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The ongoing construction of large-span buildings and high-rise buildings in recent years has raised the 
performance requirements for structural elements. Concrete-encased steel (CES) composite structure 
has been widely used in modern building structures due to its excellent seismic performance, stable 
mechanical properties and good fire resistance. However, under the axial load, the interaction of 
various materials in the CES columns is highly nonlinear, and the prediction accuracy of the traditional 
calculation formula is limited. Therefore, this paper establishes a database standard and collects 116 
sets of effective test data from early research at home and abroad. The axial compression bearing 
capacity of CES columns is predicted using a model constructed with three artificial intelligence 
algorithms: ANN, RF and XGBoost. To enhance the model’s interpretability, the SHAP method is 
employed. SHAP employs global explanatory analysis, individual sample interpretation, and feature 
influence analysis to elucidate the impact mechanisms of various characteristic factors on the ultimate 
bearing capacity of composite columns under axial pressure. This clarification aids in comprehending 
the predictive mechanisms for the bearing capacity of steel and concrete composite columns as well as 
the significance of influential parameters, offering valuable guidance for the design and application of 
such composite columns.
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In recent years, with the continuous development of high-rise buildings and large-span structures, the 
performance requirements of structural members are increasing. Concrete-encased steel (CES) columns have 
been widely used in modern building structures due to their excellent seismic performance, stable mechanical 
properties and good fire resistance1,2. The steel within concrete-encased steel columns is advantageous over 
traditional steel structures due to the encapsulating concrete, which prevents local buckling of the embedded 
steel when subjected to compression, thereby optimizing the material’s performance3. Compared with the 
traditional reinforced concrete structure, due to the high bearing capacity of steel, it can be used as a supporting 
member to bear the construction load before concrete pouring, which greatly shortens the construction period4. 
The constraint provided by the steel enhances the ductility and strength of the core concrete even more. In 
addition, with the rapid development of metallurgical manufacturing process and the rapid progress of science 
and technology, the use of high strength building materials in practical engineering is increasing5.

Currently, numerous researchers have extensively conducted experiments, numerical analyses, and theoretical 
investigations into the axial compression mechanical behavior of CES columns6–11. However, under the action 
of axial load, the interaction relationship between the material components of the CES column is extremely 
complex, showing a high nonlinearity. Of note is that the prevailing computational approach for determining the 
axial compression bearing capacity of CES columns relies on mathematical formulations, failing to adequately 
account for the material nonlinearity and the intricate interactions among the column’s constituent parts. 
Consequently, the precision of predicting the axial compression bearing capacity of CES columns necessitates 
further examination and refinement.
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Machine learning (ML) has emerged as a potent data processing technique and is recognized as the most 
triumphant division within the field of artificial intelligence12. It can explore learning in a given database and 
find the influence of the internal variation of various parameters on performance13, especially for problems 
with strong uncertainty or limited by experimental research. ML is learned from the data characteristics of 
the database itself, and does not need to be defined by assumed mathematical expressions. The roots of ML 
in engineering extend to 1989, when Adeli et al.14 employed ML for the design of steel beams. As computer 
science and technology advance rapidly and artificial intelligence technology matures, the application of 
machine learning in structural engineering is increasingly gaining prominence. ML has found application 
in a multitude of areas, including structural analysis and design, structural health monitoring and damage 
detection, predicting the load-bearing capacity of structural members under diverse loading conditions, 
as well as in studying the mechanical properties of concrete and mix design optimization15–19. Miao et al.20 
employed a machine learning algorithm to develop a prediction model for the ultimate strength of circular 
fiber-reinforced polymer concrete-steel tubular composite columns. The research findings indicate that the 
prediction model grounded in machine learning exhibits superior accuracy in its predictions. Wang et al.21 
established a database of rectangular concrete-filled steel tubular composite columns, and carried out statistical 
analysis on the database. The prediction model for the ultimate bearing capacity of concrete-filled steel tubular 
columns subjected to eccentric loads was developed using three machine learning algorithms. The results show 
that the prediction accuracy is significantly improved compared with the standard design method. Zhou et al.22 
proposed a prediction method combining data-driven and physical mechanisms. Based on the verification of 
physical mechanisms, a database for machine learning model training was constructed. The findings reveal that 
utilizing combined parameters in place of basic parameters significantly enhances the computational efficiency 
and operability of the model. The prediction accuracy of the ML model surpasses that of international design 
standards and overcomes the limitations of conventional methods. It can be seen that ML has achieved a series 
of results in other fields and has great application potential. However, the axial compression bearing capacity is 
affected by many factors and the development mechanism is complex. The complexity of the ML model makes 
it difficult to effectively explain its output results, which limits its application in the optimization design of axial 
compression bearing capacity. Shapley Additive Explanations (SHAP) facilitate the interpretation of machine 
learning models by quantifying the impact of input variables on the model’s output. This is achieved through 
the analysis of the marginal contribution of each individual input variable to the overall prediction. SHAP can 
identify the characteristic factors that play a key role in model prediction and further explore the potential 
factors that affect the output results23,24. SHAP quantifies the importance of characteristic factors and reveals 
their influence on bearing capacity. This transforms model output from “uninterpretable values” to “laws that 
can be used in engineering design,” enhancing trust in ML for structural engineering.

