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The Reinforced Concrete (RC) columns are one of the main structural elements that estimation of their 

effective stiffness is essential for trustworthy structural system design and analysis. As traditional 

approaches, both analytical and experimental, often involve simplifications that may not accurately 

represent real behavior, Machine Learning (ML) approaches offer a viable substitute. This work presents 

a flexible and high-performance ML-based ensemble framework in phyton environment based on the 

Stacking and Averaging techniques to improve the prediction of effective stiffness of RC structures. For 

developing ML models, this study utilizes a comprehensive dataset with 266 samples (80% for training 

and 20% for testing), which includes axial load capacity, the percentage of reinforcing steel, and the 

column dimensions and effective stiffness factors. The ML algorithms are trained through k-fold cross-

validation and optimized using Grid Search-based hyperparameter tuning to improve prediction 

accuracy. The Stacking and Averaging ensemble models results the highest predictive accuracy in test-

set with R2 values of 0.9708 and 0.9840, in comparison with Voting, Light Gradient Boosting, 

DecisionTree, and K-Nearest Neighbors models. Furthermore, the ensembles robustness in capturing 

nonlinear relationships among features are further confirmed by its consistently low test RMSEs of 0.0182 

and 0.0169 values. Moreover, the interpretability analysis makes it clear that the percentage of steel 

reinforcement is the most influential parameter that have a significant contribution on RC’s effective 

stiffness. This finding demonstrates that such models have great potential for integration into structural 

design RC processes, enhancing efficiency and reliability in engineering practice. 

Povzetek:  Predstavljen je ansambelski pristop strojnega učenja za napoved učinkovite togosti 

armiranobetonskih stebrov, ki združevanjem več modelov in SHAP-razlago.

1 Introduction 
The Reinforced Concrete (RC) columns are one of the 

main structural elements commonly used as vertical load-

carrying components in various building and bridge 

constructions. They transfer loads from the superstructure 

to the foundation and preserve overall structural stability. 

These members' stiffness has a major impact on the 

structure's period, yield displacement, load distribution, 

and deformation capacity [1]. The ability of a column to 

withstand deformation under applied loads, particularly 

under lateral forces caused by wind and earthquakes, is 

known as effective stiffness [2][3]. Therefore, RC 

columns must be designed with sufficient stiffness and 

ductility to withstand seismic events, especially in 

earthquake-prone regions, as stiffness determines a 

structure's stability and lateral displacement. While 

overestimating stiffness can result in unfeasible 

overdesign, underestimating it can jeopardize safety. 

Therefore, in RC design, accurate stiffness prediction is 

essential for both performance and cost-effectiveness. 

However, because the stiffness behavior is influenced 

by many interacting factors, predicting the effective 

stiffness of RC columns is still a very difficult task [4].  

 

The majority of classical estimation techniques are 

empirical and rely on condensed formulas that are applied 

in design codes and obtained from experimental data. The 

intricate nonlinear interactions between concrete and steel, 

as well as secondary effects like creep, cracking, 

shrinkage, and load history, are not captured by these 

models, which usual take into account parameters like 

material properties, applied loads, and cross-sectional 

geometry [5]. The shortcomings of empirical models 

underscore the need for data-driven techniques that can 

more accurately model nonlinear, multivariate 

interactions. Machine Learning (ML) [6] approaches offer 

a viable substitute in this regard. Multiple interdependent 

variables can be integrated, hidden relationships between 

material and geometric factors can be revealed, and more 

precise and broadly applicable stiffness predictions can be 

produced using ML-based approaches. ML frameworks 

can greatly improve the accuracy of stiffness estimation 

for RC columns by utilizing big datasets and adaptive 

learning techniques, which will ultimately lead to safer 

and more effective structural design [7],[8],[9]. 

Based on the shortcomings of current ML techniques, 

this study develops a high-performance and flexible 
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ensemble model based on the Stacking and Averaging 

techniques. The goal of ensemble models is to accurately 

predict two crucial structural parameters, namely the 

radius of gyration about the X-axis (rx) and the radius of 

gyration about the Y-axis (ry), which are linked to the 

effective stiffness property of RC structures. The 

suggested model makes use of the stacking and averaging 

techniques to combine the advantages of several base 

learners via a meta-model to improve handling of intricate 

nonlinear and multi-factor interactions, decrease 

sensitivity to noise, and increase predictive accuracy. The 

proposed ensemble models are thoroughly compared with 

other method of Voting, Light Gradient Boosting (LGB), 

DecisionTree, and K-Nearest Neighbors (KNN), for 

models’ validation and performance benchmarking. It 

should be mentioned that the incorporation of Grid Search 

(GS) optimization for hyperparameter tuning of developed 

ML models is one of the primary innovations of this study, 

which aims to discover globally optimal hyperparameter 

configurations. Additionally, to ensure model 

interpretability and to pinpoint the key characteristics 

influencing the anticipated responses, a thorough Shapley 

Additive Explanations (SHAP)-based sensitivity analysis 

was used. This method not only makes the model more 

transparent and reliable, but it also offers insightful 

engineering information about the main structural factors 

influencing rx and ry.  

2 Related work 
In recent years, the use of ML techniques in RC 

engineering has grown significantly, providing strong 

data-driven substitutes for conventional analytical and 

empirical approaches. For instances, Fan et al. [10] 

examined the latest developments up to 2021 in ML 

applications for RC bridges, highlighting how they could 

revolutionize structural inspection, design, and 

construction quality control. They discussed about that 

how ML created new research opportunities in bridge 

engineering, specifically in the areas of long-span 

structure form-finding, reinforcement, and structural 

optimization. Kazemi et al. [11] developed a ML-based 

framework to predict the maximum-interstory-drift-ratio 

of RC Moment-Resisting Frames using a large dataset. 

