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Abstract: The durability of reinforced concrete structures in chloride-rich 
environments remains a major concern in infrastructure design, particularly in coastal 
regions. While standardized laboratory procedures provide reliable quantification of 
chloride ingress resistance, they are often time-consuming, costly, and unsuitable for 
early-stage mix design. This study proposes a data-driven framework for predicting 
the chloride resistance level of concrete using tree-based machine learning (ML) 
classifiers. A comprehensive experimental dataset was utilized to train and validate 
three ML models: Decision Tree Classifier (DTC), Random Forest Classifier (RFC), 
and CatBoost Classifier (CatBC). Extensive hyperparameter tuning was performed 
using the Optuna framework with 2000 trials per model to enhance predictive 
performance. Among the tested models, CatBC outperformed its counterparts with a 
test accuracy of 0.95 and weighted F1-score of 0.85. Feature importance analyses 
using SHAP values, Prediction Values Change, and other CatBoost interpretability 
tools consistently identified the water-to-binder ratio, superplasticizer content, test 
age, and aggregate proportions as key predictors of chloride resistance. The findings 
demonstrate that machine learning offers a fast, cost-effective, and accurate 
alternative for classifying concrete’s chloride resistance, supporting informed 
decision-making in mix design and service-life assessment. 

 Keywords: concrete durability; chloride resistance; machine learning; CatBoost; 
feature importance 

1. Introduction 

Reinforced concrete (RC) remains the backbone of modern infrastructure, particularly in marine and coastal 
regions where its resilience, versatility, and cost-effectiveness make it the material of choice. With growing 
urbanization and economic activities concentrated near shorelines, the exposure of RC structures to aggressive 
chloride-laden environments has become increasingly frequent. Chloride ions originating from marine aerosols or 
deicing salts penetrate concrete through its pore network, ultimately leading to the corrosion of embedded steel 
reinforcement. This corrosion compromises both the safety and service life of the structures, posing significant 
maintenance and economic challenges [1,2]. 

The ingress of chlorides into concrete is governed by complex transport mechanisms–including diffusion, 
permeation, and capillary suction–with diffusion generally considered the predominant process in saturated 
conditions. Conventionally, this process is mathematically described by Fick’s second law, using a diffusion 
coefficient that serves as a fundamental durability indicator [3,4]. Several service-life prediction models, such as 
Life-365 [5] and DuraCrete [6], rely on the accurate determination of the chloride diffusion coefficient to assess 
structural longevity. 

https://creativecommons.org/licenses/by/4.0/
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Among the available experimental techniques, the NT Build 492 [7] standard provides a practical approach 
for determining the non-steady-state migration coefficient (Dnssm), offering relatively rapid test results by applying 
an external electrical field to accelerate chloride ion migration. However, despite its efficiency compared to other 
test methods, NT Build 492 remains labor-intensive, time-consuming, and reliant on physical testing, often 
performed after 28 days of curing. These limitations hinder its integration into the early stages of mix design or 
durability assessments, particularly when multiple trials are required to achieve target performance levels [8]. 

To promote more efficient durability design, it is critical to develop predictive approaches that can estimate 
resistance to chloride penetration from compositional and early-age information. However, modeling chloride 
resistance is inherently challenging due to the multitude of interrelated factors influencing the transport behavior–
ranging from binder type and dosage to aggregate content, admixtures, and curing age. The growing use of diverse 
supplementary cementitious materials (SCMs), such as fly ash (FA), slag (GGBFS), and silica fume (SF), further 
complicates the prediction process due to their nonlinear and interactive effects on concrete microstructure. 
Consequently, determining the optimal combination of constituents to meet specific durability requirements 
remains a significant challenge [9]. 

In this context, the need for fast, cost-effective, and accurate predictive tools to assess the chloride resistance 
of concrete is increasingly urgent. Traditional diffusion-based models rely on simplifying assumptions and fail to 
account for the nonlinear interactions among compositional variables. Moreover, many existing empirical models 
are limited to specific concrete types and exposure conditions, and do not generalize well across diverse datasets 
or mixtures [9]. 

