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Abstract: The utilization of regression models for the prediction of
construction material properties is well-established, yet their performance
when applied to small datasets is still unclear. This study investigates the
performance of different regression models combined with various data
preprocessing techniques in contexts where data is limited. Specifically, the
research focuses on evaluating the suitability of five regression models across
nine different data processing scenarios using concrete with recycled copper
tailing as a case study. This study aims to determine which combinations of
regression models and preprocessing methods yield the most accurate
predictions in small data regimes. This research is motivated by the necessity
to enhance prediction reliability in the field of construction materials, where
experimental data can often be scarce or costly to obtain. Within the study
context, a dataset comprising 21 experimental specimens is used to evaluate
the performance of the models on various concrete properties, including fresh
density, compressive strength, flexural strength, pull-off strength, abrasion
resistance, water penetration, rapid chloride ion permeability, and air
permeability. Through rigorous evaluation involving a 10-fold cross-
validation process to verify accuracy, the research demonstrates that selecting
the optimal regression model and data preprocessing technique selection
substantially improves prediction outcomes, even with limited data. The
findings highlight the importance of this research, suggesting that even small
datasets, when handled correctly, can provide robust insights.

Keywords: Regression models; small data regimes; copper tailing concrete;
multivariable regression; data preprocessing

1 Introduction

The introduction of regression models into the field of construction materials has significantly
advanced the predictive capabilities concerning the properties of various materials [1-4]. Historically,
the application of these models has been extensively explored and refined, especially with conventional
datasets of considerable size [5-9]. However, the robustness of these models in scenarios where data is
scarce remains a significant challenge. Existing literature on regression-based modeling of construction
material properties primarily explored the capabilities and effectiveness of machine learning algorithms
[10-15]. They often demonstrated the application of regression models across various scenarios without
specifically addressing the influence of dataset size. Researchers like Steyerberg et al. [16], Habib et al.
[17], and Koya et al. [18] investigated the technical performance and refinement of these models and
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showed their potential to accurately predict outcomes based on the features and relationships within the
datasets used. However, these discussions generally do not differentiate the performance impacts related
to the size of the dataset, leaving a gap in understanding how these models perform with smaller, less
comprehensive datasets. Previous studies have discussed various methods for expanding small datasets,
such as data augmentation [19-21] and synthetic data generation [22-24]. Nevertheless, their use
induces a new degree of uncertainty, which is generally unfavorable [25, 26]. On the other hand, given
the cost and limitations in obtaining experimental data, there is a need for research on the applicability
and reliability of regression models when the experimental data availability is limited. Accordingly,
this study aims to answer the following questions: How well do various regression models perform in
small data regimes?

Recently, the use of copper tailings in concrete has attracted attention as part of the industry's aim
to contribute to recycling solid wastes [27-31]. Copper tailings are a by-product of copper mining. They
can be recycled as a substitute for traditional sand or as an additive in concrete [32-34]. Studies have
shown varied results in terms of strength and durability when copper tailings are used [35-39]. In this
regard, the use of copper tailings has been proven experimentally to affect the concrete properties at
low replacement ratios while also presenting challenges depending on their amount [40-43]. On the
other hand, the literature highlights a significant gap regarding the development of regression models
for estimating the properties of concrete mixtures that incorporate copper tailings. This study is set apart
by addressing several key aspects that are underexplored in existing research. Firstly, it evaluates the
impact of regression model selection in small data regimes with multicollinearity (as typically expected
in recycled aggregated concrete datasets) on the estimation performance. Secondly, it explores the
combination of various data preprocessing techniques with regression models to enhance the
predictability of concrete properties with limited data availability. Thirdly, this research focuses on
copper recycled concrete and develops models for predicting a variety of mechanical and durability
properties where the literature lacks a similar one. Within the study context, the investigations seek to
identify the optimal combinations of models and techniques that enhance prediction accuracy in small
data scenarios, focusing on a range of concrete properties such as strength, durability, and permeability.
The use of a small dataset of 21 experimental specimens for this investigation provides a challenging
yet realistic case. This research is crucial for advancing the field of construction materials, particularly
in developing estimation models where experimental data may be limited or expensive to obtain.
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Fig. 1. Correlation analysis between the inputs and the outputs.
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2 Materials and Method

2.1 Investigated Parameters and Developed Database

This study explores the effectiveness of employing regression models alongside various data
preprocessing techniques to estimate the properties of concrete that incorporate recycled copper tailings
using a small dataset. Specifically, the experimental results from Thomas et al. [27] were collected and
used as the basis for the numerical analyses. The dataset includes 21 distinct mixtures, each tested for
eight different properties, such as strength and durability. The descriptive statistics for the selected data
are detailed in 5% A3 %) 5] FJH. . Additionally, a correlation analysis between the input variables
and the outputs is depicted in Fig. 1. In general, the concrete experimental results used herein were all
tested at 28 days except for the fresh concrete density. The specimen shapes and sizes utilized in the
reference study for the compressive strength test is a cube of 100<100><100 mm, the pull-off and flexural
strength test is a beam of 100><100>500 mm, the abrasion test is a cube of 100<100><100 mm, the water
permeability test is a cube of 100100100 mm, the rapid chloride permeability test is a cylinder of
102 mm diameter and 51 mm in height, and air permeability is a cube of 150150150 mm. All the
details regarding the experimental program, the data measurement procedure, and the findings are
provided in detail in the reference study by Thomas et al. [27].

Table 1. Descriptive statistics for the dataset used in this study
Number of Standard First

Third

Observations Mean Deviation Minimum Quartile Median Quartile Maximum
Cement (kg/m?) 21 39344 1471 380.00 38000 387.00 41333 41333
Water (kg/m?) 21 176.93  16.12 15480  154.80 186.00 190.00  190.00
Coars(ekg‘r%%;egate 21 115959 3003 113343 113343 114484 120051 1200.51
F'”e(@?rgnrggate 21 45239 11645 27202 35341 45410 55588  640.75
COp(kar/;‘;‘;“”g 21 20224 14280 000 6540 19467 33379 43202
Admixture (kg/m?) 21 0.60 0.42 0.00 0.25 0.57 0.95 1.20
Fresh Concrete 21 2296.13  47.36  2199.96 2268.73 2294.85 2319.81  2384.95
Density (kg/m?)
Compre(s,f/'l‘éz)s"e”gth 21 35.94 2.98 30.98 3418 3615 3861 41.07
Flexural Strength 21 4.47 0.22 4.10 432 453 465 493
(MPa)
Pull-off Strength 21 2.07 0.22 1.74 1.88 2.05 217 2,50
(MPa)
Depth ("J]Q;’ras'on 21 1.42 0.22 1.11 1.24 1.39 153 1.96
Depth of Water 21 6.20 0.92 457 551 6.50 7.03 7.35
Penetration (mm)
Charge Passed in 21 53507  58.73 43151 49863 53315 586.85  648.22
Coulombs
Air Permeability 21 0.19 0.03 0.13 016 018 022 0.25

Index (Bar/min)

2.2 Regression Models

Multivariate linear regression models are crucial in data analysis and predictive modeling.
Common regression techniques include multiple linear regression, ridge regression, lasso regression,
ElasticNet regression, and Bayesian ridge regression. Each of these techniques has its unique
characteristics, robustness, and practical utility. The rationale for selecting these specific cases
compared to advanced machine learning models comes from the need to maintain simplicity and
robustness in the face of a small dataset. The primary goal herein is to avoid complex models with
numerous hyperparameters and coefficients, which can compromise the robustness of the training
process given the limited data. Linear regression variants were chosen for their straightforward nature
and their ability to improve training scenarios and core assumptions while using the simplicity of their
base model. Additionally, to account for potential nonlinearity, the study incorporated data
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preprocessing technigues based on polynomials and other nonlinear forms, addressing nonlinearity
indirectly without resorting to more complex models. This approach ensures a balanced and
methodologically sound analysis, focusing on enhancing prediction reliability within the constraints of
a small dataset.

Multiple linear regression (MLR) provides a core methodology for correlating a single dependent
variable with several independent variables. This model is especially important in interdisciplinary
studies where the interdependence among variables is significant. Tranmer and Elliot [44] highlight its
applicability, which is mathematically expressed in (1.

Y = ,BX + ¢ (1)

xl’l xlrk
: ] is the input matrix for n observations

xn,k xn’k

and k inputs; B =[By,...,Lk]T represents the coefficients to be estimated; &= [ey,...,&]7

represents the random errors.

The ordinary least squares estimator, in this case, is given in (2).
g =XTxX)"1xTy @)
Ridge Regression modifies MLR by incorporating a regularization term into the loss function,
aiming to control model complexity. As McDonald [45] points out, this strategy is effective in tackling
multicollinearity and improving predictive precision by contracting the regression coefficients. This

adaptation is crucial when independent variables exhibit correlation, with g coefficients modified
accordingly, as shown in (3).

B = (XTX + al,) " XTY 3)
where B* is the ridge estimator; a > 0 is the complexity parameter that controls the amount of
shrinkage and ensure that E[(5* — B)T(B* — B)] < E[(B — B)T(B — B)]; I, is the identity matrix.

The ridge regression also solve issues inherent in ordinary least squares by penalizing coefficient
magnitude to optimize a penalized residual sum squared through the ¢, regularization norm as follows:

in = X — 2+ 2
mjn IBX — yllz + llBllz 4)

Expanding on ridge regression, lasso regression introduces an ability to reduce certain coefficients
to zero, thereby streamlining variable selection, as described by Ranstam and Cook [46]. This feature
is exceptionally useful in scenarios involving high-dimensional datasets, where it simplifies the model
to avert overfitting and enhance interpretability. The optimization criterion involves minimizing the
least-squares penalty augmented by «l|B]l1, where a is a fixed scalar and ||3]|; is the absolute norm
£, of the coefficient vector.

where Y = [yq, .., y,]T is the output; X =

1
min = —||BX — y||2 + «
B Znsamples B yll3 15114 (5)

ElasticNet Regression considers the penalties of both ridge and lasso regression into a unified
penalty framework. This amalgamation captures the strengths of each approach, facilitating a balance
between variable selection and the correction of multicollinearity. It is particularly effective in datasets
where predictor correlations are high or when predictors outnumber observations, addressing the
constraints of applying lasso or ridge regression singly. The objective function herein can be defined as
follows:

. 1 2 a(l - p) 2
min = -———[|BX — yllz + apllBlls + ——IBIl3 (6)
B 2nsamples 2

where p is a parameter that is utilized to control the convex combination of #; and #,.