Among the tested models, improved Artificial Neural 

Network (ANN) achieved the reasonable accuracy in 

estimating maximum-interstory-drift-ratio for 3-Story RC 

frame with three bays, that was introduced to facilitate 

practical application and reduce computational effort. 

Yaseen et al. [12] assessed how well three ML models 

including M5-Tree, Extreme Learning Machine (ELM), 

and Random Forest (RF) predict the shear strength of 

reinforced concrete beams. The M5-Tree model 

outperformed the others with highest accuracy, indicating 

its high predictive power and the usefulness of ML 

techniques. Alhalil and Gullu [13] developed ML model 

to predict torsional irregularity, fundamental period, 

modal participating mass ratios of RC buildings. Based on 

the outcomes, the Categorical Boosting (CatBoost) 

algorithm achieved the best performance with high 

accuracy in predictions, demonstrating its effectiveness 

for efficient seismic design. Deger and Kaya [14] 

introduced a Gaussian Process Regression (GPR)-based 

ML model to predict backbone curves of RC shear walls, 

accurately estimating seven critical backbone points. The 

model achieved highest accuracy with prediction ratios 

close to 1.0, outperforming traditional methods for seismic 

performance evaluation. In order to overcome the 

drawbacks of conventional inspection techniques, 

Mohammadagha et al. [15] used ANN and multiple linear 

regression models to forecast condition of RC pipes based 

on variables like age, material, diameter, and ratings. 

Based on the outcomes, ANN demonstrated its capacity to 

model nonlinear deterioration patterns with a higher 

accuracy. Moreover, Naderpour et al. [16] introduced ML-

based methods including Decision Tree and ANN to 

determine the failure modes in spirally and rectangular RC 

columns. The Decision Tree model achieved high with 

simpler computations, making it a practical tool for 

seismic evaluation, retrofitting, and rehabilitation of RC 

structures. Table 1 summarize the utilized ML in RC 

analysis. 

 

Table 1: Summary of ML applications in RC analysis. 

References  Model  Reported R2 Application  

Kazemi et al. [11] ANN 0.868 Estimating maximum-interstory-drift-

ratio for 3-story RC frame with three 

bays 

Yaseen et al. [12] M5-Tree 0.931 Estimating the shear strength of RC 

Alhalil and Gullu [13] CatBoost 0.977 for torsional irregularity, 

0.997 for fundamental period, 

and 0.923 for modal 

participating mass ratios 

Estimating three parameters of 

torsional irregularity, fundamental 

period and modal participating mass 

ratios of RC 

Deger and Kaya [14] GPR 0.90-0.97 for various 

backbone‐curve points 

Estimating backbone curves of RC 

shear walls 

Mohammadagha et al. 

[15] 

ANN 0.906 Estimating condition of RC pipes 

Naderpour et al. [16] DecisionTree 0.868-0.935 for spirally RC 

and 0.950-0.960 for rectangular 

RC 

Estimating failure modes in spirally 

and rectangular RC columns 

https://www.nature.com/articles/s41598-023-27613-4#auth-Zaher_Mundher-Yaseen-Aff1
https://arxiv.org/search/cs?searchtype=author&query=Mohammadagha,+M
https://www.sciencedirect.com/author/24067354100/hosein-naderpour
https://www.nature.com/articles/s41598-023-27613-4#auth-Zaher_Mundher-Yaseen-Aff1
https://arxiv.org/search/cs?searchtype=author&query=Mohammadagha,+M
https://www.sciencedirect.com/author/24067354100/hosein-naderpour
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Under complex structural behaviors, problems like 

overfitting, noise sensitivity, higher computational cost 

and poor management of nonlinear and multi-factor 

interactions are usual problems of utilized ML models, 

which can lower prediction accuracy and reliability, 

particularly during seismic or extreme loading events. In 

previous works, majority of them utilized deep learning-

based ML models on RC applications, because can learn 

intricate nonlinear relationships between structural and 

material parameters. The practical application of these 

models in routine engineering design is limited because 

they usually require substantial computational resources, 

sizable datasets, and meticulous tuning to achieve stable 

and accurate performance. Furthermore, many studies use 

individual ML models without following strict 

optimization protocols, which results in less-than-ideal 

performance, especially when applied to different 

structural configurations. Furthermore, some studies use 

tree-based ensemble techniques, like random forest or 

gradient boosting-based models that usually are based on 

basic decision tree. Although these ensemble methods 

somewhat lessen overfitting and increase stability, their 

dependence on simple base learners’ structures frequently 

limits their ability to fully exploit feature interactions and 

achieve high predictive accuracy. Lack of advanced 

interpretability through SHAP Analysis to quantitatively 

interpret each input feature's contribution to stiffness 

prediction is one of main drawback of developed models. 

