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ABSTRACT

Machine learning is widely used to predict concrete compressive strength because it captures nonlinear interactions

among binders, aggregates, water content, and chemical admixtures. Tree-based ensemble models such as Random Forest

and XGBoost often achieve high numerical accuracy; however, their discrete decision splitting mechanisms inherently

produce stepwise response trends that may not reflect the smooth and continuous nature of material behavior. To overcome

this limitation, this study proposes a hybrid CNN1D–BiLSTM model that integrates one dimensional convolutional neural

networks for localized feature extraction with bidirectional long short term memory units to learn long range compositional

dependencies and gradual transitions in mixture design. Linear Regression, Random Forest, XGBoost, and the proposed

model were evaluated using 1,030 concrete mixtures from the Yeh dataset. Model performance was assessed using

the coefficient of determination (R2), Root Mean Square Error (RMSE), Mean Absolute Error (MAE), Mean Absolute

Percentage Error (MAPE), Nash Sutcliffe Efficiency (NSE), Mean Bias Error (MBE), and Percent Deviation Degree (PDD)

to provide a comprehensive evaluation of predictive accuracy and systematic bias. The CNN1D–BiLSTM achieved the

best testing performance with R2 and NSE of 0.9324 and RMSE of 4.17 MPa, while exhibiting minimal systematic bias as

indicated by lowMBE and PDD values. In addition to strong numerical performance, the proposed model generated smooth

partial dependence trends consistent with hydration kinetics and continuous strength development. Shapley Additive
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Explanations (SHAP) analysis confirmed stable and physically meaningful contributions of key mixture components,

demonstrating that the hybrid framework maintains high predictive capability while preserving realistic response behavior

across varying mixture compositions.

Keywords: Machine Learning; Concrete Compressive Strength; XGBoost; Sensitivity Analysis; Sustainable Construction;

Data-Driven Prediction

1. Introduction

Modern infrastructure is based on concrete, and it is the

most commonly manufactured construction material in the

world, with the demand projected to surpass eighteen billion

tons per year by 2050 [1]. Such massive production poses a

huge environmental impact [2]. The production of standard

Portland cement as the main binding substance in the tradi-

tional concrete involves the use of high energy volumes and

leads to nearly eight percent of the total anthropogenic carbon

dioxide emissions worldwide [3]. Meanwhile, the high rate

of natural resources depletion through sand and aggregates

adds to the environmental pressure [4,5]. All these difficulties

demonstrate the necessity of more sustainable and resource

efficient construction methods and the importance of cre-

ating more sophisticated tools that can aid in the design of

high performance and environmentally conscious concrete

mixtures [6].

As a reaction to these developments the construction

industry is increasingly looking at the adoption of supple-

mentary cementitious materials (SCM) as a viable approach

of minimizing the clinker content of concrete and its envi-

ronmental consequences. Industrial by-products such as fly

ash and ground granulated blast-furnace slag are still pop-

ular, although agricultural by-products, including rice husk

ash and sugarcane bagasse ash (SCBA), and natural fibers,

including date palm fibers, have become increasingly popu-

lar [7,8]. Their application, along with the minimization of the

reliance on energy-consuming ordinary Portland cement, fa-

cilitates the concept of the circular-economy by adding value

to the waste streams that will otherwise be used to further

the extent of the landfill [9,10]. Nevertheless, the chemical

and physical variability of these substitute binders is natural

and contributes to the further complexity of the mixture de-

sign process, since the accurate prediction of the significant

mechanical properties, in particular, compressive strength

becomes much harder. This nonlinearity and continuity can

cause changes in material behavior that are nonlinear and

continuous and cannot be represented in conventional empir-

ical or linear approaches, particularly when the proportions

of mixtures are highly variable.

Conventional predictive techniques like empirical equa-

tions and linear regression have been extensively applied to

predict compressive strength, yet the assumptions tend to

simplify the behavior of the material. These methods are

based on rigid mathematical correlations that are unable to

describe nonlinear interactions between binder components,

aggregates, water content, and curing conditions [11]. Con-

sequently, their predictions often fail to match the experi-

mental values when the compositions of mixtures become

longer than the calibrated ranges. The initial uses of machine

learning such as the groundbreaking work of Yeh with artifi-

cial neural networks showed that data-driven models could

address these drawbacks by learning complicated patterns

directly using experimental information [12].

Machine learning is a useful technique to predict con-

crete strength with the development of computational pro-

cedures because it can consider nonlinear relationships that

are not possible to model with conventional models [13]. Sup-

port vector machines, random forest, gradient boosting, and

XGBoost are the techniques that have become popular due

to their ability to offer high predictive accuracy in a wide

range of mixture compositions [14]. These models are able to

process large data sets, discover complicated interactions and

provide better generalization than the traditional regression-

based methods [15]. Recent works have further added explain-

able artificial intelligence tools like SHAP analysis to gain

a better insight into the effects of individual variables on

model predictions and improve transparency in data driven

decision making [16–18].

Although these developments have been made, a num-

ber of studies that have been done are mainly aimed at en-

hancing numerical accuracy as opposed to the evaluation of

whether the trends that have been predicted are in agreement
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with the actual material behavior. Tree based ensemble mod-

els offer good statistical results, but due to the use of discrete

decision splits, they result in stepwise and discontinuous

predictions that are not reflective of the smooth and gradual

development of concrete strength. It is especially clear when

considering the case of supplementary cementitious materi-

als and admixtures, the effects of which are formed gradually

during hydration and microstructural refinement [19,20]. Due

to the ever-growing use of sustainable binders and complex

mixtures design, there is an increasing demand of predictive

models which are capable of capturing the high dimensional

nonlinear interactions and the continuous physical transitions

that control the development of strength.

Deep learning is an encouraging avenue to solve these

issues since its hierarchical nature allows the derivation of

low level and high-level features of complex data sets [21].

Convolutional neural networks can discover local interac-

tions and patterns between mixture components, whereas

recurrent networks like long short-term memory networks

can learn long range interactions which are reminiscent of

the progressive nature of hydration and strength gain [22].

These techniques can be used together to provide the ca-

pability of modeling continuous nonlinear behavior more

accurately than traditional or tree-based techniques. Never-

theless, there is little use of hybrid deep learning models in

concrete strength prediction, and more studies are required

to determine their capability to provide high accuracy and

physically realistic predictions.