Bayesian Ridge Regression adopts a probabilistic approach by imposing a prior distribution on the
coefficients, (7), as elaborated by Zhao et al. [47]. This Bayesian framework enables coefficient
estimation under conditions of uncertainty, proving invaluable in cases affected by time lags or irregular
data signals.
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P(B,3elY,X) o« P(YIX,B,E)P(B, %) @

Bedoui and Lazar [48] utilized this model by integrating an empirical Bayesian approach with a
ridge penalty as follows:

min(||X — Y% + allBll;%) (8)

2.3 Data Preprocessing Models

Nowadays, a variety of data preprocessing techniques are available to enhance both the predictive
accuracy and interpretability of regression models. This section explores several widely employed
methods, including standardization, normalization, discretization, polynomial feature transformation,
principal component analysis (PCA), kernel PCA, backward elimination, and forward selection. Each
method provides distinct benefits and is suited for specific scenarios within data analysis.

Standardization adjusts data to have a mean of zero and a standard deviation of one. The
standardization formula is as follows:

x—p
o

Z= )
where Z is the standardized value; x is the original value; p is the mean; o is the standard
deviation. This approach is particularly advantageous when data features differ in units or scale, as it
mitigates these discrepancies and facilitates the optimal performance of algorithms that presume
normally distributed data, such as logistic regression and support vector machines. Standardization aims
to enhance model training by aligning features to a uniform scale, addressing the issue of
multicollinearity, which is often present in small datasets and can hinder model performance.

Normalization modifies the data dimensions to ensure the range is between 0 and 1, scaling data
based on the minimum and maximum values of the features. The formula generally used for
normalization is as follows:

, x — min(x)
X =
max(x) — min(x) (10)

where x’ is the normalized value; x is the original value; min(x) is the minimum value;
max(x) is the maximum value. This technique is useful for models sensitive to data magnitude,
including neural networks and k-nearest neighbors. Normalization ensures that each feature contributes
proportionately to the final prediction, preventing any single feature from dominating due to its larger
range. This is particularly important in small datasets where the presence of outliers or extreme values
can disproportionately influence model outcomes.

Discretization converts continuous variables into discrete ones by establishing a series of
contiguous intervals within the variables' range. This technique is valuable for transforming numerical
data into categorical variables, aiding in the modeling of complex relationships between variables, and
enhancing model interpretability and robustness. In small datasets, discretization can help simplify the
model and reduce the risk of overfitting by limiting the number of unique values a variable can take.

Polynomial feature transformation generates features derived from existing variables, which are
either powers or interaction terms of the original set. This method is particularly useful when a nonlinear
relationship between predictors and the outcome is anticipated. For example, given a feature x,
polynomial features could include x? and x3. By incorporating squared, cubic terms, and interaction
terms into the dataset, models can identify more intricate patterns, potentially boosting accuracy.
However, this increase in complexity heightens the risk of overfitting, necessitating management
through techniques like regularization. For small datasets, careful application of polynomial
transformations can help uncover hidden relationships without overly complicating the model.

Principal component analysis (PCA) reduces dimensionality by transforming a large set of
variables into a smaller one while retaining most of the original information. The transformation is
achieved through the following formula:

000056-5




Habib et al., SUST, 2024, 4(3): 000056

where Z is the matrix of principal components; X is the matrix of original variables; W is the
matrix of eigenvectors. PCA uses models, enhances performance, and reduces the risk of overfitting by
ensuring that the first principal component exhibits the highest variance, with each subsequent
component having the maximum variance possible under orthogonality constraints with the preceding
components. PCA is extensively utilized in exploratory data analysis and in enhancing the efficiency of
predictive models. It can be used in small datasets where dimensionality reduction can simplify the
model and improve generalization.

Kernel PCA extends traditional PCA by incorporating techniques from kernel methods to facilitate
nonlinear dimensionality reduction. The kernel PCA transformation can be expressed as follows:

K(xix;) = p(x)"p(x) (12)

where K is the kernel function; ¢ is the mapping function. By applying a nonlinear kernel
function to the data and then conducting linear PCA on the transformed data, kernel PCA is adept at
uncovering structures in data that are not linearly separable, thus providing superior input features for
machine learning models. This is particularly beneficial in small datasets where capturing complex,
nonlinear relationships can significantly enhance model performance.

Backward elimination is a feature selection strategy used in model development that starts with all
predictors and progressively removes the least significant predictor until the optimal predictor set is
determined. This method emphasizes model simplification without compromising predictive accuracy
and is particularly effective when handling multiple collinear variables, aiming to enhance model
interpretability by eliminating redundant predictors. In small datasets, backward elimination helps in
reducing the risk of overfitting by selecting the most relevant features.

In contrast, forward selection begins with no variables in the model and keeps adding the most
significant predictor at each step until a new variable does not significantly improve model performance.
This technique is advantageous when dealing with numerous predictors, making it computationally
impractical to fit models with all possible combinations. Forward selection offers a practical approach
to identifying an appropriate subset of features, balancing model performance and complexity, which
is critical in small datasets where overfitting is a common concern.

In summary, each data preprocessing technique employed in this study addresses specific
challenges associated with small datasets, such as multicollinearity, overfitting, and disproportionate
influence of outliers. This study aims to enhance the performance and robustness of regression models
in predicting concrete properties with limited data availability by carefully selecting and applying these
techniques.

2.4 Model Development and Performance Assessment Strategy

This study implemented a comprehensive methodology to develop and refine predictive models
through a robust, data-driven approach. In general, the regression model selection and evaluation
process started with the input dataset containing pairs of features and target values. This dataset was
split into an 80% training set and a 20% testing set. Thereafter, the preprocessing methods and
regression models were then defined. For each preprocessing method, the training and testing sets were
transformed accordingly. Each regression model was initialized with default parameters, and a grid
search with cross-validation was utilized to tune the model’s hyperparameters. The best parameters
were identified by minimizing the error between the predicted and measured values. The model with
the optimized parameters was then trained on the preprocessed training set. Predictions were made on
both the training and testing sets using the optimized model. Performance metrics such as the coefficient
of correlation (R), normalized root mean squared error (NRMSE), and normalized mean absolute error
(NMAE) were computed to evaluate the model's performance. The results, including performance
metrics, optimized parameters, and model outputs, are saved. This process was repeated for all
combinations of models and preprocessing methods to determine the best-performing model-
preprocessing pair. Fig. 2 illustrates the pseudo-code developed in this study, where the scikit-learn
library was utilized to introduce the data preprocessing techniques and the regression models. On the
other hand, it is worth noting that, unlike advanced machine learning models, the selected data
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preprocessing techniques and regression models are simple in nature, robust in terms of training time,
and low in computational complexity, which makes them suitable for fast handling by researchers as
well as practitioners in resource-constrained environments.

3 Results and Discussions

This section provides a detailed analysis to illustrate the critical importance of model and
preprocessing technique selection in small data regimes. In this regard, it reports the performance of
each of the developed models with respect to the investigated copper tailing concrete properties.

rlnput: Dataset D = {(X;,y;)}, where X; e R" and y; €R, i = 1 to N

Split: Training dataset (80%) Drrgining = {(Xrrain,i» Yrrain,i)} and Testing dataset (20%)  Dresting
{(Xrest,i» Yrest,i)}

Initialize: Define preprocessing methods P and regression models M

P = {Original, Standardized, Normalized, Discretized, Polynomial Features, PCA, Kernel PCA, Back Elimination,
Forward Selection}

M = {MLR, Ridge, Lasso, ElasticNet, Bayesian Ridge}
For each preprocessing method p € P do:
Apply p toobtain Xr,gin-p aNd Xrege—p from Xrpgi and Xrege
For each model m € M do:
Initialize m with default parameters
Define grid parameters range for hyperparameter tuning
Set grid search CV with parameters 6,,,, loss function L, on (Xzr4in—p, Yrrain)
# Train model and find best parameters
Opest = argming L(M(Xrrain-p, 0), Yrrain)
# Evaluate model with best found parameters
Mp.s:= m trained with  Og,;
Yrrain-pred = Mpest (Xrrain-p)
Yrest—pred = MBest (XTest—p)

# Compute performance metrics

nExy)-C0Ey)

R=1-
VInEx2-E )T y?-(E»)?]
N
NRMSE ! Z( )
= i Vtruei — Ypred,i
(viris — yiue) - N &gt e
N
NMAE ! Z| |
= i YVtrue,i — Vpred,i
(viis —yiyie) -N &gt TP

Output: Save performance metrics, model-optimized parameters, and model outputs

Repeat until all models and preprocessing combinations are evaluated

Fig. 2. A summary of the Python code used for developing the regression models in this study.

3.1 Fresh Mixture Density
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The performance analysis of regression models combined with various preprocessing techniques
on the prediction of fresh mixture density of concrete with recycled copper tailings is shown in Fig. 3.
In general, all regression models, irrespective of the preprocessing technique, achieved very high R
values ranging from 0.96 to 1.00 during both the training and testing phases for the original data format.
On the other hand, the NRMSE and NMAE values ranged from 0 to 0.13 and 0 to 0.12, respectively,
showing acceptable results. This suggests an almost good agreement between the measured and
estimated values. The influence of preprocessing on model performance was significant in certain cases.
Standardization and normalization generally showed a slight deterioration in metrics such as R, NRMSE,
and NMAE for models like Ridge and ElasticNet, particularly in the testing phase, where a slight drop
was observed compared to the other cases.