3 Methodology 
The methodical process used to create ML models for 

estimating the stiffness factors of RC columns is shown in 

Fig. 1. In order to ensure that the model accurately depicts 

the physical behavior of RC members under various 

loading conditions, the process begins with the 

formulation of suitable assumptions that define the 

modeling framework and conditions. Next, Relevant input 

parameters, such as geometric dimensions along with 

corresponding target responses, such as stiffness 

coefficients (rx and ry) are identified to create a complete 

dataset. In the following phase, the dataset is split into 

80% for model training and 20% for testing using k-fold 

cross validation technique.  This strategy (with five folds) 

is used to improve generalization and decrease overfitting, 

allowing each subset to be validated iteratively. After 

preparing dataset, the selected models are involved 

training and testing. In this process, the GS optimization 

is utilized for hyperparameter tuning of developed ML 

models. After tarin and test of models, the performance of 

all potential ML models using a variety of statistical 

metrics are evaluated to identify the most reliable and 

accurate predictive approach. The ensemble models are 

chosen as the best method for estimating effective 

stiffness. In final step, the SHAP-based sensitivity 

analysis was used to make the stacking and averaging 

model more transparent and reliable and offer insightful 

engineering information about the main structural factors 

influencing rx and ry.

 

Figure 1: Detailed step-by-step procedure for estimating effective stiffness of rectangular RC column sections by 

optimizing ML model.
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3.1 Implementation information  

To guarantee widespread accessibility and reproducibility, 

the ML framework was created in a flexible Python 

environment. Python's strong ecosystem for data analysis 

and model development made it the main programming 

language. In implementation process, libraries like 

NumPy, Pandas, Scikit-learn, LightGBM, and Matplotlib 

are used. Table 2 summarizes the software and hardware 

specifications utilized for model implementation 

Table 2: The software and hardware specifications utilized for model implementation. 

Component Specification 

Programming Language Python 3.9+ 

Random-seed  Random_state = 42 for all models 

Main Libraries Numpy, Pandas, Scikit-learn, Lightgbm, Matplotlib, Openpyxl 

Optional Visualization Mpl_toolkits.axisartist (for Taylor diagrams) 

IDE / Notebook Jupyter Notebook / JupyterLab 

Operating System Windows 11 

CPU Quad-core Intel i5  

RAM 16 GB  

Storage 1–2 GB for excel outputs, plots, and models 

 

3.2 Dataset information 

This study to develop the predictive models for estimating 

the effective stiffness of RC under varying loading and 

geometric conditions utilizes a comprehensive dataset 

comprising 226 samples that created by Naderpour et al. 

(2019) [17]. This dataset was derived from the results of 

RC frame buildings that represents a unique RC column 

configuration, encompassing both material and geometric 

properties that significantly influence stiffness behavior. 

The axial load capacity (P), the percentage of reinforcing 

steel (pt), and the column dimensions in the x-axis (Dx) 

and y-axis (Dy) directions are among the parameters that 

taken into consideration as input parameter in this study. 

Furthermore, the radius of gyration in the x-axis and y-

axis (rx and ry) are regarded as crucial variables that 

described the column's stiffness that taken into 

consideration as output parameter in this study. Table 3, 

lists the essential variables for the effective stiffness 

estimation model, provides an overview of these 

parameters. 

Table 3: Lists of utilized input parameters for the effective stiffness estimation. 

Column Description Units 

pt (%) Percentage of steel reinforcement area % 

Dx (m) Column width (in X-direction) meters 

Dy (m) Column depth (in Y-direction) meters 

P (×10³ kN) Axial load capacity  10³ kilonewtons 

rx (m) Radius of gyration about X-axis meters 

ry (m) Radius of gyration about Y-axis meters 

 

To guarantee that all input features were standardized 

to have a mean of zero and a standard deviation of one, the 

dataset is normalized during the preprocessing stage using 

the StandardScaler technique. Then, in order to train the 

model on a representative subset and save a portion for an 

independent assessment of generalization performance, 

the dataset is split into 80% for training and 20% for 

testing after normalization. On the training set, a 5-fold 

cross-validation scheme is used to reduce the chance of 

overfitting and increase the reliability of model 

assessment. In this process, five equal folds are created 

from the training data in this process that each iteration is 

used four folds for model training and one for validation. 

Then, the model performance is averaged across all five 

folds to provide a more robust and unbiased estimate of 

predictive accuracy, ensuring that the reported training 

results reflect consistent and generalizable performance 

across different data partitions. 

4 Preliminaries 

4.1 Decision tree 

One popular and very interpretable technique for 

regression tasks is the DecisionTree algorithm. It 

functions by methodically dividing the dataset into more 

manageable, uniform groups. A decision path is 

represented by each branch of the tree, and an outcome or 

prediction is represented by each leaf. The algorithm 

chooses the most pertinent attribute at each stage to 

optimize prediction accuracy, with the root node 

representing the complete dataset prior to splitting. 

Measures such as the Gini Index, Entropy, and 

Information Gain, improve subset purity, and are the 

foundation of attribute selection. 

Entropy: This is a measure in the theory of 

information that assesses and indicates the degree of 

uncertainty or disorder of a node. A split that reduces 

entropy is preferred, as lower entropy indicates smaller, 
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more ordered, and homogeneous subsets. The 

mathematical formulation for entropy is [18]: 

Entropy = − ∑ pi  log2 pi

c

i=1

 (1) 

Here, pi indicates the probability of occurrence of i −
th class within the dataset, while c denotes the total 

number of classes. 

Information Gain: The amount of reduced entropy in 

a dataset after this dataset is divided based on some feature 

clarification that is measured. A higher information gain 

is indicative of a more effective split, reflecting the 

attribute's ability to separate the data into distinct classes, 

which is represented as follows is [18]: 

Information Gain  

=  Entropy (S) − ∑(
|Si|

|S|
× Entropy (Si))

n

i=1

 
(2) 

Here, Si refers to the of i − th partition of S dataset, n 

is the number of attribute and |Si| and |S| indicates the 

number of cases in the partition Si and dataset S. 