To overcome these limitations, artificial intelligence (AI), particularly machine learning (ML), offers a 
promising alternative by leveraging data-driven algorithms capable of capturing complex, nonlinear relationships 
without presupposing functional forms [10–13]. Recent studies have applied such techniques across diverse civil 
engineering domains, including chloride erosion modeling [14], axial compression capacity prediction of GFRP-
reinforced concrete columns [15], flexural capacity estimation of strengthened RC beams [16], chloride resistance 
modeling of recycled aggregate concrete [17], and bond strength prediction of externally bonded reinforcement 
on groove systems [18]. These applications highlight the versatility and effectiveness of AI-driven methods in 
capturing the behavior of complex concrete and structural systems. 

Several studies have already demonstrated the efficacy of ML in predicting chloride transport properties [19–23]. 
For instance, artificial neural networks (ANN) and hybrid models have been applied to estimate the diffusion 
coefficient of high-performance and self-compacting concretes, often achieving high predictive accuracy. 
However, prior work is frequently constrained by small, homogeneous datasets, narrow feature selection, or 
limited algorithmic diversity. Most models are trained on specific concrete formulations, limiting their 
transferability to broader contexts. Addressing these gaps, Taffese and Espinosa-Leal [9] compiled a 
comprehensive multi-source dataset and proposed a machine learning approach to classify concrete based on its 
resistance to chloride ingress. Their work demonstrated the feasibility of ML-based classification using a diverse 
range of concrete types and mix designs. Nevertheless, their analysis was limited to a single algorithm (XGBoost), 
and further exploration of alternative ML models and optimization strategies was not conducted. 

Building upon this foundation, the present study investigates the predictive potential of three tree-based 
classifiers—Decision Tree, Random Forest, and CatBoost—for estimating the chloride resistance level of concrete 
based on compositional and testing parameters. The objectives of this research are twofold: 
(i) to develop optimized classification models using advanced hyperparameter tuning strategies to predict the 

chloride resistance level of concrete;  
(ii) to assess the relative importance of different mix constituents in determining chloride transport resistance, 

thereby providing insights into mix design for enhanced durability. 
This research aims to contribute to the development of a fast, interpretable, and cost-effective ML framework 

that supports the early-stage design and durability assessment of RC structures in chloride-exposed environments. 

2. Research Significance 

This study advances the application of machine learning in durability design by focusing on the prediction of 
chloride penetration resistance levels in concrete using optimized tree-based models. While previous studies have 
primarily modeled chloride transport through regression of diffusion coefficients, this work demonstrates the 
effectiveness of multiclass classification for resistance levels, thereby aligning predictive outputs directly with 
engineering decision-making needs. The incorporation of a systematically tuned CatBoost classifier—validated 
against Random Forest and Decision Tree baselines—highlights the value of advanced ensemble methods in 
handling heterogeneous, multi-source concrete datasets. 
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The findings reveal that critical mix design parameters such as water-to-binder ratio, superplasticizer dosage, 
and silica fume content, along with test age, strongly govern chloride ingress resistance. By integrating 
hyperparameter optimization and multiple interpretability analyses (Prediction Value Change, SHAP, and 
interaction importance), the study not only achieves high predictive accuracy but also provides transparent insights 
into the role of individual constituents. These contributions support the development of data-driven mix design 
strategies, reduce reliance on extensive laboratory testing, and enhance the efficiency of durability-oriented 
concrete design practices. 

3. Database Description 

The prediction of chloride penetration resistance in concrete necessitates the use of a comprehensive and 
high-quality dataset that encapsulates the complex interplay of constituent materials and testing parameters. In this 
study, the experimental database compiled by Taffese and Espinosa-Leal [9] was adopted as the foundation for 
model development. This dataset is notable for its breadth and heterogeneity, incorporating 843 concrete mix 
compositions collected from multiple international sources, including the Finnish DuraInt and LIFECON research 
projects, as well as various peer-reviewed publications. The database encompasses a wide variety of concrete 
types–normal-weight, lightweight, high-performance, high-strength, and self-compacting concretes–thereby 
ensuring a diverse representation of mix designs and performance characteristics. 