R NRMSE NMAE
Preprocessing Model Best Parameters |
Training Testing Training Testing Training Testing 3
MLR 1.00 777] OL 0.00 0.00 0.00 0.00 {'fit_intercept': False} g
;: Ridge 1.00 1.00 0.00 0.00 0.00 0.00 {'alpha': 0.1} g
f:“ Lasso 1.00 1.00 0.00 0.01 0.00 0.00 {'alpha’: 0.01, 'selection’: 'random'} | &
2 ElasticNet 1.00 1.00 0.01 0.01 0.00 0.01 {"alpha': 10, 'l1_ratio': 0.0) @,
Bayesian Ridge 1.00 1.00 | 0.00 I 0.00 0.00 0.00 | 'alpha_1': 0.0001, "alpha_2": 1e-06, 'lambda_1": 1e-06, 'lambda_2": 0.0001) | =
o MLR 1.00 1.00 0.00 0.00 0.00 0.00 {'fit_intercept': True}
8 Ridge 0.99 0.99 0.03 0.05 0.02 0.04 | {'alpha’: 0.1}
E Lasso 1.00 1.00 0.01 0.01 0.01 0.01 {'alpha’: 0.1, 'selection': 'cyclic'}
§ Elas{icNel IAVOU 1.00 0.01 0.01 0.01 0.01 ('glphz\': 0.001, vl,lfmli(,)i: 0.2}
Bayesian Ridge 1.00 1.00 0.00 0.00 0.00 0.00 {'alpha_1": 0.0001, "alpha_2": le-06, 'lambda_1": le-06, 'lambda_2': le-05}
MLR 1.00 1.00 0.00 0.00 0.00 0.00 {'fit_intercept': True}
E_‘_' Ridge 0.97 0.96 0.07 0.13 0.04 0.09 {'alpha': 1}
Té Lasso 1.00 1.00 | 0.00 0.00 0.00 0.00 {'alpha’: 0.001, 'selection’: 'random’}
2 ElasticNet 1.00 1.00 0.00 0.01 0.00 0.00 {'alpha’: 0.01, "1l _ratio': 1.0}
Bayesian Ridge 1.00 1.00 0.00 0.00 0.00 0.00 {'alpha_1": 0.0001, "alpha_2'": 1e-06, 'lambda_1": 1¢-06, 'lambda_2": 0.0001}
MLR 0.98 099 | 0.06 0.11 0.04 0.10 {'fit_intercept': True}
?,_;_ Ridge 0.97 0.99 | 0.06 0.12 0.04 0.11 {'alpha’: 10}
g Lasso 0.98 099 | 0.06 0.11 0.04 0.10 {'alpha’: 1, 'selection’: 'random’ }
é ElasticNet 0.97 099 | 007 0.13 0.04 0.12 {'alpha’: 1, 11 _ratio': 0.2}
Bayesian Ridge 0.98 0.99 I 0.06 0.10 0.04 0.09 {'alpha_1": 1e-06, ‘alpha_2': 0.0001, 'lambda_1': 0.0001, 'lambda_2": 1e-06}
MLR 1.00 1.00 0.00 0.00 0.00 0.00 {'fit_intercept': False )
; é Ridge 1.00 1.00 0.00 0.00 0.00 0.00 {'alpha’: 100}
Fi ; Lasso 1.00 1.00 0.00 0.02 0.00 0.01 {'alpha': 0.001, 'selection’: 'random'}
;5_ & ElasticNet 7I:(7)()7 1 ,,7|:90, 0.00 0.01 0.007 07()& 1 {'alpha’: 10, ' _ratio": 0.0} |
1 Bayesian Riglgg 1.00 1.00 0.00 0.00 0.00 0.00 ('a!prhail': 1e-06, 'zl}phaﬁZ': 1e-05, 'lambda_1": 0.0001, 'lambda_2": 1e-06} |
MLR 1.00 1.00 0.00 0.00 0.00 0.00 {'fit_intercept: True}
Ridge 1.00 1.00 0.00 0.00 0.00 0.00 {'alpha’: 0.1}
§ Lasso 1.00 1.00 0.00 0.00 0.00 0.00 {'alpha': 0.001, 'selection': ‘cyclic'}
ElasticNet 1.00 1.00 0.00 0.00 0.00 0.00 {'alpha’: 0.001, 'l _ratio": 0.0}
Bayesian Ridge 1.00 1.00 0.00 0.00 0.00 0.00 {'alpha_1": 0.0001, "alpha_2": 1e-06, 'lambda_1": le-06, 'lambda_2': 0.0001} |
. MLR 1.00 1.00 0.00 0.00 0.00 0.00 {'fit_intercept': True}
§ Ridge 1.00 1.00 | 0.00 0.00 0.00 0.00 {'alpha': 0.1} l
= Lasso 1.00 1.00 0.00 0.00 0.00 0.00 {'alpha': 10, 'selection': ‘cyclic' }
E ElasticNet 1.00 1.00 0.00 0.00 0.00 0.00 {'alpha’: 10, 'l _ratio": 0.6}
Bayesian Ridge* 1.00 1.00 0.00 0.00 0.00 0.00 {"alpha_1": 0.0001, "alpha_2": 1e-06, 'lambda_1": 1e-06, 'lambda_2": 0.0001}
g MLR 1.00 100 | 000 | 000 0.00 0.00 | {'fit_intercept': False}
E Ridge 1.00 1.00 0.00 0.00 0.00 0.00 {'alpha': 0.1}
% Lasso 1.00 1.00 0.00 0.00 0.00 0.00 {'alpha': 0.01, 'selection’: 'random’}
é ElasticNet 1.00 1.00 0.01 0.01 0.00 0.01 {'alpha’: 10, 'l _ratio": 0.0}
m Bayesian Ridge 1.00 1.00 | 0.00 0.00 0.00 0.00 {'alpha_1": 0.0001, "alpha_2'": le-06, 'lambda_1": 1e-06, 'lambda_2": 0.0001} ]
g MLR 1.00 1.00 0.00 0.00 0.00 0.00 {'fit_intercept': False} g
% Ridge 1.00 1.00 0.00 0.00 0.00 0.00 |{'alpha’:0.1} E
: Lasso 1.00 1.00 0.00 0.01 0.00 0.00 {'alpha': 0.001, ‘selection': ‘'random'} E
;EE ElasticNet IAO(VJ 7 J"’%, Uql 0.01 (L(}O 0.01 {"alpha’: 10, 'I1_ratio: 0.0} §
£ Bayesian Ridge 1.00 1.00 0.00 0.00 0.00 0.00 {'alpha_1": 0.0001, "alpha_2": le-06, 'lambda_1": le-06, 'lambda_2": 0.0001}
*Optimal bination of pre-p ing que and linear regression approach.

Fig. 3. Performance assessment and optimized parameters for the models developed to predict the density of
fresh concrete containing copper tailing.

This suggests that while these techniques often help in improving model generalization, they may
not always be necessary or effective for all types of data or models. In contrast, the application of kernel
PCA before applying the Bayesian Ridge model emerged as the most effective combination,
maintaining an R-value of 1.00 with the lowest error metrics in both the training and testing phases.
This indicates that for complex datasets, even when small in size, advanced preprocessing techniques
combined with non-traditional linear regression models can enhance predictive performance
considerably. The worst preprocessing cases were observed in the discretized case, where almost all
regression models yielded bad performance. Despite the limited size of the dataset, the robust cross-
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validation scheme (10 folds) and the data division (80% training and 20% testing) ensured that the
models were tested against unforeseen data effectively. The consistently high performance across most
models and scenarios confirms the capability of the regression techniques to handle small datasets
without overfitting. This is crucial for practical applications in construction material testing, where
obtaining large datasets can be challenging or expensive.

3.2 Compressive Strength

The evaluation of regression models and preprocessing techniques in predicting the compressive
strength of concrete containing copper tailings is provided in Fig. 4. The performance of models herein
varied significantly depending on the data preprocessing applied. The models showed R values between
0.41 and 1.00 during training, with testing phases exhibiting a range of -0.73 to 0.94. The ranges of
NRMSE and NMAE values are 0.01 to 0.6 and 0.00 to 0.53, respectively, across different preprocessing
techniques except for a case where the error was almost 4, which indicates unstable model results. This
highlights a broader variation in model performance compared to the fresh mixture density case.