Gini Index: This metric considers the impurity of a 

node, and the lesser the Gini Index, the more 

homogeneous the node is, with more samples belonging 

predominantly to one class, and is defined as is [18]: 

Gini = 1 − ∑ pi
2

c

i=1

 (3) 

Here, pi indicates the probability of occurrence of i −
th class within the dataset.  

These measures help to find the best splits at each 

node using them and yield higher predictive accuracy and, 

therefore, a more stable model. Fig. 2 shows the diagram 

of the DecisionTree model. 

 

Figure 2: The diagram of the DecisionTree algorithm. 

4.2 K-Nearest Neighbors 

One of straightforward and effective non-parametric 

technique for regression problems is the KNN algorithm. 

It works on the premise that similar data points will 

probably produce similar results. An unlabeled instance is 

classified in KNN by locating the k nearest training 

samples in the feature space, which are typically found 

using distance metric like Euclidean distance. Then, the 

average value among these neighbors is assigned [19]. 

KNN regression predicts the result 𝑦̂ for a new data 𝑥 

by voting on its KNN in the feature space upshot, given a 

dataset with n points labeled as 
(𝑥1, 𝑦1), (𝑥2, 𝑦2), … , (𝑥𝑖 , 𝑦𝑖), in which each 𝑥𝑖 is a feature 

vector and 𝑦𝑖   is the continuous output associated with it.  

In the KNN algorithm, the similarity between data points 

is quantified using a Euclidean distance metric. The 

Euclidean distance between two points x and xi in the 

feature space is given by Eq. (4) [20]: 
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d(x, xi) = √(x − xi)
T(x − xi) (4) 

Using the distance metric, KNN finds the K nearest 

points to the data point x in the data set. Then Eq. (5) uses 

the average of these K neighbors' outputs to determine the 

final prediction [20]: 

ŷ =
1

k
∑ yi

i∈𝑘

 (5) 

Here, yi refers to the prediction of each K − th nearest 

points. Fig. 3 indicates the step-by-step flowchart of the 

KNN model. 

 

Figure 3: KNN method step-by-step flowchart. 

4.3 Light gradient boosting  

The LGB is one of the most efficient and fastest 

implementations of the gradient boosting framework, 

designed to run efficiently on very large-scale datasets. 

LGB is a boosting technique that iteratively creates an 

additive tree, integrating multiple weak learners to 

generate a strong learner. It primarily minimizes the loss 

function using gradient-based optimization [21].  

It works efficiently for a dataset comprising n samples 

and m features displayed as (Xi, yi): i = 1. . . n, where Xi ∈
Rm and yi ∈ R. In the architecture of the LGB model, 

there is an ensemble of decision trees each of which 

predicting the output as 𝑦̂𝑖. The mechanism for updating 

the LGB model using boosting technique is given below 

by utilizing the following equations [22]: 

φ(Xi)
(t) =  φ(Xi)

(t−1) + μ ft(Xi) 

= ∑(L (yi, ŷi
(t−1)

+  ft(Xi)) + Ω(ft))

t

i=1

 
(6) 

Here, at each t − th iteration, φ(Xi) refers to the 

prediction function, that is updated using by adding a 

newly learned weak learner of ft(Xi). The parameter μ 

represents the step-size (learning rate) that controls how 

much each successive tree contributes to the overall 

model. The iterative optimization minimizes the loss 

function by incorporating a regularization term Ω(ft) to 

penalize model complexity. This regularization term, 

defined in Eq. (7) [22]: 

Ω(fk) = γTi +
1

2
λ‖w‖2 (7) 

In addition, LGB has another key distinction: it uses a 

leaf-wise strategy for growing trees. In this strategy, the 

tree splits the leaf with the largest loss reduction, as it has 

the highest gradient. This results in deeper, more 

unbalanced trees that are often more accurate. The leaf-

wise growth is also significantly faster and less memory-

intensive compared to the level-wise strategy, where 

nodes at each tree level are expanded with equal priority. 

Fig. 4 displays how Light GBM works. 

 

Figure 4: Procedures of the Light GBM model. 
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4.4 Stacking ensemble 

A stacking ensemble is a sophisticated ensemble learning 

approach that uses a meta-model to aggregate predictions 

from many base models.  The basic concept is to train a 

series of base models first and then feed the meta-model 

with their predictions.  Stated differently, the meta-model 

is trained using the basic models' predictions and learns 

how to efficiently integrate them to enhance overall 

outcomes. The accumulation model process can be seen in 

Fig. 5. 

It first initiates by training different base models on 

the same training input data (x), and generating the 

predictions set (ŷ1(x), ŷ2(x), ŷ3(x), . . . ŷm(x)) that 

represents the prediction of each model. Therefore, for the 

Stacking model on input data (x), the predictions of all 

base models are calculated to form the meta-feature vector 

of F(x). The meta-model takes this input vector in order 

to make the final prediction as follows [23], [24]: 

F(x) = [ŷ1(x), ŷ2(x), ŷ3(x), . . . ŷm(x)] (8) 

ŷ = ŷmeta (F(x)) (9) 

 

Figure 5: The process of the Stacking model. 

4.5 Averaging ensemble 

Averaging ensemble technique increases the overall 

prediction accuracy and resilience by averaging the 

outputs of several models.  By combining the capabilities 

of many models, this kind of ensemble approach aims to 

produce forecasts that are more accurate and dependable 

than any one model could provide alone [25], [26]. The 

process of the Averaging model is presented in Fig. 6. In 

the case of regression, the average of the model 

predictions, the Averaging ensemble makes prediction as 

below [27]: 

ŷAveraging = ∑
ŷi

n

n

i=1

 (10) 

In this equation, the ŷAveraging  illustrates the output 

of an Averaging model, ŷi indicative of the prediction of 

each i − th model. The variable n denotes the total number 

of models that are included in the combination method. 