Each entry in the dataset includes detailed information about the mix composition and testing conditions, 
alongside the measured non-steady-state migration coefficient (Dnssm), which serves as the basis for categorizing 
chloride resistance levels. Initially, the dataset contained 24 columns representing both input features and auxiliary 
properties. However, to align the model development with the objective of classifying chloride resistance, a subset 
of 14 features was selected based on their relevance and completeness. These included parameters related to the 
binder system (cement type, cement, slag, fly ash, silica fume, lime filler), aggregates (fine and coarse aggregate 
content), admixtures (plasticizer, superplasticizer, and air-entraining agents), the water-to-binder ratio (w/b), and 
the age of the specimen at the time of the chloride migration test. The categorical output feature, “Migration 
resistance”, reflects the level of resistance to chloride ingress and was derived from the Dnssm values using the 
classification criteria reported in [9]. 

A rigorous data preprocessing protocol was implemented prior to model training. Missing data was identified 
as a significant issue, with certain features–such as fine and coarse aggregates, superplasticizer dosage, and 
admixture contents–exhibiting a considerable proportion of null entries. In order to preserve the integrity of the 
modeling process and avoid introducing bias through imputation, a complete case analysis approach was adopted. 
All entries containing at least one missing value across the selected features were excluded. This decision, while 
reducing the dataset size from 843 to 204 observations, ensured that the retained samples were both complete and 
consistent, allowing for robust training and evaluation of the machine learning models. 

Table 1 summarizes the descriptive statistics of the retained dataset. The water-to-binder ratio ranged from 
0.30 to 0.65, with a mean of approximately 0.42, reflecting a wide spectrum of mix workability and strength 
characteristics. Cement content varied significantly, from 52 to 525 kg/m3, while the presence of supplementary 
cementitious materials also exhibited high variability. For instance, fly ash content reached up to 735 kg/m3 and 
silica fume up to 468.5 kg/m3, though many mixes included none of these materials, as indicated by the median 
values. Notably, certain features such as lime filler, plasticizer, and air-entraining agent remained constant across 
the retained subset and were recorded as zero in all cases, implying either their exclusion from the original mixes 
or the unavailability of reliable records. As these variables contained no variability, they were effectively excluded 
from contributing to model training. Aggregate contents also showed a broad range, with coarse aggregate varying 
from 0 to 1240 kg/m3 and fine aggregate from 235 to 1574 kg/m3. The age at migration testing ranged from as 
early as 3 days to 365 days, suggesting a diverse set of curing regimes and performance evaluation timelines. 

The cleaned and structured dataset thus provides a suitable foundation for training predictive models capable 
of capturing the influence of compositional and temporal parameters on chloride resistance in concrete. Further 
preprocessing steps, including categorical encoding and data partitioning for model validation, are discussed in 
the subsequent section. 

To provide a concise overview of the research workflow, a flowchart illustrating the overall methodology—
from data collection to model evaluation—is presented in Figure 1. This diagram summarizes the key stages of 
the study, including dataset preparation, model development, hyperparameter tuning, and evaluation, thereby 
offering a visual guide to the subsequent detailed description. 
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Table 1. Descriptive statistics of the numeric input parameters. 

Variable Units Statistics 
Mean STDEV Min 25% 50% 75% Max 

Water-to-binder ratio – 0.42 0.08 0.3 0.36 0.40 0.45 0.65 
Cement kg/m3 361.85 96.90 52.0 297.88 350.00 444.38 525.00 

Slag kg/m3 18.44 57.35 0.0 0.00 0.00 0.00 312.30 
Fly ash kg/m3 44.12 133.70 0.0 0.00 0.00 0.00 735.00 

Silica fume kg/m3 8.36 35.46 0.0 0.00 0.00 0.00 468.50 
Lime filler kg/m3 0.00 0.00 0.0 0.00 0.00 0.00 0.00 

Fine aggregate kg/m3 798.83 223.80 235.0 685.26 765.00 956.75 1574.10 
Coarse aggregate kg/m3 797.21 306.18 0.0 451.50 915.53 1059.95 1240.00 

Plasticizer % by binder wt. 0.00 0.00 0.0 0.00 0.00 0.00 0.00 
Superplasticizer % by binder wt. 0.41 0.54 0.0 0.00 0.20 0.70 4.17 
Air entraining % by binder wt. 0.00 0.00 0.0 0.00 0.00 0.00 0.00 

Migration test age days 65.57 83.70 3.0 28.00 28.00 90.00 365.00 

 

Figure 1. Flowchart summarizing the overall methodology from data collection to model evaluation. 