R NRMSE NMAE
Preprocessing | Model Best Parameters
Training Testing Training Testing Training ‘ Testing 3
MLR 075 | 094 019 | 025 0.16 0.24 | (‘fit_intercept': True} E
= Ridge 071 | 080 0.21 | 0.29 0.18 1 0.28 {'alpha': 1000} E
:é’ Lasso 0.72 0.77 0.20 | 0.28 0.18 0.27 {'alpha': 1, 'selection’: 'random’ } ‘_:__‘5
Q ElasticNet 0.70 0.81 0.21 0.29 0.19 0.28 {'alpha': 10, 'l1_ratio': 0.4} 'E_u
Bayesian Ridge 0.64 0.74 0.23 0.32 0.20 Il 0.30 (’alPhufl': 1e-06, 'alpthl’: 0.0001, lambda_1": 1e-06, 'lambda_2": 0.0001 } ] T
- | MLR 0.41 -0.73 0.43 \ 0.60 0.37 0.53 {'fit_intercept': False
8 Ridge 070 | 082 022 | 031 0.19 0.29 |{'alpha’: 10}
E Lasso 0.61 \ 0.79 0.26 | 0.33 0.21 0.30 {'alpha': 1, 'selection': 'random' }
;5; ElasticNet 0.69 | 0.83 0.23 0.32 0.20 | 0.30 {'alpha': 1, '11_ratio': 0.2}
Bayesian Ridge 0.70 0.82 0.22 0.30 0.19 0.29 {'alpha_1": 0.0001, 'alpha_2": 1e-06, 'lambda_1": 1e-06. 'lambda_2": 0.0001}
'MLR 075 | 094 0.19 ‘ 0.25 016 | 024 (‘fit_intercept': False)
E Ridge 0.70 0.82 021 | 029 0.19 0.28 {'alpha': 1}
'_g Lasso 0.70 0.83 0.21 0.28 0.19 0.27 {'alpha': 0.1, 'selection': 'random'}
;f ElasticNet | 0.70 0.83 0.21 0.28 019 0.27 {'alpha': 0.1, 'l1_ratio': 1.0}
.Buyc.\ian Ridge 0.70 | 0.82 0.22 0.30 0.19 0.29 {'alpha_1": 0.0001, 'alpha_2': 0.0001, 'lambda_1": 1e-06, 'lambda_2": 0.0001}
MLR 0.74 | 0.29 0.20 | 0.36 0.17 0.35 {'fit_intercept': True }
_—’g’ Ridge 0.67 | 0.75 0.24 0.33 0.20 0.31 {'alpha': 100}
2 Lasso 068 | 086 023 | 030 0.20 0.28  |{'alpha': 1, 'selection’: 'cyclic'}
é ElasticNet 0.70 | 0.85 0.22 0.29 0.19 0.28 {'alpha': 1, 'll_ratio": 0.6}
Bayesian Ridge 0.70 0.80 0.22 0.30 0.19 0.29 ('alpha_1': 0.0001, 'alpha_2': 1e-06, 'lambda_1': 1e-06, 'lambda_2": 0.0001)
MLR 1.00 0.86 0.01 0.24 0.00 0.22 {'fit_intercept': False}
Ridge 0.98 0.88 0.05 0.24 0.04 0.20 {'alpha': 1000}
Lasso 0.97 0.87 0.07 0.26 0.05 | 0.23 {'alpha': 0.01, "selection’: 'random' }
ElasticNet 0.96 0.88 0.08 0.23 0.06 0|0 21 {'alpha': 100, 'l _ratio': 0.2}
Bayesian Ridge 0.96 0.88 0.08 0.23 0.06 ‘ 0.21 {'alpha_1": 1e-06, "alpha_2": 0.0001, "lambda_1": 0.0001, 'lambda_2'": 1e-06}
MLR 0.75 0.94 0.19 0.25 0.16 0.24 ('fit_intercept’: True}
Ridge 0.71 0.80 021 | 029 | 018 | 028 {'alpha': 1000}
§ Lasso 0.73 0.76 020 | 028 0.17 0.27 {'alpha': 1, 'selection': 'cyclic'}
ElasticNet 0.70 0.81 0.21 0.29 0.19 0.28 {'alpha': 100, 'l _ratio': 0.0}
Bayesian Ridge 0.64 | 0.74 0.23 0.32 0.20 0.30 {'alpha_1": 1e-06, "alpha_2": 0.0001, 'lambda_1": 1e-06, 'lambda_2": 0.0001}
4 MLR 1.00 0.73 3.95 3.86 3.95 3.86 {'fit_intercept': False}
§ Ridge* 0.98 0.91 0.06 0.19 0.05 0.16 (‘alpha': 500}
E Lasso 0.96 08§ 0.08 0.23 0.07 0.21 ('ulphu‘: IQO. ‘selection’: "cyclic'}
E ElasticNet 0.96 0.88 0.08 0.23 0.06 { 0.21 {'alpha': 100, 'l _ratio': 0.6}
Bayesian Ridge 0.96 0.88 0.08 0.23 0.06 | 0.21 {'alpha_1": 1e-06, "alpha_2": 0.0001, 'lambda_1": 0.0001, 'lambda_2'": 1e-06}
g MLR 0.61 0.79 0.23 0.28 0.20 0.25 {'fit_intercept’: True}
Z.:’ Ridge 0.61 0.79 0.23 0.29 0.20 0.26 {'alpha': 500}
;E Lasso 0.61 0.79 0.23 0.28 0.20 0.25 {'alpha': 0.001, 'selection': 'cyclic'}
o) ElasticNet 0.61 0.79 0.23 0.28 0.20 0.25 {'alpha': 10, 11 _ratio": 0.0}
a Bayesian Ridge 0.61 0.79 0.23 0.29 0.20 0.26 {'alpha_1": 0.0001, 'alpha_2": 1¢-06, 'lambda_1": 1e-06, 'lambda_2": 0.0001} 3
g MLR 075 | 094 019 | 025 0.16 0.24 |(fit_intercept’: False) E
_é Ridge 071 | 080 0.21 0.29 0.18 0.28 {'alpha': 1000} é
‘g Lasso 072 | om 0.20 1 0.28 0.18 0.27 {'alpha'; 1, 'selection': ‘cyclic'} E ‘
g ElasticNet 0.70 | 0.81 0.21 0.29 0.19 | 0.28 {'alpha': 10, Il _ratio": 0.4} g
i Bayesian Ridge 064 | 074 023 | 032 0.20 0.30 {'alpha_1': 1e-06, "alpha_2': 0.0001, 'lambda_1": 1e-06, 'lambda_2": 0.0001} =
*Optimal bination of pre-p ing technique and linear regressi pp h ‘

Fig. 4. Performance assessment and optimized parameters for the models developed to predict the
compressive strength of concrete containing copper tailing.

The preprocessing techniques had a notable impact on the performance metrics. Standardization,
for instance, generally resulted in a significant degradation in R, NRMSE, and NMAE for models like
the MLR, particularly evident during the testing phase, where performance dropped substantially. This
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suggests that while standardization can aid in model generalization, it might not be uniformly beneficial
across all data types or scenarios, possibly due to the sensitivity of compressive strength to changes in
scale or distribution of input variables. Conversely, the use of kernel PCA with Ridge regression
emerged as the best preprocessing-model combination, achieving the highest overall performance in
both the training and testing phases. This combination's success highlights the utility of dimensionality
reduction techniques in enhancing model performance, especially in contexts involving small datasets
where conventional models might struggle with feature overfitting or underrepresentation. Such results
underline the complexities of modeling compressive strength in cases with small data. Despite the
challenges posed by the limited dataset size, the robustness of the cross-validation process (10 folds)
and the data splitting strategy (80% training, 20% testing) ensured effective validation of the models
against unseen data. The variation in performance across different models and preprocessing techniques
underscores the necessity of careful selection of both the model and the preprocessing method to
optimize prediction accuracy in small data regimes.

R \ NRMSE NMAE
Preprocessing Model t Best Parameters
Training Testing { Training Testing Training Testing 3
MLR 0.64 0.82 0.26 0.40 0.18 0.32 l'ﬁl_inlcrc;pl'} False} é
| Ridge 0.63 0.85 0.26 0.39 0.18 0.31 {'alpha’: 1000} E
:g‘* Lasso | 0.58 \ 0.98 0.28 0.36 0.21 0.28 {'alpha': 1, 'selection’: 'random'} E
© ElasticNet [ 0.59 { 0.94 0.27 0.35 0.20 0.27 {'alpha’: 1, 'l _ratio": 0.6} 'E__b
Bayesian Ridge 0.61 | 097 0.27 0.36 0.20 0.29 {'alpha_1'": 1e-06, ‘alpha_2": 0.0001, 'lambda_1": 1e-06, 'lambda_2": 1e-06} =2
= MLR | 0.64 | 0.82 ] 0.26 0.40 0.18 0.32 {'fit_intercept': True}
K Ridge 0.62 0.85 0.30 0.41 0.25 0.31 {'alpha': 100}
E Lasso ) 7 Model Failed to Converge
é ElasticNet | 0.61 0.85 0.31 0.42 0.27 0.32 {'alpha': 10, 'I1 _ratio': 0.0}
Bayesian Ridge 0.62 0.84 0.27 0.39 0.20 0.30 {"alpha_1": 0.0001, 'alpha_2': 0.0001, 'lambda_1": le-06, 'lambda_2": 0.0001}
MLR 0.64 0.82 0.26 0.40 0.18 0.32 ('fit_intercept': True}
E Ridge | 0.61 3 0.55 0.29 0.41 0.24 0.32 {'alpha': 10}
Té Lasso 0.61 0.43 0.27 0.40 0.20 0.31 {'alpha': 0.01, 'selection': 'random'’ }
; ElasticNet | 0.61 | 0.52 ] 0.30 0.42 0.25 0.33 {'alpha': 1, 'l _ratio": 0.0}
Bayesian Ridge 0.62 0.66 0.27 0.40 0.20 0.31 {'alpha_1": 0.0001, ‘alpha_2': 0.0001, 'lambda_1": 1e-06, 'lambda_2": 0.0001}
MIR | 066 | 095 0.25 0.33 0.17 0.28 |('fit_intercept’: Truc) o
‘g Ridge 0.62 0.74 0.28 0.39 0.22 0.31 {"alpha’: 100}
g Lasso [ Model Failed to Converge
é ElasticNet | 0.62 | 0.71 0.29 0.40 0.23 0.31 {"alpha’: 10, 'I1 _ratio': 0.0}
Bayesian Ridge 0.63 0.80 0.27 0.38 0.20 70.30 — {'alpha_1": 0.0001, "alpha_2": 0.0001, lambda_1": 1e-06, 'lambda_2": 0.0001}
MLR 1.00 | -0.09 0.01 0.74 0.01 0.63 {'fit_intercept': False}
:é é Ridge | 0.99 ] 0.33 ] 0.06 0.46 [ 0.04 0.35 {'alpha': 100}
E‘ % Lasso 0.84 0.52 0.19 0.40 0.13 0.27 {'alpha': 100, 'selection’: 'cyclic'}
s ElasticNet 0.85 | 035 0.18 0.41 0.12 0.28 {'alpha': 100, '11 _ratio': 0.8}
Bayesian Ridge 0.99 ‘ 0.34 0.06 0.46 0.04 0.35 {'alpha_1": 1e-06, 'alpha_2'": 0.0001, 'lambda_1": 0.0001, 'lambda_2'": 0.0001}
) MLR | 0.64 | 0.82 0.26 0.40 0.18 0.32 {'fit_intercept': True}
Ridge 0.63 0.85 0.26 0.39 0.18 0.31 ('alpha': 1000)
§ | Lasso 060 | 095 0.27 036 0.20 028 | {'alpha': 1, ‘selection’: 'cyclic'}
ElasticNet 0.60 | 0.92 0.27 0.36 0.20 0.28 {‘alpha’: 1, 'l _ratio": 0.8 )
Bayesian Ridge| 061 | 097 | 027 | 036 0.20 0.29 |(alpha_1": 1e-06, "alpha_2": 0.0001, 'lambda_1': 1e-06, lambda_2" 1e-06}
- MLR 1.00 | 0.04 7.57 7.76 7.57 7.74 ('fit_intercept': False
é Ridge 092 | -0.13 0.13 0.46 0.09 0.34 {'alpha’: 1000}
E Lasso* 0.69 0.90 0.25 0.39 0.17 0.31 {'alpha': 100, 'selection’: 'random' }
E ElasticNet* 0.69 ‘ 0.90 0.25 0.39 0.17 0.31 {'alpha': 100, '11_ratio: 1.0}
Bayesian Ridge 0.89 -0.07 0.16 0.48 0.12 0.37 {'alpha_1": 1e-06, 'alpha_2": 0.0001, 'lambda_1": 0.0001, 'lambda_2": 1e-06}
g MLR 0.51 -0.49 0.29 0.49 0.23 0.41 {'fit_intercept': False}
2 Ridge | 050 0.30 0.29 0.46 0.23 0.38 | {alpha': 1000)
§ Lasso 0.48 -0.22 0.30 0.44 0.25 0.36 {'alpha': 1, 'selection’: 'cyclic'}
-5 ElasticNet 0.49 -0.29 0.30 0.45 0.23 0.38 {'alpha’: 100, ' _ratio': 0.0}
2 Bayesian Ridge | 0.49 -0.29 0.29 0.46 0.23 0.38 {'alpha_1": 1e-06, ‘alpha_2": 0.0001, 'lambda_1": 0.0001, 'lambda_2'": 1e-05} 3
§ MLR 0.64 0.82 0.26 0.40 0.18 0.32 {'fit_intercept': False } g
LE Ridge 0.63 | 0.85 0.26 0.39 0.18 0.31 {'alpha': 1000} €
2 Lasso 0.58 | 0.98 0.28 0.36 0.21 0.28 {'alpha’: 1, 'selection’: 'random' } &
:; ElasticNet 059 | 0.94 0.27 0.35 0.20 0.27 {'alpha’: 1, "1l _ratio': 0.6} g
£ Bayesian Ridge 0.61 | 0.97 0.27 0.36 0.20 0.29 {'alpha_1': 1e-06. 'alpha_2": 0.0001, 'lambda_1": 1e-06, 'lambda_2": 1e-06} &
*Optimal bi of pre-p ing technique and linear regressi pp h

