based on prior model errors and creates a series of learners trained on 
weighted data (Khan, Lao, & Dai, 2022). After N iterations, weak learners are combined with weighted 
contributions to form a strong model. Although individual weak learners perform near random, their 
combined weighted predictions are strong. The weak learner Gk(X) estimates the forecasting errors 
iteratively according to Eq. (8),  
 

 𝑒𝑖 = | 𝑌𝑖−𝐺𝐸(𝑋𝑖)|            (8)  
 

Where, E = max|𝑌𝑖 − 𝐺(𝐾𝑖) | represents the maximum deviation from the actual value across all 
forecasts, where Yᵢ is the outcome, Xᵢ the input vector, and the error ratio eₖ is calculated as   

 
𝑒𝑘  𝑒𝑘𝑖     (9) 𝑒𝑘     (10)  

𝛼𝑘 = 1−𝑒𝑘 
 
The weight wₖ=1,i for each data sample in the next training step is updated as.  
 

𝑤𝑘,𝑖 𝛼1−𝑒𝑘𝑖   

 𝑤𝑘 = 1, 𝑖 = ∑ 𝑚𝑖=1 𝑤𝑘,𝑘𝑖 𝛼1−𝑒𝑘𝑖        (11)  
𝑘 

 
Hₓ is defined A strong learner as follows  
 

 𝐻𝑥 = 𝜈 ∑𝑁𝑘=1(𝐼𝑛1
𝛼𝑘) 𝑔(𝑋)       (12)  

 

Here, g(X) is the median of αₖGₖ(X) for k = 1, 2, 3, …, where αₖ represents the weights of weak learners. 

The regularization parameter ν ∈ (0, 1] helps prevent overfitting.   
  

Decision Tree (DT)  
DT uses data from training to create a model that resembles a tree. The root node, decision node 
(sometimes it also called the internal node), and terminal node (also called the leaf node) are the three 
nodes that make up the DT model. The approach divides into decision nodes after starting at the root 
node, which contains all training data. The method starts at the root node, which contains all of the 
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training data, and then divides into decision nodes. The process is continued for each subsequent level 
until the tree reaches a predetermined maximum depth or the nodes contain only a single training 
sample (Tran, 2023).  
  
Random Forest (RF)  
Bagging with decision trees leads to the Random Forest (RF) algorithm, which averages the 
predictions of many trees are combined for higher accuracy (Chopra, Sharma, Kumar, & Chopra, 
2018). RF performs well in regression and classification (Han, Gui, Xu, & Lacidogna, 2019; Xu et al., 
2021), particularly when applied to high-dimensional data(Han et al., 2019), as it develops trees by 
randomly selecting predictors. By training models from bootstrapped samples of the dataset, and 
aggregation using the bagging algorithm, RF successfully minimizes model instability and avoids 
overfitting, thereby producing robust and reliable predictions (Rahman, Ahmed, Khan, Islam, & 
Mangalathu, 2021).  
 

𝑌  𝑋′                                                          (13)  
             𝐵 
  

Shapley Additive Explanations (SHAP)   
SHAP is based on principles from cooperative game theory, concretely based on a mathematical 
approach for determining the added value of each player on a joint outcome. The participants in this 
game are called input features in the field of machine learning, and the game itself is called predictive 
outcome. It analyzes how much each feature contributes to a model by observing how  SHAP defines 
an explanation model as a linear combination of input features, showing how model predictions change 
when a feature is included or excluded   
 
 g(x’) = ∅0 + ∑𝑀𝑖=1(∅i xi’)         (14)  
 

In this context, Shapley values (ϕi) act as coefficients in a linear model, where x′ represents the input 

and g is the explanation model  
 

 (xSU{i} -fs(xs)]      (15)  

 
Here, F signifies the complete set of input features, while S is a subset of F, excluding the parameters 
with index i .  
  

RESULTS AND DISCUSSION  
  
After predicting the values of CS on 6 models, “Actual CS vs Predicted CS” graphs were plotted. We 
can see in figure 1(a) that, for XGBoosting model, with an R2=0.996, the training data is represented by 
the green points, suggesting a nearly perfect match although this tight match between the actual and 
projected could also be an indication of excessive fitting. The testing dataset is indicated by the blue 
points, and the model's capacity to generalize to new data is demonstrated by its R2=0.895. In a similar 
vein, the validation dataset, represented by the red points, exhibits good and reliable accuracy with an 
R2=0.925. With the values of R2 about 0.978, 0.914 and 0.932 for training, testing and validation data 
respectively in Random Forest model, all points are staying at near the perfect prediction (PP) line in 
figure 1(b) which represents the model's accuracy and robustness also. GBM also performed reliable 
prediction with the values of R2 about 0.996, 0.922 and 0.926 for training, testing and validation data 
respectively and figure 1(d) representing that almost all of the points are staying near at the PP line. 
LGB model predicted less reliable than XGB, GBM and RF with less R2 value. Figure 1(e) reflects the 
overfitting in training data with DT model reasoning reduction in values of R2 in testing and validating 
data. AdaBoost gives the worst prediction level which is indicated by figure 1(f).    
 
 
 
 
 
 
 
 
 
 



 

  

 

  

Muhammed Alamgir, S.M. Tariqul Islam, Mahmudul Hasan, N.J. Pollen (Eds.)  