4. Data Exploration and Preprocessing 

Exploratory data analysis was carried out to examine the variability and distributional characteristics of the 
selected input features and the target output. Figure 2 illustrates the distribution of the numerical input features 
across the five chloride resistance levels. A clear downward trend is observed in the water-to-binder ratio (w/b), 
with lower values associated with higher resistance classes–confirming the known role of reduced w/b in 
enhancing durability. Similarly, the contents of slag, fly ash, and silica fume increase markedly in “Very high” 
and “Extremely high” resistance concretes, reflecting the effectiveness of supplementary cementitious materials 
(SCMs) in mitigating chloride penetration through pore refinement and improved microstructure. While cement 
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content generally decreases in the highest resistance class–likely due to increased SCM substitution–it remains 
relatively high for “High” and “Very high” classes. 

The distributions of fine and coarse aggregates are highly variable, though a modest increase in fine aggregate 
content is noted in higher resistance classes. Superplasticizer dosage tends to be higher in durable mixes, possibly 
facilitating lower w/b ratios without compromising workability. Migration test age shows minor variation, with 
slightly older ages associated with improved resistance, potentially indicating extended curing or delayed testing. 
Overall, the figure underscores the combined influence of low w/b ratio and optimized binder composition on 
chloride resistance. 

The distribution of the categorical target variable, chloride resistance level, is depicted in Figure 3. The target 
was constructed based on the non-steady-state migration coefficient (Dnssm), an established indicator of concrete’s 
resistance to chloride ion ingress. Following the classification criteria proposed by Taffese and Espinosa-Leal [9], 
the resistance levels were discretized into five ordinal categories as follows: 
• Low resistance: Dnssm > 15.0 × 10−12 m2/s 
• Moderate resistance: 10.0 < Dnssm ≤ 15.0 × 10−12 m2/s 
• High resistance: 5.0 < Dnssm ≤ 10.0 × 10−12 m2/s 
• Very high resistance: 2.5 < Dnssm ≤ 5.0 × 10−12 m2/s 
• Extremely high resistance: Dnssm ≤ 2.5 × 10−12 m2/s. 

   

   

   

Figure 2. Variations in numerical input features across chloride resistance levels. 

As observed in the figure, the majority of samples fall within the “High” resistance class, accounting for 
nearly half of the dataset, followed by the “Low” and “Very high” categories. The “Extremely high” and 
“Moderate” classes are underrepresented, introducing a class imbalance that must be carefully addressed to avoid 
model bias toward the dominant classes. To mitigate this, a stratified data splitting strategy was employed. 

Prior to modeling, appropriate preprocessing steps were applied. The categorical variable “Cement type”, 
which includes seven unique cement classifications (CEM I, CEM II/A-D, CEM II/A-V, CEM II/B-V, CEM II/B-
S, CEM III/A, and CEM IV/A), was encoded using a one-hot encoding scheme for tree-based models such as 
decision trees and random forests. To avoid collinearity among dummy variables and ensure numerical stability, 
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the first category was dropped. For CatBoost, which supports native categorical feature handling, the raw 
categorical labels were retained and passed directly to the model. 

Given the ordinal nature of the target variable, a label encoding approach was used to preserve the rank order 
of the chloride resistance levels. Each class was assigned a corresponding integer label from 0 (Low) to 4 
(Extremely high), enabling the model to recognize the implicit progression in durability. 

 

Figure 3. Class distribution of chloride resistance levels. 

The final dataset was split into training and testing sets using an 80/20 partition, with stratification applied 
based on the target labels to ensure consistent class representation in both subsets. Categorical encoding was fitted 
exclusively on the training set and then applied to the test set to prevent information leakage and ensure proper 
generalization during evaluation. 