Some models may vary in enhanced capabilities, so to 

achieve the best results, it is necessary to adjust the effect 

of each model in the set based on its performance. The 

weighted average of the ensemble prediction, or F(x), is 

used to do this that mathematically is represented as below 

[28]: 

ŷ (x) = ∑ ωi × ŷi(x)

n

i=1

 (11) 

Here, ŷi(x) denotes the prediction of the i − th model 

within the ensemble and ωi indicates the corresponding 

weights assigned to the i − th model. 

 

Figure 6: The process of the Averaging model. 
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4.6 Voting ensemble 

A voting ensemble model is another sophisticated ML 

technique that by combining the results of several base 

models intends to improve predictive performance. To get 

more accurate and consistent results, this approach 

combines the predictions of multiple models, each trained 

using a different algorithm, to help reduce overfitting and 

enhance generalization on unseen data by utilizing the 

complementary strengths of individual models. Hard 

voting and soft voting are the two primary methods of 

voting [29], [30]. The voting model is presented in Fig. 7. 

Soft voting considers the predicted probabilities of 

each model and averages them to produce the final 

prediction as below [31]:  

ŷsoft  = arg max
c∈C

1

𝑛
∑ ŷi

n

i=1

 (12) 

Here, the ŷsoft  illustrates the output of a voting 

model, and ŷi indicative of the prediction of each i − th 

model. The variable n denotes the total number of models 

that are included in the combination method and C refers 

to the set of classes.  

In hard voting, the class label that the majority of the 

base models predict is chosen as the final output as below 

[31]: 

ŷhard  = arg max
c∈C

∑(ŷi = 𝑐

n

i=1

) (13) 

 

 

Figure 7: The flowchart of the voting model. 
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through statistical evaluation indices. The evaluation 

indices are measures widely used to assess the operation 

of the models designed to forecast the numerical variables. 

Various evaluation indices are available; in this study, the 

selected indices include 𝑅², 𝑅𝑀𝑆𝐸, 𝑀𝐴𝐸, 𝑆𝑇𝐷, 𝑉𝐴𝐹, 𝐹𝐼, 

𝑀𝐷𝐴𝑃𝐸, and 𝑁𝑀𝑆𝐸. The equations of the preceding 

indices are presented in Fig. 8. 
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Figure 8: Evaluation equation.

5 Results and discussion 

5.1 Dataset analysis 

Fig. 9 is a correlation heatmap depicting Pearson 

correlation coefficients between different variables in a 

data set. The direction and intensity of linear connections 

between variables may be determined with the use of a 

heat map. This heatmap contains several variables that 

include pt (%), Dx (m), Dy (m), P (×10^3kN), Avg. Dx (m) 

and Dy (m) have a very strong positive correlation (0.99). 

This implies that the displacements in the X and Y 

directions are approximately proportional. Pt (%) and Avg 

have a strong positive correlation (0.97). This shows that 

the reinforcement percentage is highly correlated with the 

average value, which can mean that the reinforcement 

percentage strongly affects the overall performance of the 

structure. P, Dx, and Dy have a moderate positive 

correlation (0.71 and 0.72, respectively). A higher axial 

load is somewhat associated with larger displacements in 

both the X and Y directions. Pt (%) and P have a slight 

positive correlation (0.2), indicating that axial load may 

have little effect on percent reinforcement. This 

correlation matrix gives insight into how various structural 

or input parameters relate to one another, which may also 

help determine the consequent analysis or modeling tasks, 

especially with regard to ML and structural analyses. 

 

Figure 9: A heatmap of the correlation between variables in a data set.
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Fig. 10 is a plot comparing pairs of different input 

features, with the output variable labeled "Avg" (average), 

represented on a color scale from light blue (0.4) to dark 

brown (0.8). Pair plots allow visualization of relationships 

between multiple variables and help observe pairwise 

correlations. The variables included in the design are pt 

(%), Dx(m), Dy(m), and P (×10^3 kN). The diagonal plots 

show kernel density estimates (KDEs) or histograms for 

each individual variable, illustrating their distribution. 

Off-diagonal scatter plots display pairwise relationships 

between different variables. As seen in the relationship 

between "Dx(m)" and "pt (%)" or between "Dy(m)" and "P 

(×10^3 kN)”. There are some clear patterns, such as the 

correlation between "pt (%)" and "Dx(m)", or between 

"Dy(m)" and "P (×10^3 kN)". These scatterplots show how 

well the variables are related, and how the color 

(indicating "Avg") changes according to those 

relationships. This pair diagram in general helps analyze 

the dependencies and trends between input variables and 

how they are related to the output variable "Avg". 

 

Figure 10: Pair plot with "Avg" (average) as output. 

5.2 Hyperparameters tuning 

Table 4 indicates the hyperparameter search ranges used 

to fine-tune each model. To improve prediction accuracy 

and avoid overfitting, parameters governing model 

complexity, learning rate, and regularization were 

methodically changed. To achieve balanced performance, 

robustness, and generalization across all predictive tasks, 

both individual models (DecisionTree, KNN and LGB) 

and ensemble approaches (Stacking and Voting) were 

optimized using specified parameter ranges. 

Table 4: The hyperparameter configuration for each utilized model. 