This paper introduces a hybrid version of deep learning

model to enhance the predictive power of data driven models

by combining one-dimensional convolutional neural network

with long-short term memory units. The joint architecture

is meant to learn local feature relationships by convolution

and at the same time learn sequential dependencies, gradual

transitions by using bidirectional memory cells. This model

structure allows smooth and continuous predictions to be pro-

duced that are closer to actual concrete behavior. Through

these complementary advantages, the proposed framework

will address the shortcomings of tree-based models and de-

velop a more resilient framework to predict compressive

strength over a broad mixture composition space. The nov-

elty of this study lies in three key aspects. First, unlike prior

studies that primarily emphasize numerical accuracy, this

work systematically evaluates the physical consistency of

model response behavior using partial dependence analysis

to examine whether predicted trends align with established

hydration and mixture interaction mechanisms. Second, a

hybrid CNN–BiLSTM architecture is implemented specif-

ically to capture both local compositional interactions and

long-range dependency patterns in mixture design, which

remains limited in existing concrete strength prediction lit-

erature. Third, this study provides a controlled comparative

framework in which linear regression, ensemble tree-based

models, and deep learning architectures are evaluated un-

der identical preprocessing and training conditions to isolate

differences in response continuity and interpretability rather

than accuracy alone.

1.1. Research Significance

The challenge of accurately predicting the compres-

sive strength of concrete is very crucial since the mixtures

of concrete applied in real-life situations are nonlinear due

to the interactions of cementitious materials with the aggre-

gates, water content, and chemical admixtures [23]. Despite

the high predictive accuracy of tree-based ensemble models

(Random Forest, XGBoost) which have been broadly used,

they can frequently fail to reproduce smooth and physically

interpretable response patterns when changing the material

proportions. Their progressive or discontinuous predictive

action is inconsistent with the continuous characteristic of

the strength development in concrete, therefore, restricting

their applicability to field uses in the context of mixture op-

timization or inverse design. This reaffirms the requirement

of a modeling framework that not only provides high qual-

ity of predictive accuracy, but also the physical behavior

of materials in the real sense without providing unrealistic

discontinuities.

To fill this gap, the current research presents a hybrid

deep learning architecture which combines one-dimensional

convolutional neural networks with bidirectional long short-

term memory units. The 1D-CNN component is important

in that it is able to derive multiscale patterns in the input mix-

ture features whereas the BiLSTM layer is able to learn long-

range dependencies and smooth transitions that are indicative

of material interactions. This design is meant to integrate the

nonlinear and interdependent effects on compressive strength

of age, cement, water, aggregates, mineral admixtures, and

superplasticizer dosage, which are continuous and nonlinear.
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Moreover, the paper leads to the interpretability of the model,

as it performs SHAP and partial dependence analyses that

explain the mechanistic impact of input features and the rea-

son behind the deep learning models providing more realistic

trends than ensemble tree-based approaches.

1.2. Research Objectives

The main goal of this study is to develop a robust and

physically meaningful predictive framework for estimating

the compressive strength of concrete by integrating tradi-

tional machine learning techniques with an advanced deep

learning architecture (CNN1D–BiLSTM) and by evaluating

the consistency, interpretability, and practical applicability

of these models for real-world mixture design. The specific

objectives of the study are as follows:

1. To develop and train a hybrid deep learning model

(CNN1D–BiLSTM) capable of accurately predicting

compressive strength using mixture proportions and

curing age while maintaining smooth and realistic re-

sponse behavior.

2. To benchmark the proposed deep learning model

against linear and ensemble tree-based models by com-

paring their predictive accuracy and generalization per-

formance using R2, RMSE, MAE, and train–test be-

havior.

3. To evaluate the influence of each input variable using

SHAP analysis and determine the dominant contribu-

tors to strength development while assessing consis-

tency with established materials science principles.

4. To analyze the behavior of different models using par-

tial dependence plots (PDPs) in order to assess how

well each model captures physical and continuous re-

lationships between mixture components and strength.

5. To assess the practical suitability of each modeling ap-

proach for real-world mixture design, highlighting why

ensemble tree-based models, despite strong accuracy

metrics, may not be reliable for field use due to their

discontinuous and nonphysical prediction patterns, and

why deep learning provides a more robust alternative.

2. Methodology

2.1. Data Collection

The success of the creation of strong and generalized

machine learning models is contingent on the presence of

high quality and extensive databases. The data used in this

research was gathered by Yeh [12] and comprised 1,030 data

points collected from seventeen different sources. It had

eight input variables, that is, Cement (C), Blast furnace slag

(BFS), fly ash (FA), water (W), superplasticizer (SP), coarse

aggregate (CA), fine aggregate (FAg) and age (A). The com-

pressive strength of concrete was taken as the output variable.

Table 1 provides a list of 1,030 concrete mix samples

with a diverse range of material proportions and curing ages.

The cement content was significantly varied between 102.0

and 540.0 kg/m3 with the mean of 281.17 kg/m3. The disper-

sions of blast furnace slag and fly ashwere high, whichmeans

that the supplementary cementitious material was used differ-

ently in the mixes. The water content was 121.8–247.0 kg/m3

with a standard deviation that was relatively low, indicating

more controlled batching conditions than other constituents.

The amount of superplasticizer was also found to differ sig-

nificantly ranging between zero and 32.2 kg/m3, proving

mixes with and without chemical admixtures.

Table 1. Statistical summary of dataset variables used for predicting concrete compressive strength.

Variable Unit Count Mean SD Min 25% 50% 75% Max

Cement kg/m3 1,030 281.17 104.51 102.0 192.38 272.0 350.0 540.0

Blast Furnace Slag kg/m3 1,030 73.90 86.88 0.0 0.0 22.0 118.3 359.4

Fly Ash kg/m3 1,030 54.18 63.99 0.0 0.0 0.0 118.3 200.1

Water kg/m3 1,030 181.57 21.35 121.8 164.9 185.0 192.0 247.0

Superplasticizer kg/m3 1,030 6.20 5.97 0.0 0.0 6.40 10.2 32.2

Coarse Aggregate kg/m3 1,030 972.92 77.75 801.0 932.0 968.0 1,029.4 1,145.0

Fine Aggregate kg/m3 1,030 773.58 80.18 594.0 739.96 779.5 829.0 992.6

Age days 1,030 45.66 63.17 1.0 7.0 28.0 56.0 365.0

Compressive Strength MPa 1,030 35.82 16.71 2.33 23.71 34.45 46.14 82.60
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The coarse and fine aggregates were distributed widely

with coarse aggregate varying between 801.0 and 1,145.0

kg/m3 and fine aggregate between 594.0 and 992.6 kg/m3,

which are the varying gradation and packing characteristics.

