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Abstract

This study investigates the comparative performance of ten machine learning models—Linear Regression, SVM, Neural Network, Decision
Tree, Random Forest, Gradient Boosting, AdaBoost, XGBoost, LightGBM, and CatBoost—in predicting concrete compressive strength. The
research emphasizes practical applications in construction, where accurate predictions can improve material design and structural reliability.
Through detailed evaluation using MAE, RMSE, and R? metrics, CatBoost and Linear Regression emerged as top-performing models. A rigorous
hyperparameter tuning process, employing grid search, significantly enhanced models like SVM and Neural Network, increasing their R* by
over 80%. However, tuning occasionally led to reduced performance due to overfitting or unsuitable parameter selection. Outlier analysis using
the Z-score method revealed nuanced effects across models: while SVM and Decision Tree benefited from outlier removal, models like Neural
Network and CatBoost experienced performance degradation, indicating their reliance on diverse data patterns. These findings underscore the
importance of tailored tuning and outlier handling strategies. Future work will incorporate advanced optimization techniques (e.g., Bayesian

optimization) and robust cross-validation to further improve model generalization and stability.

Keywords: Predictive Models, Outlier, Evaluations, hyperparameter tuning

1. Introduction

The optimization of machine learning algorithms for
predicting concrete compressive strength has emerged as a
pivotal area of research within civil engineering. Concrete,
being one of the most widely used construction materials,
necessitates accurate predictions of its compressive strength
to ensure structural integrity and safety. Traditional methods
for assessing concrete strength often involve time-consuming
and destructive testing procedures, which can be both costly
and impractical. In contrast, machine learning (ML) offers a
promising alternative by enabling non-destructive and
efficient predictions based on historical data (Hassan et al,,
2024; Tak etal., 2025).

The accuracy of compressive strength forecasts could be
greatly improved by recent developments in machine
learning techniques. Numerous studies have looked into
modeling the intricate interactions between concrete mix
design parameters and compressive strength results using
sophisticated algorithms like ensemble learning and deep
learning (Alyami et al., 2025; Luo et al.,, 2024; Vargas et al,,
2024). By using big datasets to find trends and forecast
outcomes, these models lessen the need for empirical
formulas that might not take into consideration all relevant

variables (Anwar, 2025; Dong, 2025). For example, studies
have demonstrated that deep learning models can predict
concrete strength more accurately than conventional
regression techniques, underscoring the significance of
algorithm selection in attaining the best outcomes (Guzman-
Torres et al, 2024; R. Kumar et al,, 2024; Mahmood et al,
2023).

However, the existence of outliers in the dataset presents
a significant obstacle to using machine learning for this
purpose. Measurement errors, changes in material
characteristics, or irregularities in the mixing process can all
result in outliers. These outliers have the potential to distort
the results and produce erroneous forecasts if they are not
addressed (Liu et al., 2024). To increase the resilience and
dependability of machine learning models, outliers must be
removed. To lessen the impact of these anomalies and
guarantee that the models are trained on high-quality data,
methods like data normalization and recursive outlier
elimination have been proposed (Parmo and Wardhana,
2024; Sathiparan, 2025). Furthermore, it has been
demonstrated that employing strong statistical techniques to
identify and manage outliers greatly improves model
performance (Jiang et al,, 2021; Li et al.,, 2024).

Furthermore, it has been demonstrated that adding
domain knowledge to machine learning frameworks
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improves their predictive power. Researchers can improve
their models to more accurately represent the underlying
physical mechanisms determining concrete strength by
integrating knowledge from material science and engineering
(Liu et al., 2025; Miyan et al., 2024). In addition to increasing
forecast accuracy, this multidisciplinary approach promotes
a better comprehension of the variables affecting tangible
performance (Fan et al, 2025; Khan, 2023). For instance,
research has shown that adding environmental and chemical
composition variables to prediction models can result in
more precise concrete strength estimates (Lv et al, 2025;
Moutassem and Chidiac, 2016).

In addition, the use of hybrid models which blend
machine learning with conventional engineering principles
has become more popular. By combining the advantages of
both strategies, these models enable more thorough forecasts
that take into account both data-driven insights and well-
established engineering knowledge (Asteris et al, 2021;
Dash, 2023). This pattern is part of a larger trend in the
construction sector to adopt data-driven approaches, which
are becoming more and more important for enhancing
quality control and maximizing material use (Liang et al,,
2024; Marchiori et al.,, 2025).