Model Hyperparameter Range / Values 

DecisionTree max_depth 3 – 30  
min_samples_split 2 – 20  
min_samples_leaf 1 – 10  
criterion "squared_error", "friedman_mse", "absolute_error" 

KNN n_neighbors 3 – 15  
weights "uniform", "distance"  
p 1 – 2 

LGB num_leaves 20 – 200  
max_depth -1 – 20  
learning_rate 0.005 – 0.3  
n_estimators 100 – 1000 
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subsample 0.6 – 1.0  
colsample_bytree 0.6 – 1.0  
reg_lambda 0 – 1  
reg_alpha 0 – 1 

Stacking cv 3 – 10  
final_estimator Linear-Regression (), LGB () 

Voting weights [1, 1, 1] or tuned per model 

 

5.3 Performance evaluation  

The effectiveness of several ML models for determining 

the RC column’s effective stiffness factors (rx and ry) is 

compiled in Tables 5 and 6. According to that, ensemble-

based models, especially ensemble models show better 

predictive power than individual learners across both 

parameters. The Stacking and Averaging models obtains 

the highest R2 values 0.9708 for rx and 0.9840 for ry on the 

test sets, showing low prediction error and strong 

generalization. The ensembles robustness in capturing 

nonlinear relationships among features was further 

confirmed by its consistently low RMSEs of 0.0182 and 

0.0169 values. The Stacking and Averaging ensemble 

models' superior performance can be ascribed to their 

innate ability to incorporate complementary predictive 

patterns from various base learners, thereby mitigating 

bias and variance. In contrast the LGB algorithm 

outperformes traditional learners like DecisionTree and 

KNN in terms of accuracy, achieving R2 values of 0.9668 

and 0.9525 on the test sets for rx and ry. On the other hand, 

the DecisionTree model shows a perfect fit on the training 

data with train R2 of 0.9999 for both, while in the test with 

R2 0.9255 and 0.8680 for rx and ry shows a decline in 

generalization. The primary cause of this performance in 

the DecisionTree model is its unbridled expansion and 

high structural adaptability, which enable it to fully retain 

training data instead of picking up generalizable patterns. 

Near-perfect training accuracy but a noticeable drop in test 

performance result from the tree capturing noise and small 

fluctuations in the training data when it grows too deep 

without pruning or regularization. This suggests that poor 

generalization to unknown samples results from the 

model's complexity surpassing that of the underlying data 

structure. This suggests that poor generalization to 

unknown samples results from the model's complexity 

surpassing that of the underlying data structure. Moreover, 

The KNN model's sensitivity to data noise and local 

irregularities is demonstrated by its moderate accuracy but 

higher error dispersion (RMSEs of 0.0325 for rx and 

0.0502 for ry). 

Table 5: The finding related to estimation of effective stiffness factor (rx) of RC column by ML models. 

Model Set RMSE MAE R2 NMSE MDAPE STD_dev VAF FI 

Averaging 
Train 0.0222 0.0158 0.9680 0.0320 2.2987 0.0222 96.7955 0.9596 

Test 0.0222 0.0172 0.9561 0.0439 2.6409 0.0219 95.7374 0.9581 

DecisionTree 
Train 0.0000 0.0000 0.9999 0.0000 0.0000 0.0000 99.9999 0.9999 

Test 0.0290 0.0196 0.9255 0.0745 1.8803 0.0290 92.5558 0.9455 

KNN 
Train 0.0272 0.0207 0.9517 0.0483 3.0580 0.0272 95.1815 0.9504 

Test 0.0325 0.0253 0.9064 0.0936 4.4878 0.0321 90.8643 0.9389 

LGB 
Train 0.0166 0.0119 0.9819 0.0181 1.5797 0.0166 98.1945 0.9696 

Test 0.0193 0.0141 0.9668 0.0332 2.1360 0.0193 96.6848 0.9636 

Stacking 
Train 0.0152 0.0111 0.9849 0.0151 1.6039 0.0152 98.4897 0.9722 

Test 0.0182 0.0132 0.9708 0.0292 2.1026 0.0182 97.0755 0.9658 

Voting 
Train 0.0126 0.0096 0.9897 0.0103 1.4049 0.0126 98.9705 0.9771 

Test 0.0200 0.0147 0.9645 0.0355 2.2456 0.0200 96.4629 0.9623 

Table 6: The finding related to estimation of effective stiffness factor (ry) of RC column by ML models. 

Model Set RMSE MAE R2 NMSE MDAPE STD_dev VAF FI 

Averaging 
Train 0.0264 0.0170 0.9692 0.0308 1.5525 0.0264 96.9249 0.9636 

Test 0.0169 0.0141 0.9840 0.0160 2.0019 0.0167 98.4424 0.9765 

DecisionTree 
Train 0.0000 0.0000 0.9999 0.0000 0.0000 0.0000 99.9999 0.9999 

Test 0.0486 0.0311 0.8680 0.1320 2.3475 0.0486 86.7996 0.9324 

KNN 
Train 0.0391 0.0294 0.9327 0.0673 2.9637 0.0385 93.4626 0.9461 

Test 0.0502 0.0372 0.8594 0.1406 4.0270 0.0492 86.4991 0.9302 

LGB 
Train 0.0213 0.0151 0.9801 0.0199 1.4706 0.0213 98.0100 0.9707 

Test 0.0292 0.0200 0.9525 0.0475 2.0907 0.0290 95.3139 0.9594 

Stacking 
Train 0.0199 0.0140 0.9826 0.0174 1.4744 0.0198 98.2719 0.9726 

Test 0.0288 0.0198 0.9536 0.0464 1.9463 0.0287 95.3907 0.9599 

Voting 
Train 0.0178 0.0131 0.9861 0.0139 1.4090 0.0176 98.6300 0.9755 

Test 0.0345 0.0239 0.9334 0.0666 2.0406 0.0345 93.3625 0.9520 
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The residual distribution plots for estimating the 