The age factor was used between 1 and 365 days, and this

gave an extensive coverage of early, intermediate and long-

term curing. The compressive strength was between 2.33

and 82.60 megapascal which covers low and high strength

concrete mixes within the same database.

Figure 1 presents the histograms and density plots of

the input variables and compressive strength, showing the

distributional characteristics of the dataset. The plots indi-

cate wide variation in cement, blast furnace slag, fly ash,

superplasticizer, aggregate contents, curing age, and com-

pressive strength, confirming that the dataset covers a broad

range of concrete mixture conditions.

Figure 1. Histograms and Density Plots Illustrating the Distribution of Input Variables and Compressive Strength.

The heatmap of the correlation in Figure 2 shows the

linear relationship between the constituents of the mixture

and the compressive strength obtained. The compressive

strength is found to have the most positive relationship with

cement content, and hence, increased binder content is al-

ways related to increased strength development [24]. The age

also demonstrates a positive correlation that is noticeable

indicating the expected strength increase with the ongoing

hydration [25]. Superplasticizer has an average positive rela-

tionship, probably because of better dispersion of particles

and lower water requirement, which increases the density

of the matrix [26]. Conversely, the compressive strength is

negatively correlated with water content, which aligns with

the established increase of water-to-binder ratio and its effect

on pore structure and decreased integrity of the matrix [27].

Fine aggregate has a weak negative correlation with coarse

aggregate and fly ash has very small correlations, implying

that the effect of these components is nonlinear or may have

interactions that are not reflected by Pearson measures. On

the whole, the heatmap proves the absence of excessively

high levels of correlation between two input variables, which

evidences the appropriateness of all of the features to develop

a machine learning model.
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Figure 2. Pearson correlation heatmap showing linear relationships among mix parameters and compressive strength of concrete.

Figure 3 presents the feature importance ranking ob-

tained from the Random Forest model, highlighting the rel-

ative contribution of each input variable to the prediction

of compressive strength. Age and cement content emerge

as the two most influential parameters, together accounting

for more than half of the total importance. This reflects the

central role of hydration time and binder quantity in strength

development. Water content follows as the next most impor-

tant variable, consistent with its effect on porosity and the

water to binder ratio. Blast furnace slag and superplasticizer

show moderate importance, indicating their secondary but

meaningful influence on hydration reactions and workability.

Fine aggregate, coarse aggregate, and fly ash exhibit the

lowest importance scores, suggesting that their effects are

either marginal or captured indirectly through interactions

with more dominant variables. Overall, the ranking provided

in Figure 3 demonstrates that strength prediction is gov-

erned primarily by binder related parameters and curing age,

while aggregate proportions and supplementary materials

play comparatively smaller roles.

Figure 3. Feature importance ranking derived from the Random Forest algorithm.
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3. Ensemble Tree-Based Models

3.1. Random Forest (RF)

Random Forest is an ensemble learning algorithm that

integrates a great number of decision trees to enhance the

accuracy of prediction and the stability of the model [28,29].

In the forest, each tree is trained on a bootstrap sample which

is formed by randomly selecting the observations of the orig-

inal data with replacement [30]. This sampling process will

make sure that every tree is assigned slightly different portion

of the data which will encourage diversity in the ensemble.

The algorithm also samples a subset of the input variables at

each split besides sampling instances, which enables the trees

to learn about different combinations of features [31]. These

two types of randomness aid in minimizing the variance and

ensure that individual trees do not overfit the training data.

The overall prediction is also achieved by averaging

the results of the individual trees after all the trees are con-

structed, which removes noise and enhances generaliza-

tion [32]. Each bootstrap sample contains around two thirds

of the data and the other one third, called out of bag observa-

tions are used to internally estimate the model performance

without having to use a distinct validation set. This inbuilt

evaluation offers an effective evaluation of prediction error

and it adds strength to the method. Random Forest will be

very appropriate modeling concrete strength since it is capa-

ble of nonlinear relationships, complex interactions among

variables and is also stable when the dataset has moderate

noise or redundant variables [33]. The conceptual structure of

the Random Forest model is illustrated in Figure 4, where

multiple decision trees generate individual predictions that

are averaged to produce the final output.

Figure 4. Random Forest Ensemble Structure Showing Individual Tree Predictions and Averaged Output.

3.2. Extreme Gradient Boosting (XGBoost)

Extreme Gradient Boosting, commonly known as

XGBoost, is a decision tree-based ensemble method that

constructs a sequence of regression trees to progressively

minimize prediction errors [34,35]. The algorithm follows the

principle of gradient boosting, where each new tree is trained

to correct the residuals produced by the previous ensemble.

This process creates an additive learning model in which the

final prediction represents the cumulative contribution of all

fitted trees [36].

Let yi
n denote the prediction for sample i after the k-

th iteration. XGBoost updates the model by adding a new

regression tree fn(xi) that minimizes the loss generated by

7
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earlier trees, expressed as:

yni =
n−1∑
j=1

fj (xi) + fn (xi)

The construction of each tree relies on a second order

approximation of the objective function, which incorporates

both the gradient and the Hessian of the loss [36]. This allows

the algorithm to evaluate the quality of each candidate split

more accurately and to identify the split that yields the great-

est reduction in loss. Regularization terms are also included

during optimization to control model complexity, stabilize

the training process, and prevent overfitting [37,38].

Figure 5a conceptually illustrates this iterative learn-

ing process, where multiple trees are trained sequentially

and combined to form a stronger predictive model. Figure

5b shows how the ensemble of piecewise constant func-

tions approximates the nonlinear relationship between the

input variables and the target strength. These visualizations

demonstrate how XGBoost incrementally refines the pre-

diction surface by integrating information from each newly

added tree.

(a) (b)

Figure 5. (a) Sequential tree construction through gradient boosting and (b) resulting piecewise constant prediction surface.

3.3. Deep Learning Model

3.3.1. Convolutional Neural Network (CNN)

Convolutional Neural Networks are broadly applied

deep learning architectures that can extract hierarchical fea-

tures of sequential or spatial data [39]. The one-dimensional

CNN architecture was used in this work, and convolution

kernels move in the direction of the input sequence to find

significant patterns in the mixture attributes. The convolu-

tion layer executes the operations of weighted filtering that

convert the raw input into a collection of feature maps, each

signifying a different learnt pattern [39]. The feature maps are

then subjected to a nonlinear activation function, usually the

rectified linear unit, which makes the feature maps nonlinear

and allows the network to learn complex relations in the

data [40].