In conclusion, a major breakthrough in the field of
concrete compressive strength prediction has been made
possible by the optimization of machine learning algorithms
in conjunction with efficient outlier elimination techniques.
The potential for machine learning to transform concrete
testing and quality assurance is becoming more and more
clear as the construction sector adopts data-driven
approaches. The purpose of this study is to investigate these
developments by offering a thorough evaluation of the state
of knowledge at the moment and suggesting areas for further
research.

While the adoption of machine learning (ML) techniques
for predicting concrete compressive strength continues to
grow, the majority of existing studies tend to concentrate
narrowly on identifying the highest-performing algorithms,
often neglecting the combined impact of parameter tuning
strategies and outlier management on overall model
performance. This presents a notable research gap,
particularly given that models such as Support Vector
Machines (SVM) and Neural Networks are highly sensitive to
data distribution and the presence of noise. Additionally,
there has been limited investigation into how these models
respond to outlier removal and hyperparameter tuning
within the context of realistic and heterogeneous
construction datasets. To address this gap, the present study
offers a comprehensive and comparative analysis of the
effects of parameter tuning and outlier handling across
several ML algorithms, including CatBoost, SVM, Neural
Networks, Linear Regression, and Decision Trees. The novelty
of this research lies in its contextual examination of algorithm
sensitivity to extreme values, as well as the implementation
of adaptive tuning and validation techniques. Consequently,
this study not only enhances methodological insight but also
delivers practical contributions toward improving prediction
accuracy and quality control in civil engineering applications,
reinforcing the relevance of ML in real-world construction
environments.

2. Methodology

The methodology for this research focuses on optimizing
machine learning algorithms to predict concrete compressive
strength while effectively eliminating outliers from the
dataset. The study utilizes the data set provided
https://www.kaggle.com/code/abirchodha/cement-slump-

svr/input (Chodha, 2024), which contains various
parameters influencing concrete strength, including material
composition, mixing ratios, and curing conditions.

2.1. Data Collection and Preprocessing

The initial step involves collecting the dataset, which
includes comprehensive records of concrete mixtures and
their corresponding compressive strength values. The
dataset is then used without undergoing preprocessing steps,
such as handling missing values, normalizing the data, or
converting categorical variables into numerical formats

2.2. Machine Learning Model Selection

Following the outlier elimination process, ten different
machine learning algorithms are employed to predict
concrete compressive strength. These algorithms include:

Linear Regression

Support Vector Machine (SVM)
Decision Tree

XGBoost

Neural Network

Random Forest

Gradient Boosting

AdaBoost

LightGBM

CatBoost

Each of these algorithms is selected for its unique
strengths in handling various types of data and its ability to
model complex relationships between input features and the
target variable (Huang et al., 2023).

2.3. Model Training and Evaluation

The selected machine learning models are trained using
the preprocessed dataset. A portion of the data is reserved for
testing to evaluate the performance of each model. The
models are assessed based on several metrics, including
Mean Absolute Error (MAE), Mean Squared Error (MSE), and
R-squared values, to determine their predictive accuracy
(Talpur et al,, 2025).

Mean Absolute Error (MAE), R-squared (R?), and Root
Mean Squared Error (RMSE) are three primary evaluation
metrics commonly used in machine learning, particularly for
regression tasks. Below is a detailed elaboration of these
metrics:

2.3.1 Mean Absolute Error (MAE):

Description: MAE calculates the average absolute
difference between the model's predictions and the actual
values.

Advantage: This metric is intuitive and provides a direct
representation of the average error without assigning
additional weight to larger errors.

Objective: The higher the MAE value, the better the
model's ability to explain the data.

MAE = 37 |x; — x| (1)
MAE = Mean Absolute Error

n = number of data points

xi = predicted value

2.3.2 R-squared (R?):

Description: R* measures how well the model explains the
variation in the target data compared to a baseline model
(mean of the target).

Advantage: This metric helps evaluate the level of fit
between the predictions and the actual data. R* values range
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from O to 1, where a value closer to 1 indicates a high level of
fit.
Objective: The higher the R? value, the better the model's

ability to explain the data.
SSR

R2= 1—5 (2)
SSR=Yx;—x (3)
SST=Yx—% (4)

SSR = Sum Squared Regression
xi = Prediction Average

x = Average

R? =R Squared

2.3.2 Root Mean Squared Error (RMSE):

Description: RMSE is the square root of the mean of the
squared errors. This metric is more sensitive to larger errors
as it assigns additional weight through squaring.