effective stiffness factors (rx and ry) of RC columns using 

a variety of ML models are shown in Fig. 11. A properly 

calibrated model should ideally yield residuals that are 

symmetrically distributed around zero with little 

dispersion, suggesting that the model consistently follows 

the target variable. Ensemble-based techniques, such as 

stacking, voting, and averaging, show compact, bell-

shaped residual patterns centered around zero, indicating 

strong predictive consistency and low bias across samples, 

as shown in Fig. 11 (a) for rx and Fig. 11 (b) for ry. This 

distributional behavior demonstrates how ensemble 

frameworks can better integrate individual learners' 

strengths while addressing their weaknesses, improving 

generalization ability and resilience to data noise. On the 

other hand, DecisionTree and KNN models, show more 

variance and sensitivity to local fluctuations in the data 

due to their wider and somewhat asymmetric residual 

distributions. Although the residual spread of the LGB 

model is smaller than that of these individual learners, it 

still shows slight departures from perfect normality, 

indicating limited bias in extreme situations. Out of all the 

models that were evaluated, Stacking and Averaging 

models obtained the most concentrated residual density. 

This suggests that they effectively capture the intricate 

nonlinear interactions between input features, leading to 

the lowest overall prediction uncertainty. Their 

exceptional ability to optimize the bias-variance trade-off 

is further demonstrated by the ensemble model residuals' 

consistent alignment near zero.  

  

(a) rx (b) ry 

Figure 11: Residual distributions by models in the estimation of effective stiffness factors of RC column.

A thorough comparison of the developed ML models' 

predictive performance against the observed data is shown 

in Fig. 12 via a Taylor plot. The correlation coefficient, 

RMSE, and standard deviation of each model are used to 

illustrate its performance. Strong agreement with the 

measured values and high predictive reliability are 

indicated by models with low RMSE and high correlation 

whose markers are placed near the reference (observed) 

point. On the other hand, models that are farther away 

from the reference point exhibit weaker correlation and 

larger deviations, which indicate decreased accuracy. As 

shown, the Stacking and Averaging ensemble models are 

the ones that are closest to the reference point, 

demonstrating their high consistency, low prediction 

error, and outstanding ability to replicate the variability of 

the observed stiffness data. 
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(a) rx (b) ry 

Figure 12: Taylor digram for developed models in the estimation of effective stiffness factors of RC column.

Moreover, to further examine the residual distribution 

and reliability of the ensemble models, Fig. 13 presents 

the residual histograms, violin plots, Kernel Density 

Estimation (KDE) curves, and Q–Q plots for the Stacking 

model in predicting rx and the Averaging model in 

predicting ry. These visual analyses provide insight into 

the error behavior and normality of the residuals. The 

residuals' distribution and conformity to the normal 

distribution are shown by the plots, which offer 

information on the bias and accuracy of the staking and 

averaging model. Based on KDE plot, the ry residuals are 

more symmetrically centered around zero, and the 

residuals for rx with slightly right-skewed distribution also 

exhibit concentration around zero indicating a balanced 

prediction behavior by staking and averaging models. The 

violin plots, in which the dot indicates the median, the 

central black line shows the range within 1.5×IQR, and the 

yellow box represents the interquartile range (25th–75th 

percentile), further illustrate the distribution and 

concentration of residuals. In both situations, the residuals' 

concentrated and narrow distribution around the median 

attests to the model's impartiality and resilience. 

Moreover, based on the Q–Q plots, the comparing sample 

quantiles with the theoretical quantiles indicates that the 

data points in both plots are nearly parallel to the diagonal 

reference line, suggesting that the residuals for staking and 

averaging have a distribution that is roughly normal. The 

extreme tails show only slight deviations, which are 

normal for empirical data and do not substantially deviate 

from the normalcy assumption. All things considered, the 

residual analysis confirms the ensemble model' 

generalizability and dependability for precise stiffness 

ratios estimation in RC columns.
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Figure 13: The residual analysis using violin, KDE and Q-Q plots for the Stacking model in predicting rx and the 

Averaging model in predicting ry.

5.4 SHAP-based interpretability analysis 

Figs 14 illustrate the SHAP-based plots for heatmap, 

feature importance, waterfall and values for the effective 

stiffness ratios rx and ry. These plots provide a clear 

interpretability framework for understanding how 

individual features influence the model’s output 

predictions. The SHAP heatmaps in Fig. 14 (a) for the 20 

samples, indicates the direction and strength of each 

feature's influence on the model output. In this plot the 

negative values (blue regions) suggest a decreasing effect, 

positive SHAP values (yellow regions) indicate that the 

feature increases the predicted stiffness ratio. The 

heatmaps make it clear that pt is the most influential 

parameter, indicating that the percentage of steel 

reinforcement have a significant and steady impact on 

both rx and ry. The SHAP feature importance plot in Fig. 

14 (b), which quantify the importances score of features 

across all samples. As depicted in this plot, for both rx and 

ry, the pt parameter that indicates the reinforcement ratio 

with the highest importance score of 0.11 and 0.8 emerges 

as the most influential parameter. Moreover, the SHAP-

based waterfall and values in Fig. 14 (c and d) confirm 

these findings and indicates that the reinforcement ratio is 

the most influential parameter in determining the effective 

stiffness. This dominance implies that changes in the 

percentage of reinforcement have a significant impact on 

the stiffness of RC columns. While the column width has 

a comparatively smaller impact, and the column depth and 

axial load exhibit moderate contributions. This ranking is 

constant in both directions, indicating that geometry and 

reinforcement have a greater influence on stiffness 

behavior than loading circumstances. 