Considering the aforementioned analysis, employing the machine learning (ML) method is an efficacious 
strategy for investigating the mechanical behavior of concrete-encased steel composite columns and 
understanding the nonlinear interactions among various materials. This study compiled an extensive dataset, 
resulting in a database that encompasses 116 groups of axial compression test results for concrete-encased steel 
composite columns, which was subsequently subjected to statistical analysis. Secondly, the paper provides a 
concise introduction to three machine learning algorithms: Artificial Neural Network (ANN), Random Forest 
(RF), and Extreme Gradient Boosting (XGBoost). Based on the three algorithms, the prediction model of axial 
compression bearing capacity of concrete-encased steel composite columns is established. An evaluation index 
system is formulated to assess the predictive performance of the model, with the most suitable model identified 
through comparative analysis. SHAP is utilized to elucidate both the global and instance-specific predictions 
of the model, meticulously analyzing the impact—both positive and negative—of individual features on the 
prediction outcomes for each sample25. It can not only provide the importance ranking of each feature, but also 
provide the influence law of features on the prediction results. It provides solid theoretical and technical support 
for designing and engineering section concrete-encased steel composite columns.

Establishment of CES column database
This study gathered 116 datasets of axial compression tests on concrete-encased steel composite columns and 
constructed a database to train machine learning algorithms26–48. In order to reduce the dimension of data in the 
database, improve the computational efficiency of machine learning, and strengthen the generalization ability of 
the prediction model, the variable parameters affecting the structural performance of composite columns were 
found based on the analysis results. Select cross-sectional width B (120–600 mm), section height D (120–600 
mm), specimen height H (360–4100 mm), concrete compressive strength fc (16.77–130.2 MPa), built-in steel 
yield strength fa (240–769.6 MPa), steel yield strength fs (0–578 MPa), built-in steel cross-sectional area Aa 
(630-10380mm, stirrup ratio (0–2.79%), built-in steel cross-sectional form F (H-shaped and cross-shaped), 
longitudinal steel cross-sectional area As (0–7922.2mm, a total of ten input characteristics. The ultimate bearing 
capacity (Nu) of the composite column is the output parameter. When training the model, the steel section form 
is input into the model by the assignment method. When the steel section form is ‘H-shaped’, it is defined as 
‘1’, and when the steel section form is ‘cross-shaped’, it is defined as ‘2’. Table 1 summarizes and describes the 
statistical distribution of input features ρsvand output parameters in the database.