After convolution, a pooling layer is used to downsam-

ple the dimensionality of feature maps and to keep the most

important information [41]. This is often done with max pool-

ing, which picks the best activation in each window, thus

enhancing feature invariance and decreasing model complex-

ity. As illustrated in Figure 6, the extracted convolutional

features are then passed through pooling and dense layers

to generate the final compressive strength prediction. Once

the convolution and pooling processes have been done, the

extracted features are flattened and input into fully connected

layers, which learn high level interrelations between the input

variables [33]. The last thick layer produces the anticipated

compressive strength. The one-dimensional CNN architec-

ture can be used to offer an efficient and effective model to

capture nonlinear dependence in concrete mixture data by in-

tegrating local pattern extraction with deeper fully connected

learning [42].

8
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Figure 6. One-dimensional CNN architecture showing feature extraction via convolutional layers, global average pooling, and dense

layers for compressive-strength prediction.

3.3.2. Bidirectional LSTM (BiLSTM)

Bidirectional Long Short Term Memory networks are

based on the standard LSTM architecture except that the

input sequence is processed in both forward and backward

directions [43]. This design allows the model-to-model rela-

tionships that are dependent on the past values and also the

patterns that are dependent on future values in the sequence.

Each direction has an independent LSTM layer that learns

temporal features by using a set of memory cells and gat-

ing mechanisms that regulate information flow [44]. These

gates control the amount of the previous state that is retained

or updated at any given time which enables the network to

learn long range dependencies and overcome the vanishing

gradient problem of traditional recurrent networks [45].

Under the bidirectional architecture, the forward and

backward LSTM outputs are used to create a more complex

representation of the input as shown in Figure 7 [46]. This

combined representation improves the learning capabilities

of the model to nonlinear and time dependent relationship in

the data. To predict the concrete compressive strength, the

BiLSTM framework enables the model to take into account

the previous and subsequent steps of the mixture properties,

which is effective at capturing the hidden interactions be-

tween material proportions. The end result is obtained by a

fully connected layer that projects the learned temporal char-

acteristics to the expected values of strength, which allows

the network to represent complex dependencies better than

traditional LSTM or feed forward systems [47].

Figure 7. Bidirectional LSTM structure illustrating forward and backward sequence processing.

9
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3.3.3. Ensemble 1D-CNN and BiLSTM

The proposed model starts with a one-dimensional con-

volutional neural network (1D-CNN), which takes the raw

input features (e.g., mix proportions, age, constituents) as

input and extracts local patterns and inter-feature interactions.

The CNN consists of several convolutional filters with small

kernel size (e.g., size = 2) and activation (e.g., ReLU) to pro-

duce feature maps, which are learned relationships between

input variables. Stacking two successive convolutional lay-

ers enhances the network’s capacity to learn higher order

combinations of input parameters [48]. After convolution and

possible pooling or flattening, the resulting feature vector is

fed to a recurrent layer for temporal/context learning. The

overall workflow of the proposed CNN1D–BiLSTM ensem-

ble model is presented in Figure 8.

Figure 8. Workflow diagram of the CNN1D–BiLSTM Ensemble with Weighted Fusion Layer.

3.3.4. Model Evaluation

The performance of each model was assessed using

multiple statistical indicators to comprehensively evaluate

accuracy, efficiency, and systematic bias.

R2 = 1−
∑

(yi − ŷi)
2∑

(yi − y)
2 (1)

RMSE =

√
(
∑

(yi − ŷi)
2

n
(2)

MAE =
1

n

∑
|yi − ŷi| (3)

MAPE =
100

n

∑∣∣∣∣yi − ŷi
yi

∣∣∣∣ (4)

In addition, the Nash Sutcliffe Efficiency coefficient

was used to further evaluate predictive skill:

NSE = 1−
∑

(yi − ŷi)
2∑

(yi − y)
2 (5)

To assess systematic prediction bias, the Mean Bias

Error and Percent Deviation Degree were also calculated:

MBE =
1

n

∑
(ŷi − yi) (6)
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PDD = 100×
∑

(ŷi − yi)∑
ŷi

(7)

Where, yi and ŷi denote the experimental and predicted

compressive strengths, respectively, and n represents the to-

tal number of samples. The optimal model was determined

based on the highest coefficient of determination (R2) and

the lowest error metrics (RMSE, MAE, and MAPE) for both

training and testing datasets.

3.3.5. Hyperparameter Setting for Ensemble

Tree Based Models

The hyperparameter tuning process for the ensemble

tree-basedmodels showed distinct differences in the response

of each algorithm to the variation in model complexity. As

shown in Table 2, the number of estimators was explored for

a range of 300, 500 and 800 trees for both models. Random

Forest showed its best performance with 800 estimators with

a maximum depth of 15 which gave an R2 score of 0.8805.

XGBoost, on the other hand, achieved optimal performance

when the number of estimators was 500 and the maximum

depth was 5, showing its efficiency in learning complex non-

linear patterns with fewer trees. The dataset was randomly

divided into training and testing subsets using an 80% and

20% split with a fixed random state of 42 to guarantee con-

sistent replication of results. Out of these models, XGBoost

achieved the highest predictive accuracy with an R2 score of

0.9316, followed by RF with an R2 score of 0.8816. These

results contribute to the benefit of boosting based algorithms

in capturing complex relationships in the dataset while still

achieving good generalization performance.

Table 2. Hyperparameter search space and optimal configurations for ensemble tree based models.

Model nestimator Optimum nestimator Maxdepth Optimum Max Depth

Random Forest 300, 500, 800 800 15, 25, None 15

XGBoost 300, 500, 800 500 5, 7, −1 5

3.3.6. Ensemble Configuration and Full Train-

ing Protocol

For ensemble model all input variables were standard-

ized using StandardScaler, where scaling parameters were

computed exclusively on the training subset and subsequently

applied to the testing subset to prevent data leakage. The

target variable, compressive strength, was retained in its

original physical units of MPa.

Training was implemented in TensorFlow Keras. The

optimizer used was Adam with a learning rate of 0.001 and

mean squared error as the loss function. The maximum num-

ber of epochs was set to 400 with a batch size of 32. Early

stopping was applied by monitoring validation loss with a

patience of 30 epochs and restore best weights enabled. A

ReduceLROnPlateau scheduler was used to adaptively de-

crease the learning rate with a factor of 0.5 and patience of

10 to improve convergence stability. The validation subset

was obtained from the training data using a validation split of

0.20 while preserving the fixed random seed. To enhance sta-

bility and reduce stochastic variability, all random generators

including Python, NumPy, and TensorFlow were initialized

with fixed seeds, and training was repeated with multiple pre-

defined seeds, with predictions averaged for the final output.