5. Hyperparameter Tuning of Tree-Based Classifiers 

In this study, three tree-based machine learning classifiers were developed to predict the chloride resistance 
level of concrete: the Decision Tree Classifier (DTC), the Random Forest Classifier (RFC), and the CatBoost 
Classifier (CatBC). These models were selected due to their proven ability to handle non-linear relationships and 
mixed data types [24,25], as well as their interpretability and robustness in classification tasks. The DTC algorithm 
is a simple yet effective model that splits data into subsets based on feature thresholds, allowing for transparent 
rule-based decision-making [26]. The RFC is an ensemble method that aggregates multiple decision trees trained 
on bootstrapped samples, thereby improving generalization and reducing overfitting [27]. CatBoost, developed by 
Yandex, is a gradient boosting framework optimized for categorical data and imbalanced classes. It incorporates 
sophisticated regularization techniques and efficient handling of categorical features, which enhances its predictive 
performance [28]. 

A major concern in the dataset was the class imbalance in the target variable Migration resistance (see Figure 3), 
which had the following distribution: High (97), Low (33), Very High (32), Moderate (26), and Extremely High (16). 
To mitigate potential bias towards majority classes, class weighting strategies were applied. For DTC and RFC, 
sample weights were computed using the “compute_sample_weight” function from Scikit-learn with the 
’balanced’ mode, and passed during model training. In contrast, CatBC inherently supports imbalanced 
classification via the auto_class_weights = ‘Balanced’ parameter, which adjusts the weight of each class inversely 
proportional to its frequency. 

To ensure optimal performance, hyperparameter tuning was conducted using the Optuna optimization 
framework [29]. Hyperparameters play a crucial role in controlling model complexity and generalization, and their 
appropriate selection can significantly improve performance. Optuna is an efficient and flexible hyperparameter 
optimization tool that uses sequential model-based optimization (SMBO) with a Tree-structured Parzen Estimator 
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(TPE) as its default sampler. It automatically constructs and refines the search space based on prior evaluations, 
thereby accelerating convergence towards optimal configurations [30–33]. In this study, each model was tuned 
through 2,000 optimization trials, where the weighted F1-score obtained via stratified 4-fold cross-validation on 
the training data served as the objective metric. The search space included a combination of categorical, integer, 
and float parameters relevant to each model. 

The best hyperparameter configurations for each model are summarized in Table 2. For the DTC, the optimal 
configuration used the Gini impurity criterion, a random splitter, and a tree depth of 11. The RFC achieved its best 
performance using the entropy criterion, a maximum depth of 20, and 39 estimators without bootstrapping. The 
CatBC benefited from a deep configuration (depth of 14) with 1140 boosting iterations, a learning rate of 
approximately 0.064, and a minimum of 12 data points per leaf. These results demonstrate the effectiveness of 
Optuna in navigating complex hyperparameter spaces to enhance model performance. 

Table 2. Hyperparameter search spaces and optimal values obtained using Optuna. 

Model Hyperparameter Search Space Optimal Value 
DTC criterion {gini, entropy, log_loss} gini 

 splitter {best, random} random 
 max_depth [2, 32] 11 
 min_samples_splits [2, 5] 5 
 min_samples_leaf [1, 5] 1 
 max_features {sqrt, log2, 0.6, 0.7, 0.8, 0.9, None} None 

RFC criterion {gini, entropy, log_loss} entropy 
 max_depth [2, 32] 20 
 min_samples_split [2, 5] 5 
 min_samples_leaf [1, 5] 3 
 max_features {sqrt, log2, 0.6, 0.7, 0.8, 0.9, None} 0.9 
 n_estimators [20, 1000] 39 
 bootstrap {True, False} False 

CatBC iterations [50, 2000] (step=10) 1140 
 learning_rate [0.001, 0.1] (log-uniform) 0.0641 
 depth [4, 15] 14 
 l2_leaf_reg [1e-3, 10] (log-uniform) 0.0228 
 bootstrap_type {Bayesian, Bernoulli, MVS} MVS 
 random_strength [0, 10] 0.674 
 max_bin [1, 255] 155 
 od_type {IncToDec, Iter} IncToDec 
 od_wait [10, 200] 59 
 leaf_estimation_method {Newton, Gradient} Newton 
 grow_policy {SymmetricTree, Depthwise, Lossguide} SymmetricTree 
 min_data_in_leaf [1, 100] 12 
 colsample_bylevel [0.05, 1] 0.123 
 bagging_temperature (if Bayesian) [0, 10] – 
 subsample (if Bernoulli) [0.6, 1.0] – 

6. Performance Assessment of Tuned Models 

Following the hyperparameter optimization phase, each of the three classifiers–Decision Tree Classifier 
(DTC), Random Forest Classifier (RFC), and CatBoost Classifier (CatBC)–was retrained using the respective 
optimal configurations obtained through Optuna. The final evaluation aimed to assess the predictive capability and 
generalization of the tuned models on both the training and test sets. 