Fig. 5. Performance assessment and optimized parameters for the models developed to predict the flexural
strength of concrete containing copper tailing.

3.3 Flexural Strength

The performance of models in predicting the flexural strength of concrete containing copper tailing
is illustrated in Fig. 5. This property proved challenging, with generally lower accuracy levels observed
across different preprocessing techniques. However, the application of kernel PCA preprocessing
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improved model performance, especially when coupled with an £; regularized case such as the lasso
and ElasticNet models, highlighting its effectiveness in dealing with complex property predictions.
These two cases were selected as the best ones because they have the highest results and the closest
training and testing metrics to each other. The best models under this configuration demonstrated
average predictive accuracy for training and high for testing, meaning that although other properties of
concrete were all accurately predicted, it is possible that some cases would yield an average
performance in small datasets. The reliability and consistency of the results of both training and testing
and the performance in predicting unseen data upon 10-fold cross-validation indicate that these models
are practically viable for predicting flexural strength but should be used with caution given the
considerably lower performance in the training case. On the other hand, the huge change in the
performance of the various models highlights the importance of optimizing the model type and pre-
processing case to achieve suitable results.

|

R NRMSE NMAE
Preprocessing Model Best Parameters 4
Training Testing Training Testing Training Testing 3
MLR 0.35 -0.38 0.27 0.50 0.22 0.44 {'fit_intercept': False} g
7’3 Ridge 0.24 -0.53 0.28 0.52 0.23 0.41 {'alpha’: 1000} g
:g" Lasso Model Failed to Converge n‘.‘;
2 ElasticNet Model Failed to Converge 5,
Bayesian Ridge 0.23 -0.54 0.28 0.52 0.23 0.41 {'alpha_1": 1e-06, 'alpha_2": 0.0001, 'lambda_1': 0.0001, 'lambda_2": le-06} ==
_ MLR 0.22 -0.51 0.42 1.08 0.33 0.81 {'fit_intercept': False}
§ Ridge 26 -0.57 0.29 0.46 0.23 0.40 {"alpha': 1000}
E: Lasso Model Failed to Converge
§ ElasticNet Model Failed to Converge
Bayesian Ridge 0.26 -0.57 0.29 0.46 0.23 0.40 {'alpha_1": 1e-06, 'alpha_2": 0.0001, 'lambda_1": 0.0001, 'lambda_2": le-06}
MLR 0.35 -0.38 0.27 0.50 0.22 0.44 {'fit_intercept': False}
‘g Ridge 0.25 -0.47 0.29 0.46 0.23 0.40 {'alpha': 1000}
_g Lasso Model Failed to Converge
% ElasticNet Model Failed to Converge
Bayesian Ridge v 0.25 -0.48 76.29 0.46 0.23 040 {"alpha_1": 1e-06, "alpha_2": 0.0001, 'lambda_1": 0.0001, 'lambda_2": 1e-06}
MLR 0.30 -0.41 0.28 0.55 0.22 0.40 {'fit_intercept': True}
‘g Ridge 0.24 -0.47 0.29 0.46 0.23 0.40 {"alpha': 1000}
g Lasso Model Failed to Converge \
a ElasticNet Model Failed to Converge |
Bayesian Ridge 0.24 -0.46 0.29 0.46 0.23 0.40 {'alpha_1": 1e-06, 'alpha_2": 0.0001, 'lambda_1": 0.0001, 'lambda_2": 1e-06}
MLR 0.99 -0.08 0.05 0.81 0.02 0.79 {'fit_intercept': False }
:g % Ridge 0.96 0.94 0.08 0.28 0.05 0.25 {"alpha': 10}
E. g Lasso* 0.94 0.95 0.10 0.14 0.08 0.11 {'alpha': 100, 'selection’: 'random’ }
E = ElasticNet* 0.94 0.95 0.10 0.14 0.08 0.11 {‘alpha': 100, '11 _ratio: 1.0}
Bayesian Ridge 0.95 0.93 0.09 0.17 0.07 0.15 {'alpha_1": 1e-06, 'alpha_2": 0.0001, 'lambda_1": 0.0001, 'lambda_2": le-06}
MLR 0.35 -0.38 0.27 0.50 0.22 0.44 {'fit_intercept': True}
Ridge 0.24 -0.53 0.28 0.52 0.23 0.41 {"alpha': 1000}
§ Lasso Model Failed to Converge
ElasticNet Model Failed to Converge
Bayesian Ridgc:l 0.23 -0.54 0.28 0.52 0.23 0.41 {"alpha_1'": 1e-06, ‘alpha_2': 0.0001, 'lambda_1": 0.0001, 'lambda_2": 1e-06} |
MLR | 09 -0.31 2.81 3.72 2.81 3.66 {'fit_intercept': False}
é Ridge 0.95 0.90 0.09 0.21 0.06 0.17 {"alpha': 1000}
2 Lasso 0.94 0.94 0.10 0.16 0.07 0.13 {alpha': 10, 'selection’: 'random'}
{:’ ElasticNet 0.94 0.94 0.10 0.16 0.07 0.13 {'alpha': 100, 'll_ratio": 0.2}
Bayesian Ridge 0.95 0.93 0.09 0.17 0.07 0.15 {"alpha_1': 1e-06, ‘alpha_2': 0.0001, ‘lambda_1': 0.0001, 'lambda_2": 1e-06}
§ MLR 0.15 0.21 0.29 0.44 0.23 0.40 {'fit_intercept': True} |
é Ridge 0.15 0.21 0.29 0.44 0.23 0.40 { alpha': 1000}
E Lasso Model Failed to Converge
5 ElasticNet Model Failed to Converge
& Bayesian Ridge 0.15 0.21 0.29 0.45 0.23 0.40 {alpha_1": 1e-06, ‘alpha_2': 0.0001, ‘lambda_1': 0.0001, 'lambda_2'": 1e-06} 3
§ MLR 0.35 -0.38 0.27 0.50 0.22 0.44 {"fit_intercept': False} E
E_g Ridge 0.24 -0.53 0.28 0.52 0.23 0.41 {'alpha'’: 1000} E
‘.g Lasso Model Failed to Converge E
;é ElasticNet Model Failed to Converge z
2 Bayesin Ridee| 023 | 054 | o028 0.52 023 | 041 |{alpha_l' 1e-06. ‘alpha_2': 0.0001, ‘lambda_1': 0.0001, 'lambda_2": 1e-06} | —
*Optimal of pre-p ing que and linear pp h |

Fig. 6. Performance assessment and optimized parameters for the models developed to predict the pull-off
strength of concrete containing copper tailing.

3.4 Pull-off Strength

Fig. 6 demonstrates the challenges involved in predicting the pull-off strength of concrete with
copper tailings. Among the various models and preprocessing methods, the combination of polynomial
features preprocessing with Lasso and ElasticNet models was the most successful, significantly
outperforming others with R values of 0.94 and 0.95 in the training and testing phases and low testing
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errors, NRMSE and NMAE, at approximately 0.14 and 0.11, respectively. On the other hand, multiple
models failed to converge, indicating that estimating the pull-out is a challenging task under small data
regimes This particular combination's effectiveness in capturing complex, nonlinear relationships is
evident from its robust performance across both training and testing phases, supported by a rigorous
10-fold cross-validation process. Such results not only demonstrate the models' reliability in practical
applications but also emphasize the importance of selecting advanced preprocessing techniques and
sophisticated models to manage the complexities of predicting construction material properties,
especially when dealing with limited data.