The ensemble prediction was computed as a weighted

average of the component model outputs. The ensemble

weight was determined exclusively using a validation-based

grid search over values between 0.00 and 1.00 with an in-

crement of 0.01. The weight that maximized validation R2

and minimized validation RMSE on the training data was

selected and fixed prior to final testing. The testing dataset

was not used at any stage of hyperparameter tuning or weight

selection. Final performance metrics including R2, RMSE,

MAE, and MAPE were calculated separately for training and

testing sets to assess both goodness of fit and generalization

performance.

4. Results and Discussion

4.1. Linear Regression

The Linear Regression model produces a broadly scat-

tered distribution around the 1:1 reference line as shown

in Figure 9. This indicates the linear formulation cannot

fully reflect the nonlinear relationships among mixture con-

stituents. Although the model achieves moderate R2 values

for both training (0.8131) and testing (0.7843), the relatively

high RMSE values of 7.287 and 7.455 show that its predic-
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tions deviate substantially from measured strengths. The

dispersion becomes more evident at higher strengths, where

linear assumptions fail to represent saturation behavior and

interaction effects. This confirms that while Linear Regres-

sion establishes a simple baseline, it does not capture the

inherent complexity of concrete mixtures.

Figure 9. Predicted vs. experimental compressive strength using linear regression.

4.2. Random Forest

In Figure 10, the clustering of the points around the

45 degree line is more concentrated in the Random Forest

model, which indicates the better way to identify nonlinear

patterns and interaction patterns in the dataset. The testing

R2 of 0.8805 and RMSE of 5.548 are higher than the lin-

ear model. The scatter is less and more consistent in the

range of strength, which proves the responsiveness of the

model to the relationships between variables. Nevertheless,

the predictions still exhibit small discontinuities and local

deviations, which are in line with the stepwise character of

tree based partitioning which models behaviour in discrete

chunks instead of continuous changes.

4.3. XGBoost

The XGBoost results exhibit one of the closest align-

ments between predicted and experimental strengths. With

a high testing R2 of 0.9316 and a low RMSE of 4.198, the

model accurately captures nonlinear trends across the full

spectrum of strength values. The points trace the 1:1 line

very closely, especially in mid to high strength regions in

Figure 11. XGBoost’s gradient boosting mechanism enables

detailed fitting of interactions, though subtle bands remain

visible due to the algorithm’s localized decision splits. De-

spite these small artifacts, the overall pattern shows strong

predictive performance and consistent agreement with ex-

perimental observations.

4.4. CNN–BiLSTM Ensemble Model

The CNN–BiLSTM ensemble provides highly consis-

tent and smooth predictions across all strength ranges as

shown in Figure 12. The testing R2 of 0.9324 and RMSE of

4.173 demonstrate excellent predictive capability comparable

to XGBoost. The predictions closely follow the reference line

with minimal scatter, indicating that the model effectively cap-

tures both short range feature interactions and longer range

developmental trends related to cement hydration andmixture

12
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composition. The smoothness of the predicted behavior re-

flects the model’s continuous learning structure, which aligns

more closely with real material response than the segmented

predictions typical of tree based methods.

Figure 10. Predicted vs. experimental compressive strength using RF.

Figure 11. Predicted vs. experimental compressive strength using XGBoost.
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Figure 12. Predicted vs. experimental compressive strength using ensemble CNN–BiLSTM.

The loss curve for the CNN–BiLSTM ensemble in Fig-

ure 13 shows rapid reduction in both training and testing

losses within the initial epochs, followed by a gradual and sta-

ble decline toward convergence. The close alignment of the

two curves indicates consistent learning behavior throughout

training. The smooth shape of the loss trajectories reflects

the ability of the ensemble framework to progressively re-

fine feature relationships while maintaining stable predictive

performance. This behavior confirms that the deep learning

architecture efficiently learns from the high dimensional mix-

ture data and achieves reliable convergence without abrupt

fluctuations.

Figure 13. Training and Testing Loss Curves of the Ensemble CNN1D–BiLSTM Model.
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4.5. Comparative Analysis of Model Perfor-

mance

The relative analysis of the four modeling methods in

Table 3 shows that they have definite differences in terms of

predictive strength and practical reliability. The Ensemble

CNN1D–BiLSTM has the highest generalization capability

as it achieves the highest testing accuracy with a test R2

of 0.9324, an NSE of 0.9324, and a low testing RMSE of

4.17, which indicates strong agreement between predicted

and observed values. The near identical values of R2 and

NSE further confirm the robustness of the ensemble model.

In addition, the ensemble exhibits a small MBE of −0.61

MPa and a low PDD of −1.72%, indicating minimal sys-

tematic bias and only slight underprediction. Even though

XGBoost also competes closely with a testing R2 of 0.9316

and NSE of 0.9316, its RMSE of 4.20 is slightly higher,

indicating marginally greater dispersion compared to the en-

semble model. Its MBE of −0.64 MPa and PDD of −1.80%

similarly indicate low but consistent underprediction. Ran-

dom Forest, on the other hand, experiences a significant

decrease in generalization performance, as testing R2 and

NSE decrease to 0.8816 and 0.8805, respectively, with a

higher RMSE of 5.55. Moreover, its larger negative MBE

of −0.88 MPa and PDD of −2.46% suggest comparatively

greater systematic bias. Linear Regression has the poorest

overall performance, with a testing R2 of 0.7843 and the

largest RMSE of 7.46, which confirms that it is not able to

capture the nonlinear nature of relationships that determine

concrete compressive strength. Although Linear Regression

shows the smallest absolute MBE of −0.06 MPa and PDD

of −0.18%, this reflects lower systematic bias rather than

superior predictive accuracy, as its overall error magnitude

remains significantly higher than the other models.

Table 3. Comparative accuracy and bias analysis of concrete compressive strength prediction models.

Model Train R2 Test R2 TrainRMSE TestRMSE NSE PDD (%) MBE (Mpa)

Ensemble CNN1D–BiLSTM - 0.9324 3.00 4.17 0.9324 −1.72 −0.61

XGBoost 0.9929 0.9316 1.42 4.20 0.9316 −1.80 −0.64

Random Forest 0.9865 0.8816 1.96 5.55 0.8805 −2.46 −0.88

Linear Regression 0.8131 0.7843 7.29 7.46 0.7843 −0.18 −0.06

4.6. Partial Dependence Plots (PDP)

(a) Cement

The models view the contribution of cement content in

a very different way. Figure 14a Linear Regression model

gives a smooth monotonic increase which is similar to the

general anticipation that an increase in cement contents leads

to an increase in binder availability. The curve however

becomes unrealistically linear at higher dosages where the

gain of strength normally decreases as a result of satura-

tion of the paste. Figure 14b of Random Forest shows a

staircase-like sequence with sudden leaps on the way that

are caused by tree splits and not due to any material behavior

which restricts the capabilities of this method to reflect the

diminishing returns in real mixtures. Figure 14c depicts that

XGBoost exhibits an upward trend, however, it introduces

regular local variations due to sequential boosting, which fits

small areas of data and breaks continuity. By comparison, the

CNN–BiLSTM ensemble in Figure 14d yields a smooth and

increasingly flattening curve, which closely resembles the

practical behaviour of cement hydration where the strength

gain decreases as mixtures become saturated with binder.