A comprehensive suite of classification performance metrics was employed to evaluate the models. These 
include Accuracy Score (AS), Precision Score (PS), Recall Score (RS), Specificity Score (SS), and F1-score (F1S), 
in addition to the confusion matrix, which provides detailed insights into misclassification patterns across all 
resistance classes. All metrics were computed using the “Permetrics” Python library, which supports multi-class 
evaluation through customizable averaging schemes. 

Accuracy Score (AS) represents the proportion of correctly classified instances, with three common 
averaging strategies used in multi-class problems: macro, micro, and weighted. Macro averaging treats all classes 
equally by averaging the accuracy of each class, while micro averaging aggregates the total number of correct 
predictions globally. Weighted averaging adjusts for class imbalance by assigning weights proportional to the 
number of instances in each class. 

Precision (PS) quantifies the correctness of positive predictions, while Recall (RS) measures the model’s 
ability to identify all relevant instances. Both are essential for understanding classification trade-offs, particularly 
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in imbalanced datasets. The F1-score (F1S), defined as the harmonic mean of precision and recall, offers a balanced 
assessment of classification effectiveness. 

The Specificity Score (SS) is also included to measure how well each model identifies negative instances, 
which is especially important in multi-class settings where misclassification of minority classes may lead to 
inflated accuracy without capturing true model behavior. Like the other metrics, specificity was computed using 
weighted averaging to reflect the class distribution. 

By evaluating these metrics on both training and test data, the robustness and generalization performance of 
each classifier can be thoroughly examined. The confusion matrices complement the numerical scores by 
highlighting the specific resistance levels that were most prone to misclassification, thereby supporting a deeper 
interpretation of model behavior. 

The performance metrics obtained for the three tuned classifiers—DTC, RFC, and CatBC—on both the 
training and test datasets are summarized in Table 3, while the corresponding confusion matrices are presented in 
Figures 4 and 5. These results offer a comprehensive view of model behavior in terms of classification accuracy, 
error patterns, and generalization capability. 

Table 3. Performance metrics of the Tree-Based models across training and test phases. 

Model Phase AS PS RS SS F1S 
DTC Training 0.95 0.87 0.89 0.97 0.88 

 Test 0.91 0.79 0.80 0.95 0.77 
RFC Training 0.96 0.88 0.87 0.97 0.87 

 Test 0.90 0.74 0.73 0.94 0.72 
CatBC Training 1.00 1.00 0.99 1.00 0.99 

 Test 0.95 0.86 0.86 0.96 0.85 

During training, the CatBoost Classifier (CatBC) demonstrated superior learning performance, achieving 
perfect scores in accuracy (1.00), precision (1.00), specificity (1.00), and nearly perfect recall (0.99) and F1-score 
(0.99). Its confusion matrix confirms that CatBC correctly classified all training samples across the five resistance 
levels, with only a single misclassification in the “Very high” class. This result indicates a strong fit to the training 
data, though it also raises the question of potential overfitting. 

  
(a) DTC (b) RFC 

 
(c) CatBC 

Figure 4. Confusion matrix of the Tree-Based models for the training set. 
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The Decision Tree Classifier (DTC) and Random Forest Classifier (RFC) also performed well on the training 
data, with accuracy scores of 0.95 and 0.96, respectively. DTC yielded a weighted precision of 0.87, recall of 0.89, 
and F1-score of 0.88, while RFC recorded slightly higher precision (0.88) but a marginally lower recall (0.87) and 
F1-score (0.87). Specificity values were consistently high for both models (0.97), indicating reliable discrimination 
of negative instances. However, their confusion matrices revealed a few misclassifications, particularly in the 
“High” class—where DTC and RFC confused some instances with “Moderate” and “Very high” levels—reflecting 
the inherent difficulty in distinguishing between closely related resistance categories. 