Advantage: It is well-suited for identifying outliers or
significant errors that impact the model's performance.

Objective: A lower RMSE value indicates overall better
predictions.

RMSE = /%zg;l(xi - x)?

2.4. Optimization and Hyperparameter Tuning

()

To further enhance the performance of the models,
hyperparameter tuning is conducted using techniques Grid
Search. This process involves systematically testing different
combinations of hyperparameters to identify the optimal
settings for each algorithm (Choi et al,, 2023).

2.5. Outlier Detection and Elimination

To improve the accuracy of predictive models, it is
essential to identify and remove outliers from the dataset.
The method I used is the Z-score method. The Z-score method
calculates the standard score for each data point, indicating
how far an element deviates from the mean in terms of
standard deviations. Data points with a Z-score greater than
3 or less than -3 are considered outliers and are removed
from the dataset (Aggarwal et al.,, 2019).

2.6. Results Analysis

The results from each model are analyzed to identify the
most effective algorithm for predicting concrete compressive
strength. These findings are compared with existing
literature to validate the effectiveness of the proposed
methodology and to highlight the improvements achieved
through outlier removal and model optimization(Ghafoorian
Heidari et al., 2024).

3. Results and Discussion
3.1. Machine Learning Performance Review

In the ever evolving domain of machine learning, the
evaluation and comparison of model performance remain
critical to ensuring the reliability and robustness of predictive
systems. Performance reviews in this context go beyond mere
accuracy, delving into metrics that comprehensively measure
how well a model captures patterns, generalizes to unseen
data, and minimizes errors.
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Fig. 1. Regression Results from Machine Learning
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In the ever evolving domain of machine learning, the
evaluation and comparison of model performance remain
critical to ensuring the reliability and robustness of predictive
systems. Performance reviews in this context go beyond mere
accuracy, delving into metrics that comprehensively measure
how well a model captures patterns, generalizes to unseen
data, and minimizes errors.

One of the key aspects of a machine learning performance
review involves selecting appropriate evaluation metrics.
Metrics such as Mean Absolute Error (MAE), Root Mean
Squared Error (RMSE), and R-squared (R?) are pivotal in
assessing regression models. While MAE provides insights
into the average magnitude of errors, RMSE emphasizes
larger errors due to its sensitivity to squared differences,
offering a nuanced perspective on model reliability. Similarly,
R? quantifies how effectively the model explains variance in
the target variable, acting as a holistic measure of
performance.

Based on the results of the visual analysis presented in
Figure 2, conducted using models such as Gradient Boosting,
Support Vector Machine (SVM), Decision Tree, XGBoost,
Neural Network, Random Forest, K-Nearest Neighbors
(KNN), AdaBoost, LightGBM, and CatBoost, the accuracy
levels of these models and their error patterns were
identified. To evaluate accuracy and error patterns, three
evaluation metrics were used: Mean Absolute Error (MAE), R-
squared (R?), and Root Mean Squared Error (RMSE). The
results of these metrics, obtained from running the models,
are presented in Table 1.

The data utilized in this study comprises concrete data
collected from a dataset. During the model analysis process,
the data was split into two parts: 80% for training and 20%
for testing. This splitting process was performed directly
within the modeling framework.

Table 1. Machine Learning Model Performance Based on MAE, R?,

and RMSE.

Model ML MAE R2 RMSE
Linear Regression 1.730261 0.915435 2.06851
SVM 3.9314 0.541977 4.814011
Neural Network 7.475249 -0.525024 8.784189
Decision Tree 3.407143 0.602373 4.485402
Random Forest 2.5185 0.794447 3.224964
Gradient Boosting 2.215504  0.852045 2.736073
AdaBoost 2.65459 0.783474 3.309929
XGBoost 2.703838 0.769589 3.414402
CatBoost 1.736123 0.9083 2.154007
LightGBM 2.219146 0.856856 2.691226

In the evaluation of machine learning model performance
on the concrete dataset, three primary metrics were used to
analyze accuracy and error patterns: MAE, R% and RMSE.
CatBoost emerged as the top-performing model with an MAE
of 1.736123, an R? of 0.9083, and an RMSE of 2.154007. This
demonstrates its ability to deliver highly accurate predictions
by effectively capturing complex relationships in the data.
Similarly, Linear Regression also exhibited strong results,
achieving an MAE of 1.730261, an R? of 0.915435, and an
RMSE of 2.06851. This indicates that even a simpler model
can perform competitively under the right conditions. On the
other hand, SVM and Neural Network struggled to achieve
satisfactory results. SVM recorded an MAE of 3.9314, an R? of
0.541977, and an RMSE of 4.814011, reflecting moderate
accuracy. Neural Network, however, performed poorly, with
an MAE of 7.475249, an R? of -0.525024, and an RMSE of
8.784189, indicating a failure to model the relationships in
the data effectively.