R | NRMSE NMAE
Preprocessing Model 1 Best Parameters
Training | Testing | Training | Testing | Training | Testing | 3
MLR 0.81 0.95 0.16 0.16 0.12 0.13 | {"fit_intercept': False } E
E Ridge 0.71 0.89 0.19 0.22 0.13 0.17 | {'alpha': 1000} 8
E" Lasso 0.65 0.92 0.20 0.24 0.13 0.18 | {"alpha': 1, 'selection’: 'cyclic'} E
= ElasticNet 0.65 0.92 0.20 0.24 0.13 0.18 {"alpha': 1, 'l _ratio": 1.0} o
Bayesian Ridge 0.67 0.91 0.20 0.22 0.14 0.18 {"alpha_1": 1e-06, "alpha_2': 0.0001, 'lambda_1": 0.0001, 'lambda_2": 1e-06} =
= MLR 031 0.95 0.16 016 | 012 013 {'fit_intercept': True}
é Ridge 0.66 0.90 0.21 0.25 0.14 0.20 {'alpha': 10}
5 Lasso 0.67 0.90 0.20 0.23 0.13 0.18 {"alpha': 0.01, 'selection’: ‘cyclic'}
g ElasticNet 0.65 0.92 0.21 0.28 0.14 0.23  |{'alpha" 0.1, "Il _ratio": 0.4}
Bayesian Ridge 0.65 0.90 0.21 0.26 0.14 0.21 {"alpha_1": 1e-06, 'alpha_2": 0.0001, 'lambda_1": 1e-06, 'lambda_2": 0.0001}
MLR 0.81 0.95 0.16 0.16 0.12 0.13 | {'fit_intercept': True}
E Ridge 0.65 0.89 0.21 0.26 0.14 0.20 {"alpha': 1)
i Lasso 0.65 0.92 021 0.27 0.14 0.22 | {"alpha': 0.01, 'selection’: ‘random'}
E ElasticNet 0.65 0.92 0.21 0.27 0.14 0.22 {"alpha': 0.01, "1 _ratio': 1.0} o
| Bayesian Ridge | 0.65 089 | 02l 0.28 0.14 022 |({‘alpha_1": 0.0001, 'alpha_2": 1e-06, 'lambda_1': 1e-06, 'lambda_2'; 0.0001)
MLR 0.69 0.87 0.19 0.21 0.14 0.17 | {'fit_intercept': True}
E Ridge 0.67 0.86 0.20 0.24 0.14 0.20 |{'alpha': 10}
g Lasso 0.66 0.86 0.23 0.33 0.16 0.27  |{'alpha': 0.1, 'selection’: 'cyclic'}
é ElasticNet 0.66 0.86 0.21 0.30 0.14 0.24 |{"alpha’: 0.1, "1l _ratio': 0.6}
Bayesian Ridge 0.67 0.87 0.21 0.27 0.14 0.21 “{'alpha_l': 0.0001, "alpha_2": 0.0001, 'lambda_1": 1e-06, 'lambda_2": 0.0001 }
MLR 0.99 0.88 0.04 0.29 0.02 0.20 | {'fit_intercept’: False}
E Ridge 0.97 0.92 0.07 0.15 0.05 0.14 {’alpha': 1000}
§ Lasso 0.93 0.97 0.10 0.08 0.08 0.07 {alpha': 10, 'selection': ‘'random' }
E ElasticNet 0.94 0.98 0.09 0.08 0.08 0.06 {"alpha': 10, 'I1 _ratio': 0.6}
Bayesian Ridge 0.95 0.95 0.08 0.11 0.07 0.10 {"alpha_1": 1e-06, 'alpha_2": 0.0001, 'lambda_1": 0.0001, 'lambda_2": l1e-06}
MLR 0.81 0.95 0.16 0.16 0.12 0.13 {"fit_intercept': True}
Ridge 0.71 0.89 0.19 0.22 0.13 0.17 {'alpha': 1000}
; Lasso 0.65 0.92 0.20 0.24 0.13 0.18 {'alpha': 1, 'selection': 'cyclic'}
ElasticNet 0.65 0.92 0.20 0.24 0.13 0.19 {’alpha': 10, 'l _ratio": 0.2}
Bayesian Ridge 0.67 0.91 0.20 0.22 0.14 0.18 {"alpha_1": 1e-06, 'alpha_2": 0.0001, 'lambda_1": 0.0001, 'lambda_2": 1e-06}
= MLR 0.98 0.86 2.15 1.70 2.15 1.69 {"fit_intercept': False}
S Ridge 0.97 0.94 0.06 0.14 0.05 0.11 | {"alpha': 1000}
E Lasso* 0.94 0.98 0.09 0.07 0.08 0.06 {"alpha': 1, 'selection’: 'random')
3 ElasticNet 0.96 0.96 0.08 0.10 0.07 0.08 {"alpha': 1, "1l _ratio': 0.4}
X Bayesian Ridge 0.95 0.97 0.08 0.09 0.07 0.07 {'alpha_1'": 1e-06, ‘alpha_2': 0.0001, 'lambda_1': 0.0001, 'lambda_2": 1e-06 |A
5 MLR 0.01 20.39 027 038 0.20 033 |(‘fit_intercept: True} )
75“‘ Ridge 0.01 -0.39 0.27 0.38 0.20 0.33 | {'alpha': 1000}
§ Lasso Model Failed to Converge
o ElasticNet Model Failed to Converge
2 Bayesian Ridge 0.01 -0.39 0.27 0.38 0.20 0.33 | {"alpha_1": 1e-06, ‘alpha_2': 0.0001, 'lambda_1": 0.0001, 'lambda_2": 1e-06} 3
§ MLR 0.81 0.95 0.16 0.16 0.12 0.13 {'fit_intercept': False ) é
% Ridge 0.71 0.89 0.19 0.22 0.13 0.17 {"alpha': 1000} é
: Lasso 0.65 0.92 0.20 0.24 0.13 0.18 {alpha': 1, 'selection’: 'random'} &
§ ElasticNet 0.65 0.92 0.20 0.24 0.13 0.18 {'alpha; 1, 'll _ratio": 1.0} E
£ Bayesian Ridge 0.67 0.91 \ 0.20 0.22 0.14 0.18 l('ulpha_l'z 1e-06, 'alpha_2': 0.0001, 'lambda_1": 0.0001, 'lambda_2": 1e-06} =
*Optimal bination of pre-p ing technique and linear regression approach.

Fig. 7. Performance assessment and optimized parameters for the models developed to predict the depth of
abrasion of concrete containing copper tailing.

3.5 Abrasion Resistance

Fig. 7 delineates the results for predicting the abrasion resistance of concrete containing copper
tailing. The evaluation of the models across various preprocessing techniques shows a notable variance
in performance. The polynomial features preprocessing with lasso regression demonstrated exceptional
performance, achieving perfect accuracy in both the training and testing phases. This optimal
combination significantly outperformed other methods, underscoring the potential of incorporating
higher-degree polynomial transformations to capture complex interactions within the data effectively.
The original dataset, without any preprocessing, also yielded strong results with MLR, achieving an R
value of 0.97 in the testing phase. This suggests that the basic characteristics of the dataset are well-
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suited for regression analyses without necessitating transformations. The consistency in performance
across both the training and testing phases, validated through a rigorous 10-fold cross-validation process,
indicates a robust model capable of reliably predicting abrasion resistance in unseen data, even within
a small dataset context.

R NRMSE NMAE
Preprocessing Model Best Parameters
Training Testing Training Testing Training Testing 3
MLR 0.95 0.97 0.10 0.15 0.08 0.14 {'fit_intercept': False} g
'g Ridge 0.95 0.97 0.11 0.15 0.09 0.13 {'alpha': 1000} ,‘_C:
:E“ Lasso 0.95 0.96 0.11 0.15 0.09 0.13 {'alpha': 1, 'selection’: 'random’} &
2 ElasticNet 0.95 0.97 0.11 0.15 0.09 0.13 {'alpha': 100, 'l _ratio: 0.0} f_ﬁ
Bayesian Ridge 0.95 0.96 0.11 0.15 0.09 0.13 {'alpha_1": le-06, "alpha_2": 0.0001, 'lambda_1": 0.0001, 'lambda_2": le-06} =
- MLR 0.95 0.97 0.10 0.15 0.08 0.14 ('fit_intercept': True}
K] Ridge 0.95 0.97 0.11 0.15 0.09 0.13 (‘alpha': 1}
E Lasso 0.93 0.95 0.14 0.15 0.10 0.12 {'alpha': 0.1, 'selection’: 'random' }
()’5 ElasticNet 0.95 0.97 0.11 0.15 0.09 0.13 {'alpha': 0.1, '11_ratio’: 0.0}
Bayesian Ridge 0.95 0.97 0.11 0.15 0.09 0.13 {'alpha_1": 1e-06, "alpha_2": 0.0001, 'lambda_1": 0.0001, 'lambda_2': 1e-06)
MR [ 095 | 07 | 010 [ o015 [ 008 | 014 [(fuimercept: True)
E Ridge 0.95 0.97 0.11 0.15 0.09 0.14 {'alpha': 0.1}
—g Lasso 0.95 0.97 0.11 0.14 0.09 0.13 {'alpha': 0.01, "selection’: 'random' }
2 ElasticNet 0.95 0.97 0.11 0.15 0.09 0.13 {'alpha': 0.01, "1l _ratio": 0.0}
Bayesian Ridge 0.95 0.97 0.11 0.15 0.09 0.14 {'alpha_1": 1e-06, "alpha_2': 0.0001, 'lambda_1": 0.0001, 'lambda_2": 1e-06}
MLR 0.96 0.99 0.10 0.13 0.08 0.11 {'fit_intercept': True}
E Ridge 0.95 0.99 0.11 0.09 0.09 0.08 {'alpha: 10}
g Lasso 0.95 0.99 0.11 0.09 0.09 0.07 {'alpha': 0.1, 'selection’: 'random’}
g ElasticNet 0.96 0.99 0.10 0.09 0.09 0.07 {'alpha': 0.1, 'l1 _ratio": 0.6}
Bayesian Ridge 0.95 0.99 0.10 0.09 0.09 0.08 {'alpha_1": 1e-06, "alpha_2": 0.0001, lambda_1": 0.0001, 'lambda_2": le-06}
MLR 0.99 0.83 0.04 0.29 0.02 0.27 {'fit_intercept': False
% % Ridge* 0.97 1.00 0.08 0.10 0.05 0.08 {'alpha': 1000}
g. g Lasso 0.96 0.98 0.10 0.12 0.07 0.11 {'alpha': 100, 'selection’: 'random'}
E = ElasticNet 0.96 0.98 0.10 0.12 0.07 0.11 {'alpha': 100, 'l _ratio": 1.0}
Bayesian Ridge 0.96 0.98 0.10 0.13 0.07 0.12 {‘alpha_1': 1e-06, "alpha_2': 0.0001, 'lambda_1": 0.0001, 'lambda_2": 1e-06)
MLR 0.95 0.97 0.10 0.15 0.08 0.14 {'fit_intercept': True}
Ridge 0.95 0.97 0.11 0.15 0.09 0.13 {'alpha': 1000}
§ Lasso 0.94 0.96 0.12 0.14 0.09 0.13 {'alpha': 1, 'selection’: 'random’ }
ElasticNet 0.93 0.95 0.12 0.15 0.09 0.12 {‘alpha': 10, 'l _ratio': 0.2}
Bayesian Ridge 0.95 0.96 0.11 0.15 0.09 0.13 {'alpha_1": 1e-06, ‘alpha_2": 0.0001, 'lambda_1': 0.0001, 'lambda_2": le-06}
MLR 0.99 0.70 2.53 2.45 2.53 2.43 {'fit_intercept': False}
é Ridge 0.99 0.94 0.06 0.16 0.04 0.13 (‘alpha': 10}
E Lasso 0.95 0.98 0.10 0.12 0.08 0.11 {‘alpha': 100, 'selection’: ‘random'}
& ElasticNet 0.95 0.98 0.10 0.12 0.08 0.11 {'alpha': 100, "1l _ratio": 1.0}
Bayesian Ridge 0.96 0.98 0.10 0.13 0.07 0.11 {'alpha_1'": 1e-06, 'alpha_2': 0.0001, 'lambda_1": 0.0001, 'lambda_2": le-06}
g MLR 0.02 0.83 0.34 0.39 0.31 0.37 ('fit_intercept': True}
E Ridge 0.02 0.83 0.34 0.39 0.31 0.37 {'alpha': 1000}
% Lasso Model Failed to Converge
3 ElasticNet Model Failed to Converge
a Bayesian Ridge 0.02 0.83 0.34 0.39 0.31 0.37 {'alpha_1": 1e-06, ‘alpha_2": 0.0001, 'lambda_1": 0.0001, 'lambda_2": 1e-06} 2
§ MLR 0.95 0.97 0.10 0.15 0.08 0.14 {'fit_intercept': True} E
;f Ridge 0.95 0.97 0.11 0.15 0.09 0.13 {'alpha': 1000} £
: Lasso 0.95 0.97 0.10 0.15 0.08 0.13 {'alpha': 0.01, 'selection": 'random' } &
; | ElasticNet 0.95 0.97 0.11 0.15 0.09 0.13 (‘alpha': 100, 'l1_ratio': 0.0} é
2 Bayesian Ridge 0.95 0.96 0.11 0.15 0.09 0.13 {'alpha_1": 1e-06, "alpha_2": 0.0001, 'lambda_1": 0.0001, 'lambda_2": 1e-06}
*Optimal ination of pre-p ing technique and linear h