 

rx ry 

  

(a) SHAP Heatmap  
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(b) SHAP Feature Importance  

 
 

(c) SHAP waterfall plots  

  

(d) SHAP value  

Figure 14: The interpretability analysis of developed Staking in predicting rx and Averaging models in predicting ry  

using SHAP-based plots.

5.5 Model’s performance discussion 

Our analysis showed that the Stacking and Averaging 

ensemble models had the highest predictive accuracy with 

test-set R2 values of 0.9708 for rx and 0.9840 for ry, as well 

as correspondingly low RMSE values. This suggests that 

there are little generalization gap and strong predictive 

consistency between the training and test datasets. Indeed, 

the use of GS-based optimization with 5-fold cross-

validation result high generalization ability for these 

models, as evidenced by the small (<2%) difference 

between training and testing results. When compared with 

related studies in Table 1, the obtained results demonstrate 
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superior or at least comparable accuracy. For instance, 

previous works reported R2values of 0.868 for ANN [11], 

0.931 for M5-Tree [12], 0.977-0.923 for CatBoost [13], 

0.90–0.97 for GPR [14], 0.906 for ANN [15] and up to 

0.960 for DecisionTree [16] in estimation of various 

parameters of RC columns. Thus, the Stacking and 

Averaging ensembles outperformed most existing ML-

based frameworks in predicting RC structural parameters. 

The Stacking and Averaging ensemble models' superior 

performance can be ascribed to their innate ability to 

incorporate complementary predictive patterns from 

various base learners, thereby mitigating bias and 

variance. By calculating the mean of the predictions made 

by several separate learners the Averaging ensemble 

model aggregates their outputs which evens out individual 

model fluctuations and present a more stable and universal 

response results from this aggregation. The averaging 

process improves robustness against data noise and 

outliers and reduces the risk of overfitting associated with 

any one model because each learner captures distinct 

aspects of the input–output relationship. The Stacking 

ensemble, on the other hand, uses a more advanced meta-

learning framework, where a higher-level meta-learner 

uses the predictions from multiple base models as new 

input features. Based on their residual errors, this meta-

learner, typically a regression or boosting algorithm, 

learns how to combine and weight each base learner's 

strengths in the best possible way. Consequently, stacking 

is able to model highly nonlinear relationships that 

individual learners might overlook by learning inter-

model dependencies and error correction patterns in 

addition to aggregating predictions. 

Despite these promising outcomes, several limitations 

are acknowledged. The developed Staking and Averaging 

models were trained on a static dataset and have not been 

implemented or evaluated in real-time structural 

monitoring environments and were trained on a static 

dataset. Furthermore, even though feature importance 

analyses and SHAP offer some interpretability, more 

effort is required to improve explainability using 

sophisticated model transparency frameworks. To 

increase deployment viability and interpretive reliability, 

future studies might concentrate on combining 

explainable AI modules, real-time data streams, and 

hybrid physics–ML models. 

6 Conclusions 
This work presented a flexible and high-performance 

ensemble framework based on the Stacking and 

Averaging techniques to improve the prediction of two 

crucial structural parameters that are directly related to the 

effective stiffness factors (rx and ry) of reinforced concrete 

structures. The suggested method combines several base 

learners, utilizing their complementary advantages to 

better capture intricate nonlinear dependencies and multi-

factor interactions, lessen sensitivity to data noise, and 

increase predictive accuracy. These ensemble models 

were methodically contrasted with other algorithms, such 

as Voting, KNN, LGB, and Decision-Tree for thorough 

validation and benchmarking. Furthermore, the GS-based 

optimization used in the ML processes enabled further 

improvements through hyperparameter tuning and leading 

to more accurate predictions and greater efficiency. The 

performance evaluation showed that the Stacking and 

Averaging ensemble models had the highest predictive 

accuracy with test-set R2 values of 0.9708 for rx and 

0.9840 for ry, as well as correspondingly low RMSE 

values. These optimized ensemble models could help 

engineers to design safer, more cost-effective, and 

environmentally friendly structures for RC structure. They 

These models significantly reduce the time required for 

structural design and analysis by automating the stiffness 

prediction process. Engineers can rapidly evaluate 

multiple design configurations without the need for time-

consuming iterative calculations, thus simplifying the RC 

column design process. 

Moreover, using SHAP-based analysis, the models 

can handle a wide range of input variables and provide 

insight into which parameters (e.g., reinforcement ratio, 

concrete dimension, axial load) most affect the stiffness of 

RC columns. The outcomes make it clear that the 

percentage of steel reinforcement is the most influential 

parameter and have a significant and steady contribution 

on both rx and ry values.   This understanding supports 

better decision-making during the design phase. This 

allows the development of lightweight, cost-effective, and 

structurally sound designs. 

Abbreviations 

RC Reinforced concrete LGB Light gradient boosting 

KNN K-Nearest Neighbors ŷm(x) The prediction of each m − th 

GS Grid Search ŷi Variable of the meta-model 

SHAP Shapley Additive Explanations  ŷAveraging  The output of an Averaging model 

ANN Artificial Neural Network ŷ Final prediction of model 

GPR Gaussian Process Regression fi(x) Prediction of the i − th model 

ML Machine Learning ωi Corresponding weights assigned to the i − th model. 

Ω(ft) Complexity    
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