Models such as Gradient Boosting, LightGBM, and
Random Forest also delivered notable results, with R* values
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exceeding 0.85 and MAE and RMSE remaining within
acceptable ranges. For instance, Gradient Boosting achieved
an MAE of 2.215504 and an R? of 0.852045, while LightGBM
attained an R? of 0.856856 and an RMSE of 2.691226. These
models demonstrated strong predictive capabilities and
stand as competitive alternatives to CatBoost and Linear
Regression. Decision Tree and AdaBoost also exhibited
reasonable performance, although their accuracy was slightly
lower compared to the boosting and ensemble-based
methods.

Visual analysis through regression scatter plots
illustrated the differences in performance. CatBoost and
LightGBM showed predicted values closely aligned with the
diagonal ideal-fit line, indicating high accuracy, whereas SVM
and Neural Network displayed notable deviations.
Comparative bar charts of the metrics further highlighted
CatBoost and Linear Regression as the most reliable models,
while Neural Network and SVM lagged significantly.

M - mE

8] \ ~o- RMSE

Unear Regression  SVM  Neural Network Decision Tree  Random ForestGradient Boosting  AdaBoost  JGBoost  CatBoost  LightGBM

Fig. 2. Machine Learning Model Performance
3.2. Optimization and Hyperparameter Tuning

Optimization and hyperparameter tuning are crucial
steps in improving the performance of machine learning
models. Optimization focuses on adjusting model parameters
and configurations to minimize error and maximize
predictive accuracy.

Mode!

Fig. 3. Tuned Machine Learning Model

Hyperparameter tuning, on the other hand, involves
finding the best combination of hyperparameters settings
that control the model's behavior such as learning rate,
number of estimators, or regularization strength. Proper
tuning ensures that the model generalizes well to unseen data
while avoiding overfitting or underfitting.

The evaluation process involved assessing the
performance of various machine learning models using key
metrics such as R?, MAE, and RMSE. Thresholds were
established to determine model adequacy, with minimum
values set at R? = 0.90, MAE < 2.5, and RMSE < 3.5. Models
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meeting these thresholds were marked in green, signifyingno  tuning. These models fail to meet the thresholds due to either
need for further tuning, while those falling short were higher MAE, RMSE, or lower R? values. For instance, SVM and
highlighted in yellow, indicating the necessity for Neural Network exhibit significant prediction errors and low
hyperparameter tuning. A detailed results table was R? indicating weak performance. Similarly, AdaBoost and
generated with these color-coded markings for clarity. Decision Tree, while performing moderately, still produce

Based on Figure. 3 the analysis of the graph and the errors that can be reduced through optimization. The
performance thresholds, only Linear Regression and  algorithm was tuned using the grid search technique, which
CatBoost do not require tuning as they have met the criteria  offers several advantages, such as being more systematic,
with low errors and high R? values. The other models, having a high likelihood of finding the best combination,
including SVM, Neural Network, Decision Tree, Random being consistent, and being well-suited for small to medium-
Forest, Gradient Boosting, LightGBM, and AdaBoost, need sized datasets.
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Fig. 4. Performance Comparison: Before and After Tuning
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Table 2. Performance Metrics Before and After Tuning

Model ML MAE Before MAE After R? Before R? After RMSE Before RMSE After

SVM 3.93 0.83 0.54 0.97 4.81 1.31

Neural Network 7.48 1.06 -0.53 0.97 8.78 1.32

Decision Tree 341 343 0.60 0.57 4.49 4.69

Random Forest 2.52 2.50 0.79 0.80 3.22 3.16

Gradient Boosting 2.22 2.21 0.85 0.85 2.74 2.75

LightGBM 2.22 2.22 0.86 0.86 2.69 2.69

AdaBoost 2.62 2.48 0.77 0.80 3.40 3.16

XGBoost 2.70 2.26 0.77 0.85 3.41 2.79
Table 3. Performance Improvements Percentage (%)