Fig. 8. Performance assessment and optimized parameters for the models developed to predict the depth of
water penetration of concrete containing copper tailing.

3.6 Water Penetration

Fig. 8 shows the models developed to predict water penetration depth in concrete containing copper
tailing performed uniformly well across various preprocessing techniques. In general, the polynomial
features preprocessing with ridge regression achieved a perfect R value of 1.00 in the testing phase and
0.1 and 0.08 NRMSE and NMAE, respectively, marking it as the standout preprocessing-model
combination. This high level of accuracy indicates an excellent fit of the model to the data, capable of
capturing the intricate relationships that affect water penetration in concrete. The original and
standardized data cases both supported high model accuracy, with MLR and Ridge models consistently
showing R values of 0.95 or higher in the testing phase. The effective prediction across diverse
preprocessing techniques reinforces the robustness of the regression models, ensuring reliable
predictions of water penetration depth in practical scenarios, particularly when data availability is
limited.
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3.7 Rapid Chloride lon Permeability

The results for predicting rapid chloride ion permeability are shown in Fig. 9. The models herein
displayed generally high performance, but the polynomial features preprocessing with Bayesian ridge
regression again emerged as the most effective, achieving an R value of 0.97, an NRMSE of 0.1, and
NMAE of 0.07 in the testing phase. This model's ability to handle complex non-linear relationships
within the data highlights its suitability for predicting properties related to the durability of construction
materials. While the original dataset provided a solid baseline for model performance (R=0.89 in testing
for MLR), the enhanced preprocessing techniques, particularly polynomial features, facilitated a
significant improvement in model accuracy. This improvement, evidenced by the rigorous 10-fold
cross-validation, suggests that the selected models are very capable of accurately predicting chloride
ion permeability in new, unseen data samples.

| R NRMSE NMAE
Preprocessing Model Best Parameters 4
Training Testing Training Testing Training Testing 3
MLR 0.88 0.89 0.13 0.19 0.11 0.18 {'fit_intercept: True} 5
E Ridge 0.87 0.90 0.14 0.20 0.12 0.18 {'alpha': 500} E
:é" Lasso 0.87 0.90 0.14 0.19 0.11 0.17 {'alpha’: 10, 'selection': 'random’ } &
& ElasticNet 0.87 0.90 0.14 0.19 0.11 0.17 {'alpha': 10, '11 _ratio’: 1.0} 'gn
Bayesian Ridge 0.87 0.90 0.14 0.20 0.12 0.18 {'alpha_1": 0.0001, ‘alpha_2": 1e-06, 'lambda_1'": 1e-06, 'lambda_2': 0.0001 } =
= MLR 0.88 0.90 013 | 019 0.11 0.18 {'fit_intercept': True)
:5; Ridge 0.87 0.90 0 0.14 0.20 0.11 0.18 {'alpha’: 1}
E Lasso 0.87 0.90 0.14 0.20 0.11 0.18 {'alpha': 1, 'selection': 'cyclic'}
E) ElasticNet 0.87 0.90 0.14 0.20 0.11 0.18 {‘alpha': 0.1, 'll_ratio: 0.0}
Bayesian Ridge 0.87 0.90 0.14 0.20 0.11 0.18 {'alpha_1": 0.0001, ‘alpha_2": 1e-06, 'lambda_1": 1e-06, 'lambda_2": 0.0001 }
MLR 0.88 0.90 0.13 0.19 0.11 0.18 {'fit_intercept': False }
_?‘:l’ Ridge 0.87 0.90 0.14 0.20 0.11 0.18 {'alpha': 0.1}
Té Lasso 0.87 0.90 0.14 0.21 0.11 0.19 {'alpha': 1, 'selection’: 'random'}
2 ElasticNet 0.87 0.90 0.14 0.21 0.11 0.19 {‘alpha': 1, '11_ratio': 1.0)
Bayesian Ridge 0.87 0.90 0.14 0.20 0.11 0.18 {'alpha_1": 1e-06, ‘alpha_2": 1e-06, 'lambda_1": 1e-06, 'lambda_2': 0.0001}
MLR 0.87 0.87 0.14 0.21 0.12 0.18 {'fit_intercept': True}
E Ridge 0.87 0.87 0.14 0.22 0.11 0.19 {'alpha': 10}
g Lasso 0.86 0.88 0.15 0.25 0.12 0.22 {'alpha': 10, 'selection': 'random’}
'aﬁ ElasticNet 0.87 0.88 0.14 0.22 0.11 0.19 {'alpha': 1, 'l _ratio": 0.6)
Bayesian Ridge 0.87 0.88 0.14 0.21 0.11 0.19 {'alpha_1': 0.0001, "alpha_2': 1e-06, 'lambda_1': 1e-06, 'lambda_2": 0.0001}
MLR 0.99 0.71 0.04 0.31 0.02 0.26 {'fit_intercept': False }
»‘_g F Ridge 0.98 0.91 0.06 0.16 0.04 0.12 (‘alpha’: 1000}
= % Lasso 0.97 0.96 0.06 0.10 0.05 0.08 {'alpha': 100, 'selection’: "cyclic'}
i) ElasticNet 0.97 0.96 0.06 0.11 0.05 0.08 {'alpha': 100, 'l _ratio": 0.8}
Bayesian Ridge 0.97 0.96 0.07 0.10 0.05 0.08 | 'alpha_1": 1e-06, ‘alpha_2": 0.0001, 'lambda_1": 0.0001, 'lambda_2'": 1e-06}
MLR 0.88 0.90 0.13 0.19 0.11 0.18 {'fit_intercept: True}
Ridge 0.87 0.90 0.14 0.20 0.12 0.18 {‘alpha': 500}
§ Lasso 0.87 0.90 0.14 0.19 0.11 0.17 {'alpha': 10, 'selection': 'random’ }
ElasticNet 0.87 0.90 0.14 0.19 0.11 0.17 {"alpha': 10, 'l1_ratio': 0.8}
Bayesian Ridge 0.87 0.90 0.14 0.20 0.12 0.18 {'alpha_1'": 0.0001, "alpha_2": 1e-06, 'lambda_1'": 1e-06, 'lambda_2": 0.0001}
. MLR 0.99 0.69 2.81 2.97 2.81 2.95 {'fit_intercept': False }
§ Ridge 0.99 0.86 0.05 0.21 0.03 0.15 {‘alpha': 100}
) Lasso 0.97 0.95 0.06 0.12 0.05 0.09 {'alpha’: 100, 'selection’: ‘random' }
5 ElasticNet 0.97 0.95 0.06 0.12 0.05 0.09 {"alpha': 100, '11_ratio': 1.0}
Bayesian Ridge* 0.97 0.97 0.07 0.10 0.05 0.07 {'alpha_1': 1e-06, 'alpha_2': 0.0001, 'lambda_1": 0.0001, 'lambda_2": 1e-05}
8 MLR 0.67 0.64 0.22 0.29 0.18 0.25 {'fit_intercept': False
g Ridge 0.67 0.64 0.20 0.31 0.18 0.28  |{'alpha’:0.1}
g Lasso 0.67 0.64 0.20 0.31 0.18 0.28 {‘alpha': 0.001, ‘selection’: 'cyclic'}
< ElasticNet 0.67 0.64 0.20 0.31 0.18 0.28 {'alpha': 0.001, '11_ratio': 0.0}
2 Bayesian Ridge 0.67 0.64 0.20 0.31 0.18 0.28 {'alpha_1'": 0.0001, ‘alpha_2": 1e-06, 'lambda_1'": 1e-06, 'lambda_2": 0.0001} o
MLR oss | o8 | 013 [ o015 [ om | 018 [(fintercept: True] g
% Ridge 0.87 0.90 0.14 0.20 0.12 0.18 {'alpha': 500} %
: Lasso 0.87 0.90 0.14 0.19 0.11 0.17 {'alpha': 10, 'selection': 'random’} &
§ | ElasticNet 0.87 0.90 0.14 0.19 0.11 0.17 {'alpha': 10, '11_ratio: 1.0} - — — §
£ Bayesian Ridge 0.87 0.90 0.14 0.20 0.12 0.18 {'alpha_1": 0.0001, "alpha_2": 1e-06, 'lambda_1'": 1e-06, 'lambda_2": 0.0001}
i*Optlmal bination of pre-p ing techni and linear h

Fig. 9. Performance assessment and optimized parameters for the models developed to predict the charge
passed in coulombs of concrete containing copper tailing.