The ensemble thus gives the most realistic understanding of

nonlinear effect of cement.

(b) Age

The PDPs of age depict high contrasts among the four

modeling strategies. Figure 15a shows a smooth increase in

the Linear Regression curve that reflects the elementary con-

cept of strength development with the duration of hydration,

but it assumes one mathematical expression and cannot be

used to reflect early-age acceleration and maturity-stabilized

maturity. Random Forest in Figure 15b is characterized by

abrupt initial leaps and flat-topped later ages, caused by dis-

crete tree partitions, not by any actual maturity behavior, and

leads to discontinuous instead of continuous growth. Figure

15c shows similar discontinuities in XGBoost, with the over-

fitting of the early ages being more pronounced, as small data

clusters form artificially imposed transitions. Figure 15d

CNN–BiLSTM ensemble produces a fast rise in the early age

with a slow leveling which is in line with the established ce-

ment hydration kinetics. This physically coherent tendency

shows that the ensemble model is the best model to represent

the hardening process of time.
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(a) (b)

(c) (d)

Figure 14. (a) PDP for cement using linear regression; (b) PDP for cement using RF; (c) PDP for cement using XGBoost; (d) PDP for

cement using CNN–BiLSTM.

(a) (b)

(c) (d)

Figure 15. (a) PDP for age using linear regression; (b) PDP for age using RF; (c) PDP for age using XGBoost; (d) PDP for age using

CNN–BiLSTM.
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(c) Water

Water-related PDPs indicate the various capabilities

of the models to model the effects of dilution and worka-

bility. Figure 16a using Linear Regression shows a fluent

parabolic decrease, which in effect shows that the concrete

water content ultimately weaken as it is over-simplified by

the nonlinear sensitivity of water-to-cement ratios at opti-

mum values. Figure 16b shows that in Random Forest, a

downward trend is formed with a number of flat segments,

which do not reflect any real hydration or dilution transition.

Figure 16c shows that XGBoost predicts more monotonic

decrease but introduces sudden drops caused by localized

overfitting at negative correlations. The CNN–BiLSTM

ensemble in Figure 16d reflects a physically consistent be-

havior, with an initial decrease, a stabilization period with

workable mixtures that generate similar strengths, and a sub-

sequent decrease at excessive water contents.

(a) (b)

(c) (d)

Figure 16. (a) PDP for water using linear regression; (b) PDP for water using RF; (c) PDP for water using XGBoost; (d) PDP for water

using CNN–BiLSTM.

(d) Blast Furnace Slag

The models give significantly varying definitions of

slag contribution. Figure 17a indicates that Linear Regres-

sion has a smooth upward curve indicating that the strength

increases with slag replacement but is unable to portray the

latency in early ages that is normally related to slag acti-

vation. Figure 17b of the random forest presents several

increments since the profile of the pozzolanic reaction is

discretized into a tree that hides the continuous profile. In

Figure 17c, XGBoost gives a general upward trend although

interrupted by abrupt changes indicating sensitivity to lo-

cal data blocks. The CNN–BiLSTM ensemble in Figure

17d produces a continuous and gradually increasing trend

with slight acceleration in the middle of the slag contents,

which is in line with the latent hydraulic reaction of slag and

the interaction of slag with the available calcium hydroxide.

The reaction of the ensemble is closest to the established

chemistry of blended systems.
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(a) (b)

(c) (d)

Figure 17. (a) PDP for Blast Furnace Slag using linear regression; (b) PDP for Blast Furnace Slag using RF; (c) PDP for Blast Furnace

Slag using XGBoost; (d) PDP for Blast Furnace Slag using CNN–BiLSTM.

(e) Superplasticizer

The superplasticizers PDPs indicate significant varia-

tions in model interpretation. Figure 18a Linear Regression

results in a symmetric increase-decrease trend that is not rep-

resentative of the more complicated rheological behaviour

of superplasticizer mixtures. Figure 18b of Random For-

est displays an increasing trend with a series of plateaus

between them caused by the structure of trees and not ad-

mixture behavior. Figure 18c XGBoost shows small oscilla-

tions and sharp fluctuations that are associated with residual

fitting, and thus, the trend is not easy to interpret. The CNN–

BiLSTM ensemble in Figure 18d has the most realistic curve

with slight initial downturn due to overdosing in very low

doses, then a steady rise and a plateau at higher dosages,

which is the expected behavior of optimum dispersion in-

creasing the strength but the extra doses do not give any more

significant returns.

(f) Fine Aggregates

Models react to changes in fine aggregate content dif-

ferently. Figure 19a shows that the balance between the

availability of sand and the obstruction of paste is predicted

by the Linear Regression which assumes an overly symmet-

ric response. Random Forest Figure 19b shows a tendency

to decrease, with sudden flat plateaus due to the segmenta-

tion of trees, which hides the effect of packing density and

the distance between particles. Figure 19c XGBoost indi-

cates irregular negative fluctuations, which indicate that it is

sensitive to sparse areas of data. CNN–BiLSTM ensemble in

Figure 19d gives a more detailed trend with an initial slight

dip, a localized increase towards optimum packing, and a

downward trend at high sand contents. This more detailed

profile is more consistent with the multifunctional nature of

fine aggregates in balancing flowability, packing, and paste

demand.
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(a) (b)

(c) (d)

Figure 18. (a) PDP for superplasticizer using linear regression; (b) PDP for superplasticizer using RF; (c) PDP for superplasticizer using

XGBoost; (d) PDP for superplasticizer using CNN–BiLSTM.