Figure 1 illustrates the distribution of the database, offering a clear and direct visualization of the intervals 
for input features and output variables. As depicted in Fig. 1, the material strength range in the database is more 
comprehensive, from low strength to high strength. To design the CES column effectively, one must assess the 
correlation between sample parameters to prevent multicollinearity issues from arising. Figure 2 displays the 
matrix of Pearson correlation coefficients for the sample parameters. In the figure, r is the Pearson correlation 
coefficient, and the mathematical expression is shown in Eq.  (1). Observations indicate that the relationship 
between input parameters and the axial compression load capacity is intricate and nonlinear.
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Fig. 1.  Scatter plots of input features against the ultimate strength.

 

Index

Input features Out parameter

B D H fc fa fs Aa As ρsv F Nu

units mm mm mm MPa MPa MPa mm2 mm2 % / kN

Mean 236.9 240 1241.9 55.98 412.4 441.2 3320.4 1012.3 1.24 1.29 4478.0

SD 72.82 71.12 791.0 31.52 159.7 78.9 2273.6 1113.6 0.60 0.46 3345.4

Min 120 120 360 16.77 240 0 630 0 0 1 635

Max 600 600 4100 130.2 769.6 578 10,380 7922.2 2.79 2 18,188

Table 1.  Feature statistical distribution.
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Fig. 1.  (continued)

Fig. 2.  Correlation matrix of the database.
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Note: x, y are two different variables.
Furthermore, the variability in data sources leads to inconsistencies in the measurement methods for 

concrete strength across various literary works. The compressive strength of concrete in the established database 
is measured based on the size of three concrete test blocks, which are 150 mm cube test block (fcu,150), 100 mm 
diameter, 200  mm height cylinder test block (fcy,100), 150  mm diameter, 300  mm height cylinder test block 
(fcy,150). In order to reduce the error of the model prediction and improve the prediction accuracy of the model, it 
is necessary to convert the concrete strength, that is, all the test data of concrete strength is expressed by the same 
concrete strength through the Equation. In this paper, fcy,150 is used as the characteristic compressive strength of 
concrete, that is, fc = fcy,150. The compressive strength of other types of concrete is converted into characteristic 
compressive strength by using Eq. (2)49,50.

	

fcy,150 =




1.67 × 150−0.112fcy,100[
0.76 + 0.2log10

(
fcu,150

19.6

)]
fcu,150

� (2)

The standardization of features can unify the value range of different features to the same scale, so that the mean 
value is 0 and the variance is 1. The standardized data will be more consistent with the Gaussian distribution, 
which can reduce the weight difference between different features and enhance the discrimination of each feature, 
so that the model can better capture the correlation and difference between data. 80% of the standardized data is 
randomly selected for machine learning model training, and 20% of the data is used for model verification. The 
data normalization conversion Equation is as follows:

	
xi,norm =

2
(
xi − xi,min

)
xi,max − xi,min

− 1� (3)

Note  xi,norm is the normalized value of the i-th variable; xi,min is the original minimum value of the i-th param-
eter; xi,max is the original maximum value of the i-th parameter; xi is the original value of the i-th parameter.

Machine learning of axial compression bearing capacity of CES column
This section aims to select a black box model suitable for predicting the axial compression bearing capacity of 
CES columns. Initially, black box models for predicting the axial bearing capacity of CES columns are developed 
using ANN, RF, and XGBoost algorithms. Subsequently, the suitability of the aforementioned machine learning 
models for predicting the axial bearing capacity of CES columns is ascertained using a range of evaluation 
metrics.

Overview of machine learning models
Artificial neural network (ANN)
ANN is a computational model designed to mimic the architecture of biological neural networks. It consists 
of a multitude of interconnected units, known as ‘neurons’12. These units are structured into several layers: an 
input layer, one or more hidden layers, and an output layer. Each neuron receives signals from other neurons, 
and according to the weighting and bias of these signals, the activation function determines whether and how 
much to transmit the signal. The input layer is responsible for receiving and interpreting external signals or data. 
Each input node represents a feature of the data, and the output layer is where the network produces the final 
result. The number of nodes in the output layer is determined by the specific requirements of the network’s task, 
ensuring the production of the desired output results. The hidden layer, situated between the input and output 
layers, encompasses the weight parameters, bias terms, and the application of the activation function. The weight 
is the parameter connecting each neuron, which plays a decisive role in the importance of the input signal. The 
bias is the threshold of each neuron, which directly affects the activation state of the neuron, and the activation 
function determines the output of the neuron. The process of forward propagation can be articulated as follows:

	
y = f

(
n∑

i=1

wixi,norm + b

)
� (4)