On the test set, CatBC maintained the strongest generalization performance, achieving an accuracy of 0.95 
and balanced scores across all evaluation metrics: precision (0.86), recall (0.86), specificity (0.96), and F1-score 
(0.85). The test confusion matrix showed that CatBC correctly identified all instances of “Low”, “High”, “Very 
high”, and “Extremely high” classes, with only three misclassifications involving the “Moderate” class—two 
misclassified as “High” and one as “Low”. This highlights CatBC’s ability to maintain both class balance and 
predictive consistency, even under imbalanced data conditions. 

  
(a) DTC (b) RFC 

 
(c) CatBC 

Figure 5. Confusion matrix of the Tree-Based models for the test set. 

In contrast, DTC achieved a test accuracy of 0.91 and an F1-score of 0.77. While it correctly predicted most 
“High” class instances (14 out of 20), it misclassified several “Low” and “Moderate” instances—specifically, one 
“Low” instance as “High”, and two “Moderate” instances as “High” and “Extremely high”. This drop in recall 
(0.80) and F1-score suggests some loss in generalization when compared to its training performance. 

RFC recorded the lowest test performance among the three models, with an accuracy of 0.90 and F1-score 
of 0.72. Although the recall (0.73) and specificity (0.94) remained relatively high, the lower precision (0.74) 
indicates a higher number of false positives. The confusion matrix reveals that RFC struggled more than the other 
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models with the “Moderate” class, misclassifying two of its instances as “High” and one as “Low”, while also 
showing minor errors in the “Low” and “Very high” classes. 

In summary, CatBoost clearly outperformed the other classifiers, both in terms of raw metrics and error 
distribution. It was the only model to maintain consistent performance between the training and test sets, 
confirming the benefits of its native handling of class imbalance, regularization, and categorical encoding. While 
DTC and RFC achieved strong training metrics, their relatively lower test performance highlights their sensitivity 
to class overlap and the impact of data imbalance–despite the use of class weighting. 

7. Feature Importance Analysis Using the CatBC model 

To further interpret the decision logic of the best-performing model (CatBC), a comprehensive feature 
importance analysis was conducted using the model’s built-in interpretation tools. Four types of importance 
measures were employed: Prediction Values Change, Loss Function Change, SHAP values, and Interaction 
importance. These complementary approaches offer different perspectives on the contribution of individual 
features and feature pairs to the model’s predictive behavior. 

The Prediction Values Change importance metric, which estimates the average change in prediction caused 
by varying each feature, ranked Superplasticizer as the most influential variable (13.29), followed closely by 
Coarse Aggregate (12.94), Fine Aggregate (12.19), Test Age (11.89), and the water-to-binder ratio (11.88). This 
indicates that the presence and dosage of chemical admixtures, aggregate proportions, and the maturity of concrete 
during testing substantially influenced the predicted resistance levels. Notably, Cement and Silica Fume also had 
moderate influence scores (11.52 and 8.70, respectively), while Fly Ash (5.93) and Slag (2.98) appeared to have 
lesser predictive impact in this configuration (see Figure 6). 

 

Figure 6. Feature Importance Based on Prediction Values Change. 

When considering Loss Function Change–which assesses each feature’s direct contribution to minimizing 
the model’s loss function–Silica Fume emerged as the most critical factor (0.209), followed by w/b (0.112), Test 
Age (0.091), and Cement (0.083). Interestingly, Fly Ash and Cement Type exhibited negligible or even slightly 
negative importance scores (–0.002 and –0.017, respectively), suggesting that their inclusion offered limited 
improvement to the model’s loss minimization objective (see Figure 7). 

The SHAP value analysis, which estimates each feature’s average marginal contribution to the model’s 
prediction output, reinforced many of the earlier findings. Test Age was identified as the most influential variable 
(0.731), followed by w/b (0.666), Superplasticizer (0.650), and Silica Fume (0.618). SHAP values also highlighted 
Cement (0.547), Coarse Aggregate (0.517), and Fine Aggregate (0.444) as important drivers of prediction 
variability. These results suggest that durability-related properties (age and binder quality) and mixture 
composition play synergistic roles in determining chloride resistance (see Figure 8). 
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Figure 7. Feature importance based on loss function change. 