(a) (b)

(c) (d)

Figure 19. (a) PDP for fine aggregate using linear regression; (b) PDP for fine aggregate using RF; (c) PDP for fine aggregate using

XGBoost; (d) PDP for fine aggregate using CNN–BiLSTM.
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(g) Coarse Aggregates

There are also differences in the interpretation of coarse

aggregate effects between models. Figure 20a uses Lin-

ear Regression, which constrains a parabolic curve, which

indicates a single optimum yet does not consider multi-

stage changes associated with aggregate stiffness and paste-

aggregate interaction. The prediction of the random Forest

in Figure 20b is of a trend that is predominantly decreasing

with artificial plateaus. XGBoost in Figure 20c is simi-

lar to Random Forest except that it has more pronounced

downward variation which is not mechanical. Figure 20d

CNN–BiLSTM ensemble gives a multi-phase curve with

minor initial enhancement, a valley at moderate proportions,

and a final increase at high proportions, which is in agree-

ment with the mechanical interaction between the formation

of the aggregate skeleton and the quality of paste bonds. This

representation is the most realistic material mechanism.

(a) (b)

(c) (d)

Figure 20. (a) PDP for coarse aggregate using linear regression; (b) PDP for coarse aggregate using RF; (c) PDP for coarse aggregate

using XGBoost; (d) PDP for coarse aggregate using CNN–BiLSTM.

(h) Fly Ash

There are also significant model-dependent variations

in the fly ash PDPs. Figure 21a using Linear Regression

forecasts a smooth upward increasing trend but does not

indicate early-age latency with fly ash contribution being

less before secondary hydration. Random Forest in Figure

21b gives an irregular curve with sharp falls and partial

recovery which are not related to pozzolanic kinetics. In

Figure 21c, XGBoost shows more prominent decreases and

waves generated by overfitting that is boosted. Figure 21d

shows that the CNN–BiLSTM ensemble produces a physi-

cally consistent trend with a minimal initial decrease, and

then a steady increase as fly ash strengthens the structure

over time. This behavior is consistent with the known be-

havior of fly ash, and it is the most consistent interpretation

of all the models.
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(a) (b)

(c) (d)

Figure 21. (a) PDP for fly ash using linear regression; (b) PDP for fly ash using RF; (c) PDP for fly ash using XGBoost; (d) PDP for fly

ash using CNN–BiLSTM.

(i) Influence of Model Type on PDP Behavior

The analysis of the partial dependencies shows clearly

that the model structure has a direct influence on the way

material behavior can be modeled. Linear Regression al-

ways produces smooth, single-curvature responses because

its global parametric expression limits its capability to rep-

resent local nonlinearities like early-age acceleration, opti-

mum binder contents or admixture saturation. Due to this, it

smooths out physical transitions and loses significant mech-

anistic effects. Random Forest and XGBoost are tree-based

models with piecewise and staircase-like trends, which indi-

cate discrete decision boundaries. Random Forest generates

sudden jumps and plateaus by averaging tree partitions and

XGBoost generates even steeper transitions because of se-

quential residual fitting. Both techniques are reasonably

able to capture the importance of variables, but the PDP

curves of both are not physically realistic and discontinuous,

which is not suited to processes that are driven by hydration

and depend on admixtures, which in real-life scenarios are

smooth processes. The CNN–BiLSTM ensemble gives the

best continuous, stable and mechanistically meaningful PDP

responses. Localized nonlinear features are found by the

CNN component and long-range dependencies are found by

the BiLSTM, related to cumulative hydration, water sensi-

tivity, and aggregate-paste interactions. The resultant PDPs

show continuous transitions, diminishing returns with in-

creasing contents and realistic inflection points that have

a strong resemblance to material mechanisms. The PDP

analysis reveals that the deep learning models, especially

the CNN–BiLSTM ensemble, best reflect the continuous

and nonlinearity of concrete strength development, and tree-

based and linear models add distortions that do not allow

realistic interpretation.

4.7. Shapley Additive exPlanations (SHAP)

The SHAP summary plot can be used to understand

the effect of each feature on the XGBoost prediction as it

indicates the direction and the strength of the effect. In this

study, SHAP analysis was performed specifically for the
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XGBoost model to examine feature level contributions and

verify that the learned relationships were consistent with

known material behavior. In this diagram, red dots placed

on the right of the zero line signify strong positive contri-

butions to compressive strength, whereas blue dots on the

left signify strong negative contributions. On the other hand,

there are blue points on the right and red points on the left

which show negative relationship with strength. This di-

rectional trend directly points out the variables that have a

positive and negative impact on the model output. Age and

cement have clear red clusters on the right which proves that

they have a positive correlation with compressive strength.

Increasing values of these features are always shifting the

model towards increasing the predicted strength, which is

in line with the known concrete behavior in which curing

age and binder content are the factors increasing hydration

and strength gain. Water, fine aggregate, and fly ash exhibit

red clusters that are mostly located on the left side of the

plot implying that increasing values of these variables are

associated with less strength than is predicted. This is not

surprising because too much water will cause porosity, high

fine aggregate content will cause a change in the density of

packing and fly ash does not usually add strength in the early

age. Blast furnace slag and superplasticizer exhibit mixed

but generally positive effects, which is indicative of their

effect on increasing hydration and workability when used

in the right mix conditions. Coarse aggregate presents red

points on both sides of the SHAP axis, meaning that its effect

is sample-dependent: in certain combinations, high coarse

aggregate content strengthens the material by improving load

transfer, whereas in other combinations, it weakens the mate-

rial by weakening paste-aggregate bonding or by having an

inadequate content of binder. The SHAP analysis in Figure

22 indicates that the relationships obtained by the model are

consistent with the behavior of physical concrete and gives

a clear picture of the influence of each input variable on

the compressive strength predicted by the model. It should

be noted that SHAP analysis was not applied to the CNN–

BiLSTM model in this study, and therefore interpretability

comparisons are limited to the XGBoost framework.

Figure 22. SHAP summary plot illustrating global feature importance and directional influence on the predicted compressive strength.

4.7.1. Analysis of SHAP Interconnection Plots

The SHAP dependence plots indicate that there are

strong relationships between the parameters of the mixture

and their marginal contributions to compressive strength.

The SHAP dependence plots shown in Figure 23 indicate

strong relationships between the mixture parameters and

their marginal contributions to compressive strength. These

dependence analyses correspond to the XGBoost model and

are presented to assess whether the learned feature contribu-

tions align with established hydration and mixture interaction

principles. The water content is found to have a negative

contribution throughout the entire range, with the values

of SHAP decreasing with water content. This is due to the

water-cement ratio becoming too high and consequently, the
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water-cement ratio results in the dilution of binder and the

rise in porosity [49]. The color gradient indicates that mixtures

that have a higher cement content are more likely to exhibit

lower negative SHAP values at similar water content. This

shows a moderating effect in which adequate availability of

binders partially counteracts the deleterious effect of excess

water, as has been previously established in the hydration

and microstructural development processes [33].