Model ML MAE R? RMSE

SVM 85.79 285.52 72.83

Neural Network -0.80 -6.16 84.99

Decision Tree 0.86 1.00 -4.56

Random Forest 0.40 -0.05 2.26

Gradient Boosting 0.00 0.00 -0.66

LightGBM 5.34 4.05 0.00

AdaBoost 16.29 9.94 7.07

XGBoost 85.79 285.52 18.26

Neural Network

Decision Tree

Random Forest

Gradient Boosting -0.19

LightGBM 0.0%

AdaBoost la 0%
5.3%
9.9%
16 3%

XGBoost

N MAE Improvement (%)
== R Improvement (%)
RMSE Improvement (%)

0 50 100

150 200 250 300

Fig 5. Performance Improvements Percentage (%)

According to Figure 4 and further detailed in Figure 5
illustrates the significant effects of the hyperparameter
tuning process on various machine learning models in the
context of concrete data. Hyperparameter tuning aims to
optimize the model parameters, such as learning rate, max
depth, the number of estimators, or kernel functions, enabling
the models to learn the patterns in the concrete data more
effectively. As a result, performance improvements are
observed in metrics such as MAE, R? and RMSE, where the
average prediction error decreases (MAE), the model's ability
to capture data variability improves (R?), and the error
deviation becomes smaller (RMSE).

From the conditions before tuning, several issues were
identified, including:

o Default Hyperparameters: The model was operating with
default values that might not be suitable for the analyzed
dataset (A Ilemobayo et al.,, 2024).
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e Scaling or Data Normalization Issues: The data may not
have been processed correctly, making it difficult for the
model to interpret the values (Wang et al.,, 2025).

e Model Complexity: For SVM, the kernel used might not have
been suitable, while for the Neural Network, the number of
neurons or layers might have been either too few or
excessive (N. Kumar et al., 2024).

The substantial benefit of this tuning lies in the accuracy

of predicting concrete compressive strength, which is a

critical parameter in designing concrete structures. With

optimized models, such as Neural Network and XGBoost,
which demonstrate significant improvements, the prediction
results become more accurate and reliable for real-world

applications, such as identifying the optimal concrete mix

design or detecting potential material failures prior to

construction (Tak et al., 2025). Overall, tuning helps enhance
efficiency, reduce risks, and support data-driven decision-
making in the construction industry. The visualization in this
diagram clearly highlights the positive impacts of tuning

Ananda, F., etal./ JGEET Vol 10 No 2/2025



while facilitating the evaluation of which models are most
responsive to the optimization process.

After hyperparameter tuning, it is possible for the
performance of machine learning models to decline instead of
improve, as highlighted in the results (Rusman et al., 2023).
This phenomenon occurs due to several factors. One common
reason is overfitting, where the chosen parameters are overly
tailored to the training data, leading to reduced
generalization and poorer performance on test data.
Additionally, tuning may fail to find the optimal parameters if
the parameter grid is too narrow or does not encompass
values that best suit the dataset. For models like Decision
Tree or Gradient Boosting, their sensitivity to data quality
(such as noise or outliers) can amplify adverse effects during
tuning, causing deviations in performance. Furthermore, if
the dataset is limited or imbalanced, tuning could

inadvertently make the model learn irrelevant patterns,
degrading its predictive capability (Anugerah Simanjuntak et
al., 2024). For certain models, such as LightGBM, default
parameters may already perform well, meaning tuning offers
no significant benefits and occasionally worsens results. This
underscores the importance of evaluating tuning outcomes
carefully using test data to confirm its effectiveness.

3.3. Outlier Detection and Elimination

Outliers are data points that are significantly different or
distant from most other data within a dataset. In the context
of statistics or data analysis, outliers are often considered
"unusual” data that can influence the results of analysis or
predictive models. In the process of analyzing data to identify
outliers, the Z-Score method is used.
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Fig 6. Comparison of actual and predicted concrete compressive strength before and after outliers are removed using the Linear Regression
and SVM methods.
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Fig 7. Comparison of actual and predicted concrete compressive strength before and after outliers are removed using the Neural Networks,
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From Table 4, it can be seen that the Z-Score method retains
almost all of the original data, leaving 101 out of 103 data
points. This is because the Z-Score method identifies outliers
using the mean and standard deviation, making it more
adaptive in preserving data that has a nearly normal
distribution.