ISBN: 978-984-35-7297-4 

523  WasteSafe 2025 
 

 
 

  
 (a)  (b)  

  
 (c)  (d)  

  
 (e)  (f)  

Figure 1 Relationship between observed and predicted CS values for (a) XGBoosting, (b) RF, (c) 
LightGBM , (d) GBM , (e) DT , (f) AdaBoosting 

 
Almost 75-80% data has error less than 6 MPa for XGBoosting, RF, GBM and DT model while rest 

two has more error as the points stay far behind from the zero error line in errors dispersion graphs 
shown in figure 02. As the error increases, the values of Root Mean Square Error (RMSE), Mean 
Absolute Percentage Error (MAPE), and Mean Absolute Error (MAE) also increase. Statistical values  
of developed models are given in table 01. Higher values of these parameters indicate lower prediction 
level and it is clear from the comparison that, XGB, GBM and RF performed better prediction than 
others.   
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 (a)  (b)  

  
 (c)  (d)  

  
 (e)  (f)  
  

Figure 2 Errors dispersion graphs for (a) XGBoosting, (b) RF,  (c) LightGBM , (d) GBM , (e) DT ,           
(f) AdaBoosting Table 1.  Statistical description of developed models. 

  

Parameter  XGBoosting  RF  LightGBM  GBM  DT  AdaBoost  

R2(Training)  0.996  0.978  0.971  0.996  0.996  0.877  

R2 (Testing)  0.895  0.914  0.873  0.922  0.844  0.862  

R2(Validation)  0.925  0.932  0.907  0.926  0.830  0.838  

MAE(Training)  0.150  1.204  1.238  0.134  0.134  3.061  

MAE(Testing)  2.259  2.676  3.154  2.353  3.258  3.483  

MAE(Validation)  1.814  2.424  2.672  2.366  3.433  3.659  

MAPE(Training)  0.388%  3.848%  3.864%  0.335%  0.335%  10.256%  

MAPE(Testing)  7.455%  9.521%  10.875%  7.535%  10.631%  13.389%  

MAPE(Validation)  5.939%  8.459%  8.930%  7.692%  10.945%  12.668%  

RMSE(Training)  0.625  1.611  1.804  0.624  0.624  3.687  

RMSE(Testing)  3.201  3.388  4.004  3.150  4.443  4.184  

RMSE(Validation)  2.920  3.106  3.413  3.046  4.615  4.510  

  
Figure 03 presents line graphs that shows the scattering of predicted and actual values for all 

models. It is clear in the graphs that, the points for actual and predicted values are almost together for 
models  
Such as XGBoosting, RF, LightGBM, GBM compared to the rest two models. The difference between 
these two points clearly noticeable from this graph, which leads the prediction less reliable and makes 
those statistical values larger.   
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 (a)  (b)  

  
 (c)  (d)  

  
 (e)  (f)  
  
Figure 3 Actual and Predicted values’ distribution for (a) XGBoosting, (b) RF, (c) LightGBM,  (d) GBM, 

(e) DT, (f) AdaBoosting  
  

The SHAP value analysis highlights key factors influencing model performance, providing insights 
into parameter effects on predictions. "Days" significantly enhance predictions with high SHAP values 
(~25), emphasizing curing length's critical role. "Cement_(kg/m3)" exhibits a dual effect, revealing a 
non-linear relationship where interactions determine its positive or negative impact. The "w/c" (water-
to-cement) ratio shows sensitivity, with lower values improving predictions, while higher values detract. 
Aggregates like "sand_(kg/m3)" and "aggregate_(kg/m3)" contribute minimally, remaining close to zero. 
Additives, notably "sp" (superplasticizer), show periodic impacts. PET fiber characteristics, such as 
"length_of_pet(mm)" and "pet fiber__(%volume)," demonstrate mixed trends, with fiber length having a 
more substantial influence. These findings underscore curing time and cement optimization's 
importance while identifying secondary contributions from additives and fibers.  

 
 
 
 

  

  

  



 

  

 

  

Muhammed Alamgir, S.M. Tariqul Islam, Mahmudul Hasan, N.J. Pollen (Eds.)  

ISBN: 978-984-35-7297-4 

WasteSafe 2025 526 
 

 
 

 
Figure 04 Heatmap of correlation matrix   

  
The correlations between different concrete parameters, such as PET fiber qualities, cement, sand, 

and aggregate concentrations, and concrete compressive strength (cs_mpa), are shown in  figure 04 
correlation matrix heatmap. Though the water-to-cement ratio (w/c) and cs_mpa show an opposite 
relationship (-0.47), the matrix shows a significant positive relationship (0.62) between compressive 
strength and superplasticizer (sp) content. The opposing volumetric relationship is highlighted by the 
negative correlation (-0.82) between aggregate content and sand content that shows in figure 4. Also 
(PET) fiber length may have an impact on long-term strength, indicated by the moderate relationship 
(0.56) between it and curing days. Cement content's importance in strength development is reinforced 
by its positive correlation with cs_mpa (0.39).  
  
CONCLUSIONS  

 

The study found that machine learning (ML) models like XGBoost, Random Forest, and Gradient 
Boosting Machine (GBM) can accurately predict the compressive strength (CS) of concrete reinforced 
using waste polyethylene terephthalate (PET) fibers. The models' ability to represent deep correlations 
between input variables and CS parameters is shown by their excellent prediction accuracy, as seen 
by their R2 values of 0.996, 0.932, and 0.926. Cement content and curing time were found to be 
significant predictors of CS by the SHAP value analysis. Moreover, draws attention to the need to 
optimize mix design parameters is the effect of PET fiber qualities like length and volume. The study 
also highlights the advantages of using thrown-away PET fibers in concrete manufacturing for the 
environment. Using recycled materials contributes to sustainable building practices by improving 
concrete's mechanical qualities and addressing the urgent problem of disposing of PET waste.  
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