(a) (b)

(c) (d)

(e) (f)

Figure 23. (a) SHAP dependence plot for age; (b) SHAP dependence plot for water; (c) SHAP dependence plot for cement; (d) SHAP

dependence plot for blast furnace slag; (e) SHAP dependence plot for superplasticizer; (f) SHAP dependence plot for fine aggregate.

Cement content shows a positive and high contribution

to strength, and the values of SHAP increase nearly linearly

with cement. This trend is a manifestation of the basic role

of cement as the main binder in charge of hydration and

strength production. The dosage of superplasticizer as an

overlaying color scale has an interesting interaction. Blends

with increased superplasticizer levels have marginally better

SHAP values at equivalent cement levels, indicating that
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increased dispersion and workability increase the efficiency

of the binder. This interaction helps to realize that dispersive

admixtures may be used to achieve optimal particle packing

and hydration efficiency.

The values of SHAP of blast furnace slag have a pro-

gressive rise with the increase in slag content. This trend

emphasizes the continued role of latent hydraulic reactions,

which increases with the replacement of more cement by slag.

The fly ash interaction, which is represented by the color

gradient, indicates that mixtures containing increased fly ash

contents are more likely to exhibit slightly high SHAP values

at moderate slag contents. This is indicative of the comple-

mentary pozzolanic and hydraulic activity that takes place

when the two SCMs are used jointly and improves long-term

strength development by creating more C-S-H gel.

The superplasticizer plot shows a slow increase in

SHAP values with increase in dosage and contributions level

off at higher levels. It means that the better dispersion and

less viscosity increases the strength at first by the better pack-

ing of the particles and less entrapped air. But high dosages

do not lead to any proportionate increase in SHAP values,

indicating the benefit levels off at high flow characteristics.

The cement color scale supports this explanation since in-

creasing the contents of binders increases the positive effect

of admixture efficiency, which is the interaction between the

dispersive action and hydration demand.

Fine aggregate content has a low negative trend in

SHAP values as sand content rises. The drop indicates that

too much fine aggregate upsets the balance between the paste

volume and the density of the packing, decreasing the work-

able paste, and restricting the effective bonding. The dosage

response of the superplasticizer shows that mixtures with

higher admixture content have a small negative SHAP value,

which means that the better the workability, the less negative

the high fine aggregate proportions are.

The combination of these SHAP analyses gives a con-

sistent physical explanation of mixture behavior. Parameters

that increase the availability of the binder or efficiency of

the reaction have progressively positive SHAP contributions

whereas variables that dilute binder fraction or disrupt opti-

mal packing have negative trends. The interactions of color

also bring out the interplay of combined effects of cemen-

titious materials, water content, and admixture dosage in

contributing to the overall strength, which is a complex but

systematic process of concrete mixture design.

5. Conclusions

This study provided a comprehensive evaluation of

concrete compressive-strength prediction using a broad suite

of machine learning and deep learning models, and the find-

ings clearly demonstrate how model architecture influences

predictive accuracy, feature interactions, and interpretability.

The integrated assessment of statistical models, tree-based

ensembles, and hybrid deep-learning architecture revealed

distinct strengths and limitations across all approaches.

1. The linear regression model provided a standard of

performance and the overall general monotonic trends

between mix constituents and compressive strength.

Nonlinear interactions were, however, poorly modeled

by it, which led to relatively low predictive accuracy

and systematic errors in the scatter plots.

2. Random Forest and XGBoost tree-based ensemble

models were found to be much more predictive ac-

curate than linear regression. These models were

effective in describing heterogeneous, discrete and

threshold-based material behavior. However, their

partial-dependence profiles were staircase-like show-

ing that they were over-reliant on stepwise approxima-

tions as opposed to smooth physical relations. This

discontinuousmanner of behavior does not enable them

to reproduce continuous real-world material responses.

3. XGBoost and RF gave competitive results, which is

indicative of their capability to recognize the interac-

tion effects among a variety of compositional variables.

However, with good numerical performance, they were

limited in their interpretability because of discontin-

uous PDP behavior and sudden local changes in the

responses being predicted.

4. The hybrid CNN–BiLSTM ensemble was always

the most predictive and provided a high agreement

between experimental and predicted compressive

strength in training and testing datasets. The proposed

hybrid architecture uniquely integrates one dimen-

sional convolutional feature extraction with bidirec-

tional long short term memory units to simultaneously

capture local compositional interactions and long range

nonlinear dependencies in mixture design. The model
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was able to learn nonlinear relationships, long-range

dependencies between features and created smooth

partial-dependence curves which corresponded well

with known material behavior.

5. The SHAP analysis has proved that the most signifi-

cant predictors of compressive strength were age, ce-

ment, water, and slag. The features with red-to-the-

right and blue-to-the-left distributions were associated

with strong positive correlations with strength and vice

versa. Explanations of deep-learning models included

more consistent and physically significant relation-

ships, and tree-based models were more scattered and

localized.

6. In all eight variables examined with PDP analysis, the

deep-learning ensemble exhibited smooth, continuous

and monotonic trends, which were in line with hydra-

tion kinetics and mix-design principles. This study

uniquely demonstrates that evaluating response conti-

nuity and mechanistic alignment provides additional

insight beyond conventional error metrics when com-

paring predictive models for concrete strength.

Despite the strong numerical performance of the tree

based models, reflected by high R² values and low prediction

errors, their piecewise decision structure inherently produces

stepwise response surfaces in partial dependence analysis.

While this behavior is a normal mathematical property of

tree algorithms and does not imply incorrect predictions, it

may introduce artificial discontinuities when interpreted in

the context of material behavior. In cementitious systems,

compressive strength develops progressively through contin-

uous hydration, microstructural densification, and gradual

pozzolanic reactions rather than discrete jumps between cur-

ing intervals or abrupt transitions caused by small changes

in mixture proportions. Therefore, our argument is not that

tree-based models are invalid predictors, but that their re-

sponse representation may be less aligned with the known

continuous nature of strength development. The present eval-

uation was conducted using the established Yeh dataset to

enable controlled benchmarking under identical conditions

across models. While this provides a rigorous comparative

framework, validation on independent experimental or field

datasets would further strengthen confidence in broader gen-

eralization. In contrast, the CNN–BiLSTM ensemble learns

continuous nonlinear mappings that generate smoother and

gradually varying trends, which more closely reflect estab-

lished hydration mechanisms, while maintaining predictive

performance comparable to state of the art ensemble tree

models rather than claiming substantial numerical superior-

ity.
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