Table 4. Comparison of Z-score and IQR methods

Method Uncleaned Cleaned R2 MSE
Data Data
Z score 103 101 0.87 7.61

The data presented in Table 5 based on Figures 6, 7 and 8
illustrates the performance comparison of various machine
learning models before and after outlier removal, based on
the R? value. Outlier removal has a significant impact on
prediction accuracy, with some models showing positive
changes in accuracy while others experience negative
changes. For example, the SVM model shows a substantial
increase in R?, increasing from 0.065774 to 0.089339, which
corresponds to a change in accuracy of 35.83%, although the
condition is far from perfect in terms of prediction accuracy
(Touati et al., 2025). This increase indicates that the SVM
benefits from outlier removal, likely because it is sensitive to
extreme values that can distort its predictions. Similarly, the
Decision Tree shows a marked positive change, with R?
increasing by 28.32%, indicating its ability to generalize
better without the influence of outliers (Gokcesu et al,, 2019).
Conversely, models like Neural Network and CatBoost exhibit
negative accuracy changes, with R? decreasing by 17.52% and
8.70%, respectively (El Hachimi et al,, 2025; Yu et al,, 2024).
This decline may be attributed to the loss of valuable
information contained within the outliers, which could have
contributed to the predictive power of these models. Neural
Network, for example, relies on complex patterns in the data,
and the removal of outliers might disrupt these patterns,
leading to reduced performance.

Table 5. Machine Learning Model Performance Based R? on before
and after outliers are removed

Model ML R? R? Accuracy
(Uncleaned (Cleaned Change (%)
Data) Data)

Linear Regression  0.91304 0.892171 -2.29

SVM 0.065774 0.089339 35.83

Neural Network 0.892516 0.736192 -17.52

Decision Tree 0.533923 0.685147 28.32

Random Forest 0.842795 0.878786 4.27

Gradient Boosting  0.859871 0.901632 4.86

AdaBoost 0.831834 0.849613 2.14

XGBoost 0.742747 0.784034 5.56

CatBoost 0.846171 0.772529 -8.70

LightGBM 0.930109 0.893892 -3.89

The mixed results highlight the importance of

understanding the nature of the data and the characteristics
of the machine learning models used. Models that are highly
sensitive to outliers, such as SVM, tend to benefit from their
removal, while models that leverage diverse data points,
including outliers, may suffer from reduced accuracy.
According to these results it can be seen that to handle
outliers effectively can vary, depending on the model type and
application context. What should be remembered is that
although removing outliers often improves models that are
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prone to overfitting (Ayiah-Mensah et al,, 2025), it can also
have adverse effects on models that rely on data variability
for robust learning. According to the analysis's findings, a
number of models, including Neural Network and CatBoost,
saw a drop in performance following tuning. This is most
likely because of overfitting or the loss of crucial data brought
on by outlier removal. Several tactics will be used to avoid this
in subsequent analyses, such as using more stringent cross-
validation methods like k-fold cross-validation to make sure
the model doesn't overfit to particular data subsets.
Additionally, models that are prone to overfitting will be
subjected to early halting and regularization approaches
(such L1/L2), which enable training to end before
performance deteriorates. Additionally, the hyperparameter
tuning strategy will be enhanced through the use of more
effective and flexible techniques like Bayesian optimization
and randomized search. More consideration will be given to
outlier removal, particularly for models that depend on data
diversity for efficient learning. Rather than eliminating
outliers entirely, data modification or more resilient scaling
techniques may be used.

4. Conclusion

The results of the study show that outlier management
and tuning techniques have a significant impact on how well
machine learning algorithms estimate the compressive
strength of concrete. Models like SVM and Neural Network
exhibited significant gains after tweaking, underscoring the
significance of choosing the correct parameters, whilst
CatBoost and Linear Regression models showed optimal
performance without the need for additional tuning.
However, models that depend on data variability, like Neural
Network and CatBoost, suffered while models that are
sensitive to extreme data, like SVM and Decision Tree,
improved as aresult of outlier removal. To prevent overfitting
and performance deterioration, a contextual approach is
therefore required, including the use of cross-validation,
regularization, and adaptive tuning techniques. Practically
speaking, these findings greatly increase the effectiveness
and precision of concrete planning and quality control
procedures in the building sector, solidifying machine
learning as a pertinent and trustworthy instrument for data-
driven civil engineering decision making.
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