Note  wi and b are weight and neuron deviation respectively; f () is the activation function; y is the output value;

The loss function serves to quantify the discrepancy between the predicted and actual values. If the error between 
the two is unacceptable, the back propagation process is performed. Each connection’s weight is fine-tuned using 
the gradient descent method, and the iterative training process continues until either the specified number of 
iterations is completed or the predefined loss threshold is met, at which point the model training is concluded. 
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Figure 3 shows the structure diagram of the artificial neural network model in this paper. The weight matrix and 
deviation matrix of the model are shown in Eqs. (5–7):

	

w1 =




-0.6279 0.4807 -0.1532 0.3412 -0.5704 0.3246
0.4825 0.4348 0.2258 -0.1699 -0.6154 0.2187

-0.2886 -0.3901 0.6618 2.3719 -0.6102 0.6698
-0.1924 -0.0755 -0.1133 4.4103 5.0266 3.7356
0.1434 0.0107 1.7019 4.2794 -1.6281 1.6334
0.3152 0.1203 1.7569 1.7497 -1.713 0.2819

-0.3571 -0.5437 -0.4718 -1.2515 0.5103 -0.2385
-0.2425 0.4038 -1.0599 1.3246 -0.1527 0.2882
-0.0126 0.2191 0.1914 0.3526 -0.2815 0.1046
0.4316 0.1678 -0.1019 0.1250 -0.4711 -0.4779




b1 =




-0.5817
0.569

-0.3388
-0.5443
0.4024

-0.0308




� (5)

	

w2 =




0.3735 0.7023 0.0889 -0.1639 -0.3773 0.5463
-0.5823 0.5796 0.0265 -0.2370 0.3860 -0.4378
0.1543 0.0562 -0.9245 -0.4493 -0.4592 0.1161

-0.2945 -0.6465 -0.4204 -0.4712 -0.2427 -0.0950
-0.3506 2.5710 4.7012 -0.4436 -0.2984 -0.2161
-0.0556 -0.0517 2.2405 -0.4646 0.0435 -0.0655



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
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-0.6552
0.2862

-0.2524
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
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w3 =




-0.4631
-2.5
2.3011
0.6287
-0.0089
-0.2223




b3 = (0.8012)� (7)

Random forest (RF)
Random forest51 is an ensemble learning method evolved from decision tree52. By constructing multiple decision 
trees, it is the underlying logic of operation, and each decision tree is independent in the training process. 
The RF algorithm uses bootstrap sampling method to select samples and features, and constructs multiple 
independent parallel decision trees, which all produce prediction results based on samples and features. By 
combining the results of multiple decision trees, a more accurate and stable overall model is obtained. The 
random forest algorithm has strong robustness, good resistance to common overfitting problems, and good 
generalization ability. The specific implementation steps are as follows: self-service sampling method is used to 
randomly select multiple subsets of the training data set, and each subset is used to train a decision tree; when 
each node splits, some features are randomly selected to determine the best splitting point, which is called feature 
random selection. Once the decision trees have been fully trained, each tree is capable of generating predictions 
independently for incoming samples. Subsequently, the predictions from all the decision trees are aggregated 
by calculating the average, which yields the ultimate prediction outcome. Figure 4 shows the structure of RF 
algorithm.

Fig. 3.  Structure diagram of ANN algorithm.
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Distributed gradient boosting library (XGBoost)
The XGBoost algorithm was integrated utilizing the Scikit-learn and XGBoost packages within the Python 3.7 
environment. XGBoost is an extensible end-to-end tree lifting system, which is enhanced in terms of loss function 
and loss optimization process, so that the lifting tree can exceed its own computational limit, so as to achieve fast 
operation and superior model performance, so as to achieve the purpose of engineering application53.XGBoost 
is an additive model composed of K base models, which has the characteristics of high operating efficiency and 
high precision. The basic model is classification and regression tree (CART), and Fig. 5 is the structure diagram 
of XGBoost algorithm.