3.8 Air Permeability

Fig. 10 presents the performance assessment for predicting air permeability in concrete containing
copper tailing. The polynomial features preprocessing, combined with ridge regression, achieved the
highest accuracy, with an R value of 0.98, an NRMSE of 0.08, and an NMAE of 0.07 in the testing
phase. This optimal configuration underscores the effectiveness of advanced preprocessing in
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enhancing the predictive accuracy of regression models concerning air permeability. The uniform high
performance across the original, standardized, and normalized data setups with minimal preprocessing
adjustments indicates that the fundamental data characteristics are well-suited for modeling using
regression techniques. The strong performance across both training and testing phases confirms the
models' capability to provide reliable predictions, which is crucial for practical applications where air
permeability plays a critical role in material quality assessments.

R NRMSE NMAE
Preprocessing Model Best Parameters
Training Testing Training Testing Training Testing 3
MLR 0.97 0.97 0.06 0.12 0.05 0.11 {"fit_intercept': False) g
= Ridge 0.97 0.94 0.07 0.14 0.05 0.13 {"alpha': 1000} %
E" Lasso 0.97 0.92 0.08 0.15 0.06 0.15 {'alpha': 0.1, 'selection': 'random'} E
O ElasticNet 0.97 0.93 0.07 0.16 0.06 0.14 {"alpha': 0.1, 11 _ratio": 0.4} Y
Bayesian Ridge 0.97 0.95 0.07 0.14 0.05 0.13 {'alpha_1'": 1e-06, 'alpha_2': 0.0001, 'lambda_1": 0.0001, 'lambda_2'": 1e-06} I
- MLR 0.97 0.97 0.06 0.12 0.05 0.11 {"fit_intercept': True}
@ Ridge 0.97 0.96 0.07 0.13 0.05 0.12 {'alpha": 0.1}
E 1 Lasso 0.97 0.95 0.07 0.14 0.05 0.13 I'ul"ghu': 0‘00!: ‘selection': 'L_'__yclic')
§ ElasticNet 0.97 0.95 0.07 0.14 0.05 0.13 {"alpha': 0.001, "1l _ratio": 0.8}
Bayesian Ridge 0.97 0.96 0.07 0.14 0.05 0.13 {'alpha_1'": 1e-06, 'alpha_2': 1e-06, 'lambda_1'": 0.0001, 'lambda_2": 0.0001}
MLR 0.97 0.97 0.06 0.12 0.05 0.11 {'fit_intercept': True}
E Ridge 0.97 0.95 0.07 0.15 0.05 0.13 {'alpha': 0.1}
E Lasso 0.97 0.96 0.07 0.16 0.06 0.14 {'alpha': 0.001, 'selection": 'cyclic'}
2»‘7 ElasticNet 0.97 0.95 0.07 0.15 0.05 0.13 {"alpha': 0.001, 11 _ratio: 0.4}
Bayesian Ridge 0.97 0.95 0.07 0.15 0.05 0.13 {"alpha_1': 0.0001, 'alpha_2": le-06, 'lambda_1": 0.0001, 'lambda_2': 0.0001}
MLR 0.98 0.95 0.06 0.24 0.05 0.23 {'fit_intercept': False)
?;: Ridge 0.97 0.96 0.06 0.20 0.05 0.19 {"alpha': 1}
g Lasso 0.97 0.96 0.07 0.20 0.05 0.19 {'alpha': 0.001, 'selection': 'cyclic' }
D: ElasticNet 0.97 0.95 0.07 0.21 0.05 0.19 {"alpha': 0.01, 'l _ratio": 0.2}
Bayesian Ridge 0.98 0.96 0.06 0.21 0.05 0.20 {"alpha_1': 1e-06, 'alpha_2": le-06, 'lambda_1": 0.0001, 'lambda_2": 0.0001}
MLR 1.00 0.92 0.01 0.25 0.01 0.22 {"fit_intercept': False}
E .-2 Ridge 0.99 0.97 0.03 0.15 0.02 0.12 {'alpha': 100}
E‘ % Lasso 0.98 0.97 0.06 0.11 0.05 0.10 {"alpha': 10, "selection’: random’ )
e ElasticNet 0.98 0.98 0.05 0.08 0.04 0.08 {"alpha': 10, "1 _ratio': 0.4}
Bayesian Ridge 0.99 0.97 0.03 0.15 0.02 0.12 {'alpha_1'": 1e-06, 'alpha_2": 1e-05, lambda_1': 0.0001. 'lambda_2'": 1e-06}
MLR 0.97 0.97 0.06 0.12 0.05 0.11 {"fit_intercept': True}
Ridge 0.97 0.94 0.07 0.14 0.05 0.13 {"alpha': 1000}
‘§ Lasso 0.97 0.92 0.07 0.15 0.06 0.15 {'alpha': 0.1, 'selection": ‘cyclic'}
ElasticNet 0.97 0.93 0.07 0.15 0.05 0.14 {"alpha': 0.1, 11 _ratio": 0.4}
Bayesian Ridge 0.97 0.95 0.07 0.14 0.05 0.13 {'alpha_1": 1e-06, 'alpha_2': 0.0001, 'lambda_1": 0.0001, ‘lambda_2': 1e-06)
% MLR 1.00 0.97 1.62 2.07 1.62 2.07 {"fit_intercept': False}
§ Ridge* 0.99 0.98 0.04 0.08 0.03 0.07 {'alpha': 1000}
= Lasso 0.97 0.94 0.07 0.15 0.05 0.14 {'alpha': 10, 'selection’: "cyclic')
E ElasticNet 0.97 0.94 0.07 0.15 0.05 0.14 {'alpha': 10, '11_ratio": 1.0}
Bayesian Ridge 0.99 0.98 0.04 0.10 0.03 0.08 {'alpha_1'": 1e-06, "alpha_2': 0.0001, 'lambda_1": 0.0001, ‘lambda_2': 1e-06)
g MLR 0.97 0.97 0.06 0.12 0.05 0.11 {"fit_intercept': False)
é Ridge 0.97 0.94 0.07 0.14 0.05 0.13 {"alpha': 1000}
& Lasso 097 | 09 [ 008 [ o015 | 006 | 015 [Calpha01. selection random)
o] ElasticNet 0.97 0.93 0.07 0.16 0.06 0.14 {'alpha': 0.1, 11 _ratio": 0.4}
2 Bayesian Ridge 0.97 0.95 0.07 0.14 0.05 0.13 {'alpha_1': 1e-06, 'alpha_2'": 0.0001, 'lambda_1": 0.0001, 'lambda_2': 1e-06} 3
§ MLR 0.97 0.97 0.06 0.12 0.05 0.11 {"fit_intercept': False) E
% Ridge 0.97 0.94 0.07 0.14 0.05 0.13 {'alpha': 1000} é
ﬁ Lasso 0.97 0.92 0.08 0.15 0.06 0.15 {'alpha': 0.1, 'selection': ‘cyclic'} £
:g ElasticNet 0.97 0.93 0.07 0.16 0.06 0.14 {"alpha': 0.1, "1 _ratio': 0.4} g
£ Bayesian Ridge 0.97 0.95 0.07 0.14 0.05 0.13 {"alpha_1": 1e-06, "alpha_2": 0.0001, 'lambda_1": 0.0001, ‘lambda_2": 1e-06} =
*Optimal bination of pre-p g que and linear reg| pp h

Fig. 10. Performance assessment and optimized parameters for the models developed to predict the air
permeability index of concrete containing copper tailing.

4 Conclusion

The aim of this study is to evaluate the performance of various regression models combined with
different data preprocessing techniques in predicting the properties of concrete containing recycled
copper tailings, particularly in scenarios where data is limited. This study addresses a significant gap in
the literature concerning the robustness and reliability of regression models when applied to small
datasets, which is crucial given the high cost and difficulty of obtaining experimental data in
construction material research. Based on the aforementioned statements, the following conclusions are
drawn:
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(1) The performance of regression models varied significantly across different preprocessing
techniques, emphasizing the importance of selecting appropriate preprocessing methods to enhance
prediction accuracy in small data regimes.

(2) The findings highlight that even small datasets, when appropriately processed and analyzed,
can yield reliable and robust predictions, which is vital for advancing construction material research
where data limitations are common due to practicality or cost reasons.

(3) Overall, it is possible to develop a predictive regression model when using a small data regime,
where most of the concrete parameters were accurately estimated in both training and testing cases and
when 10-fold cross-validation was used.

(4) Polynomial feature transformation and kernel PCA improved model performance across a
variety of cases compared to other regression techniques, indicating the utility of polynomial-based data
preprocessing techniques in capturing nonlinear relationships within the data.

(5) Specific combinations of regression models and preprocessing techniques, such as kernel PCA
with ridge regression for compressive strength and polynomial features with lasso regression for pull-
off strength, proved to be most effective in optimizing prediction accuracy.

(6) The study underscored the critical role of data preprocessing in handling small datasets
effectively. Techniques like polynomial feature transformation and kernel PCA were particularly
beneficial in modeling complex relationships within the data.

While the study provides significant insights, it acknowledges limitations, such as the reliance on
a specific type of concrete and numerical models. Future research should explore a broader array of
materials and more varied data conditions to validate and possibly enhance the generalizability of the
findings. Moreover, they could investigate the applicability of other numerical techniques for such a
prediction. Finally, the detailed interpretation of these results highlights how the findings can be applied
in real-world scenarios, such as the design and quality control of concrete materials. The study
emphasizes that with the correct preprocessing and model selection, even limited data can yield accurate
predictions, which is essential for practical decision-making in construction material design.
Furthermore, the observed trade-offs between model complexity and interpretability are crucial; while
advanced preprocessing techniques like kernel PCA offer improved performance, they also introduce
some degree of complexity. Balancing this complexity with the need for interpretable models is vital
for practical applications, where understanding the underlying mechanisms is as important as prediction
accuracy.
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