Finally, the feature interaction analysis provided insight into how pairs of features influence predictions 
jointly. The most significant interaction was observed between w/b and Cement Type (importance = 3.91), 
followed by Cement Type & Cement (3.64) and Cement Type & Fine Aggregate (3.31). Other notable interactions 
included Fine Aggregate & Superplasticizer (3.09), w/b & Cement (3.02), and Cement & Coarse Aggregate (3.00). 
These interactions reveal that while individual features matter, their combined influence–especially involving 
cement type and mixture proportions–can be more critical in capturing the complex behavior of chloride resistance 
(see Figure 9). 

In summary, all four importance analyses consistently emphasized the role of mix proportions (e.g., 
aggregates, cement, w/b), chemical admixtures, and curing age in determining chloride resistance. While the 
importance rankings varied slightly across methods, Test Age, w/b, and Superplasticizer repeatedly emerged as 
key predictors, supporting their central role in performance-based concrete durability design. 

 

Figure 8. Feature importance based on SHAP values. 
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Figure 9. Top 15 pairwise feature interactions identified by the CatBC. 

8. Limitations and Future Directions 

This study demonstrates that optimized tree-based models, particularly CatBoost, can provide accurate and 
interpretable predictions of chloride resistance levels in concrete based on mix design and testing parameters. While 
the results are promising, several aspects merit further exploration to extend the scope of the present findings. 

First, the retained dataset was relatively modest in size due to the adoption of a complete-case strategy. 
Although this ensured data consistency and prevented bias from imputation, future work could explore larger 
datasets and advanced imputation techniques to capture a broader range of concrete mix designs. Second, while 
multiclass classification provided valuable practical insights, future studies could investigate ordinal classification 
or regression approaches to leverage the inherent ordering of chloride resistance levels. Finally, external validation 
using independent datasets and uncertainty quantification methods would enhance the robustness and applicability 
of the proposed models for practical use in durability design. 

By addressing these avenues, subsequent research can build upon the foundation established in this study, 
leading to more generalizable and widely applicable predictive tools for concrete durability assessment. 

9. Conclusions 

This study proposed an efficient and interpretable machine learning-based framework for predicting the 
chloride resistance level of concrete, aiming to reduce the dependence on time-consuming and resource-intensive 
laboratory tests. Leveraging a large and diverse experimental dataset, three tree-based classifiers—Decision Tree 
(DTC), Random Forest (RFC), and CatBoost (CatBC)—were developed and evaluated. To ensure optimal 
performance, each model underwent extensive hyperparameter tuning using the Optuna framework, with 2,000 
optimization trials per model. 

Among the three models, the CatBoost classifier demonstrated the most robust performance, achieving a test 
accuracy of 0.95 and a weighted F1-score of 0.85, outperforming both DTC and RFC in terms of generalization 
and stability. The use of native categorical feature handling, automatic class balancing, and advanced 
regularization techniques contributed to CatBC’s superior predictive capabilities in an imbalanced multi-class 
classification setting. Furthermore, evaluation metrics and confusion matrices confirmed that CatBC was 
particularly effective in distinguishing between adjacent resistance levels, including underrepresented classes. 

Beyond model performance, the study explored feature importance using multiple interpretability tools provided 
by CatBoost. All four importance measures–Prediction Values Change, Loss Function Change, SHAP values, and 
Interaction importance–consistently highlighted the significance of w/b ratio, test age, superplasticizer dosage, and 
aggregate content in influencing the chloride resistance level. These findings align with established durability design 
principles and offer data-driven support for optimizing concrete mix design in chloride-laden environments. 

The proposed machine learning framework can serve as a valuable decision-support tool in the early stages 
of concrete mix design. By predicting chloride resistance levels directly from mix proportions and test age, 
engineers can rapidly screen alternative formulations before committing to resource-intensive experimental 
programs. This approach reduces testing costs, shortens design cycles, and supports the selection of mixes with 
improved durability performance at the outset. In practice, such a tool complements current design methods by 
providing data-driven insights that help prioritize promising mixtures, streamline laboratory validation, and 
enhance durability-focused design strategies in civil infrastructure projects. Future work may involve expanding 
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the dataset with more diverse environmental exposure conditions and further comparing ensemble learning 
approaches or deep learning techniques to explore additional performance gains. 
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