	
ŷi =

K∑
k=1

fk (xi) , fk ∈ F � (8)

Where xi is the i-th sample, ŷi is the predicted value of the i-th sample, fk (xi) is the calculated score of the 
k-th tree for the i-th sample in the dataset, and F is the set of all trees. Define the XGBoost objective function as

	
o =

N∑
i=1

l (yi, ŷi) +
K∑

k=1

Ω (fk)� (9)

Note  N is the number of samples, l (yi, ŷi) is the loss function and Ω (fk) is the regularization term. The loss 
function quantifies the alignment between the model’s predictions and the actual data, while the regularization 
term assesses the intricacy of the model’s structure. The objective function’s Taylor expansion is manipulated by 
integration and rearrangement, converting it into a polynomial expression that is connected to the prediction 
error. The optimal weight of the leaf node w∗

j  and the optimal solution of the target value are obtained as follows:

	
w∗

j = − Gj

Hj + λ
� (10)

	
o∗ = −1

2

T∑
j=1

G2
j

Hj + λ
+ γT � (11)

Fig. 5.  XGBoost algorithm structure diagram.

 

Fig. 4.  RF algorithm structure diagram.
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Where Gj =
∑

i∈Ij gi and Hj =
∑

i∈Ij hi, gi and hi are the first derivative and the second derivative of the 
loss function, respectively, Ij = {i|q (xi) = j} is the sample group of the leaf j, and q (xi) is the tree structure 
function; o∗is the smaller the structural score of the tree, the smaller the the o∗, the smaller the total loss is; T is 
the number of leaf nodes; γ is the penalty coefficient of the model. In order to solve the target value, the greedy 
algorithm is used to divide the subtree. Greedy algorithm is an algorithm that achieves global optimization by 
controlling local optimum. Each time, it tries to add a partition point to the existing leaf node, enumerates the 
feasible partition points, and selects the partition with the largest gain54. The expression of the gain Equation is

	
G = 1

2

[
G2

L

HL + λ
+ G2

R

HR + λ
− (GL + GR)2

HL + HR + λ

]
− γ� (12)

	
GL =

∑
i∈IL

gi, GR =
∑
i∈IR

gi, HL =
∑
i∈IL

hi� (13)

Note  IL and IR are the sample sets of the left subtree and the right subtree after the tree classification, which 
G2

L/ (HL + λ) is the information scores of the left subtree, G2
R/ (HR + λ) is the information scores of the right 

subtree, and (GL + GR)2/ (HL + HR + λ) is the current undivided information scores.

Hyperparameter optimization and result display
Hyperparameters refer to the parameters that control the training and learning process of the model. By 
optimizing the hyperparameters of the model, the model can obtain the best prediction effect. Hyperparameter 
optimization aims to identify the best combination of hyperparameters, allowing the model to achieve the lowest 
possible value of the specified loss function for the provided dataset55. In order to improve the generalization 
performance of the model, this paper uses ten-fold cross-validation, and Fig. 6 is a cross-validation diagram. 
80% of the data (training set) in the database is further divided into ten parts, of which nine parts are used as 
training sets for model training, and the remaining part is used as verification sets. The procedure is carried out 
a total of ten times, with a unique fold serving as the validation set in each iteration.

A two-step strategy is used to optimize the hyperparameters. The first step is to select a wide range of 
values for each hyperparameter, create a larger space for the combination of hyperparameters, and select the 
hyperparameter combination in the space to perform ten-fold cross-validation on each model. The second step 
is to select a smaller range of values near the optimization value of the initial hyperparameters obtained in 
the first step to combine and cross-validate the model again. Finally, the hyperparameters with the strongest 
generalization ability of the model are determined as the optimal hyperparameters. Table 2 displays the optimal 
hyperparameters for the three respective models.

Performance comparison of models
Evaluating the performance of machine learning models is a crucial step in assessing their accuracy and 
dependability. The evaluation index system is used to assess the accuracy and reliability of the ML prediction 
model, which is based on the three aforementioned algorithms. Through comparison and analysis of the 

Model Hyperparameters

ANN Number of hidden layers = 2; nodes of hidden layers=(6,6); learning rate = 0.001;

RF n-estimators = 100; max-features = auto; max-depth = none; min-sample-split = 2; min-sample-leaf = 1;

XGBoost n-estimators = 63;max-depth = 3; learning rate = 0.361;

Table 2.  Optimal hyperparameters adopted for the ANN, RF, XGBoost models.

 

Fig. 6.  Ten-fold cross validation diagram.
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evaluation metrics for the three algorithms, the most suitable algorithm for predicting the axial compression 
bearing capacity of concrete-encased steel composite columns is identified.

Evaluation index system
In the performance evaluation of machine learning models, there are various performance indicators that can be 
used to evaluate the advantages and disadvantages of the model. The mean absolute error (MAE), mean absolute 
percentage error (MAPE), root mean square error (RMSE) and determination coefficient (R2) were selected to 
form the evaluation index system, and then the prediction performance of the model was evaluated. Among 
them, R2 is a statistical measure that assesses the model’s fit, with values ranging from 0 to 1. The closer the R2 
is to 1, the better the fitting degree between the predicted results of the model and the experimental results, that 
is, the higher the accuracy of the predicted results of the model; MAE is an index to measure the accuracy of 
the prediction model. It is computed by taking the absolute differences between the model’s predicted values 
and the corresponding experimental values, and then averaging these differences. MAPE is an index to measure 
the relative size of the deviation between the predicted value and the actual value of the model. It provides 
a standardized error measure by calculating the percentage of prediction error; RMSE is a commonly used 
indicator to measure the accuracy of prediction models, especially in regression analysis. The calculation method 
involves first determining the sum of the squares of the differences between the model’s predicted values and the 
experimental values. Subsequently, the square root of the average of this sum of squares is computed to yield the 
final result. The smaller the MAE, MAPE and RMSE, the smaller the error of the model prediction results. The 
calculation expressions of the four performance evaluation indexes are summarized in Table 3.

Analysis of evaluation results
The performance of the ML model is assessed using the established evaluation index system. Table 4 summarizes 
the performance evaluation metrics of the models under the three algorithms in the training and test sets56. Figure 
7 illustrates the prediction performance of the ML model across the three algorithms, distinctly showcasing the 
model’s predictive capabilities within both the training and test datasets.

As shown in Fig. 7, for the training set, the R2 of the RF-based prediction model is the highest, which can 
reach 0.987, and the three errors of RMSE, MAPE and MAE are the smallest, indicating that the RF-based 
model has the best fitting effect on the training data. The second is the model based on XGBoost, and the worst 
fitting effect is the model based on ANN, indicating that RF shows the strongest learning ability. For the test 
set, the model based on XGBoost achieves the highest R2 value, which is 0.98, and it also exhibits the smallest 
values for the three errors metrics. In addition, the R2 of the XGBoost-based prediction model on the training 
set and the test set is very close, indicating that the XGBoost model exhibits the best generalization ability and 
can accurately predict unknown data. However, the R2 of the RF model on the test set is only 0.922, and the 
prediction performance is not ideal, which is quite different from the good fitting effect shown in the training set. 
It shows that the generalization ability of the RF model is weak, and there is an over-fitting phenomenon, which 
can not accurately predict the unknown data. In conclusion, the XGBoost model exhibits the highest prediction 

Algorithms

R2 MAE MAPE RMSE

R2
train R2

test MAEtrain MAEtest MAP Etrain MAP Etest RMSEtrain RMSEtest

ANN 0.963 0.958 374.391 550.703 0.139 0.146 609.419 810.213

RF 0.987 0.922 153.006 627.981 0.042 0.112 357.4 1105.456

XGBoost 0.984 0.98 267.215 343.303 0.087 0.073 399.088 558.499

Table 4.  Performance metrics for the training and testing sets of ML model.

 

Evaluating indicator Calculating expressions

R2 1 −

n∑
i=1

(
Ni, mod el−Ni,test

)2

n∑
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(
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)2

MAE 1
n

n∑
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MAPE 1
n

n∑
i=1

∣∣∣ Ni, mod el−Ni,test
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∣∣∣
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√
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)2
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Table 3.  Calculating expression of evaluating indicators.
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accuracy for the axial compression bearing capacity of concrete-encased steel composite columns, with the ANN 
model ranking second in terms of accuracy. The RF model, on the other hand, demonstrates the least effective 
prediction, indicating that the XGBoost model is the optimal choice for this prediction task.

To bolster the reliability of the prediction model and to further validate its accuracy, three different 
specifications are employed to compute and compare the bearing capacities of the specimens within the database. 
Table 5 collates the predicted values by the model alongside the calculated values.

The data is visually expressed to visually display the comparison between the specification and the prediction 
model. Figure 8 depicts the comparison between the actual values and the predicted values of the ML model.

Figure 8 (a), (b) and (c) show the comparison between the predicted value and the true value of the model 
based on the three algorithms. It can be clearly seen from the figure that the overall determination coefficient of 
the three models is 0.972, indicating that the three models can accurately predict the bearing capacity of concrete-
encased steel composite columns. The reason is that the calculation Equation does not consider the specific 
parameters to express the interaction between the influencing factors, but only by considering the influence 
of less specific parameters to get the final calculation results. In fact, not only there are complex nonlinearities 
between materials, but also there are interactions between various materials that cannot be ignored. Compared 
with the standard calculation Equation, the ML model learns from a large amount of data, which can capture the 
complex interaction between parameters and predict the bearing capacity of components with better accuracy 
to a certain extent.

Analysis of interpretability based on SHAP
Poor interpretability is an important factor hindering the application of machine learning algorithms in practical 
engineering57. Understand why the model predicts the axial bearing capacity of concrete-encased steel composite 
columns according to the eigenvalue, and the credibility of the model prediction results. Compared with the 
simple single decision tree, the prediction process of the complex integrated decision tree model (represented 
by XGBoost) is more difficult to be understood intuitively, so it is necessary to analyze the interpretability of the 
prediction results. Lundberg et al.58 proposed a unified interpretable machine learning method, Shapley additive 

Fig. 7.  ML model prediction performance. (a) ANN, (b) RF, (c) XGBoost.
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Number
Test value
(kN)

ML-based prediction (kN)

XGBoost ANN RF

1 2783.00 2695.18 2732.90 2455.09

2 3000.40 2857.22 3021.17 3053.27

3 3173.60 3078.03 3248.53 3153.08

4 3161.30 3013.24 3197.56 3154.70

5 3057.40 2948.46 3146.58 3100.55

6 3086.00 3077.51 3248.39 3148.86

7 3293.40 3078.56 3248.69 3247.27

8 2971.20 2832.16 3236.72 2495.89

9 3329.80 3235.22 3433.93 3363.98

10 3603.60 3413.69 3635.54 3547.07

11 3257.40 3413.17 3635.39 3547.17

12 3671.40 3414.22 3635.70 3578.32

13 1255.10 1327.20 1502.83 1722.62

14 2560.40 2454.01 2419.15 2803.92

15 2653.20 2562.67 2654.34 2807.35

16 2514.00 2482.64 2513.78 2461.02

17 2845.60 2581.98 2849.65 2942.11

18 2987.50 3014.36 3090.35 2999.89

19 2961.20 3010.44 3087.39 2957.71

20 2585.60 2509.17 2825.45 2523.53

21 2938.50 3112.49 3161.32 2996.90

22 3067.70 3344.87 3402.03 3117.87

23 3060.60 3440.96 3599.06 3078.49

24 2332.90 2085.30 2104.24 2222.74

25 2468.90 2234.17 2440.10 2747.21

26 2601.00 2387.66 2529.67 2725.35

27 2623.30 2655.24 2677.85 2764.76

28 4200.00 3921.89 3782.55 4152.59

29 4340.00 4700.81 4347.02 4377.57

30 4596.00 4649.21 4913.32 4503.56

31 4462.00 4039.22 4235.55 5012.83

32 4878.00 4881.78 4806.46 5032.66

33 5383.00 5642.23 5377.82 5317.67

34 5120.00 5339.25 5309.85 5234.59

35 4848.00 5136.28 5241.88 5024.29

36 4847.00 4561.72 4847.23 5096.22

37 5487.00 4994.88 5371.22 5396.27

38 6220.00 5848.61 5909.01 5833.94

39 4220.00 3858.06 4683.81 4233.17

40 4228.00 3832.02 4741.49 4199.27

41 4399.00 4064.39 4893.69 4346.90

42 4441.00 4362.00 5004.94 4565.99

43 4519.00 4362.20 5205.15 4589.10

44 4527.00 4357.05 5196.54 4545.58

45 3788.00 3571.40 3637.06 3729.56

46 3683.00 3543.29 3585.91 3746.38

47 3630.00 3571.40 3637.06 3729.56

48 3893.00 3599.07 3688.94 3838.58

49 3602.00 3881.52 4071.22 3474.56

50 3502.00 3773.61 4059.40 3435.72

51 3836.00 4039.39 4556.77 3988.04

52 3854.00 4103.68 4260.97 4017.62

53 3063.00 2715.66 2877.96 3061.81

54 3009.00 2822.13 2887.05 3044.10

55 3696.00 3580.66 3695.80 3724.98

Continued
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Number
Test value
(kN)

ML-based prediction (kN)

XGBoost ANN RF

56 3088.00 2828.73 2896.19 3079.84

57 3748.00 3574.04 3683.93 3749.22

58 3744.00 3569.18 3674.96 3748.28

59 9611.00 10108.56 9739.51 9674.34

60 9926.00 9945.63 9503.05 9798.05

61 10156.00 10656.34 9988.04 11812.12

62 12003.00 11749.33 11937.19 11551.53

63 12862.00 11723.18 11894.68 11660.93

64 13569.00 13038.63 12674.38 13575.50

65 9327.00 9463.47 9188.68 9410.44

66 10317.00 10128.81 10267.10 9908.55

67 10796.00 10685.23 10797.95 11700.66

68 3809.00 3994.21 3808.78 3659.70

69 3838.00 3993.99 3908.54 3682.48

70 3855.00 4174.10 4657.93 3890.44

71 4010.00 4373.87 4657.69 3950.09

72 1050.00 1040.36 823.61 1128.96

73 1170.00 1040.43 1023.82 1154.77

74 4475.40 4607.19 4852.20 6051.15

75 5936.20 6075.02 7262.21 6219.38

76 6250.10 6875.56 7262.36 6220.97

77 6888.90 6976.64 7262.67 6498.88

78 18188.00 18624.55 17693.14 14785.53

79 17952.00 18624.68 17693.06 14785.53

80 5180.00 5984.62 5632.72 6639.84

81 6760.00 7272.45 7605.13 7252.49

82 5758.00 5671.59 5756.98 5991.45

83 1900.00 1860.59 1725.58 1730.98

84 1457.00 1629.30 1535.87 1519.77

85 1270.00 1361.61 1343.31 1352.94

86 1183.00 1150.14 1182.23 1312.94

87 1040.00 1154.35 1130.95 1332.05

88 1330.00 1352.07 1561.15 1465.08

89 9611.00 10096.72 9837.91 9427.28

90 2071.00 1906.61 2192.08 2286.80

91 2873.00 2834.36 3629.13 3057.01

92 2744.00 2910.06 3206.43 2941.99

93 2632.00 2767.07 3144.32 3117.96

94 2868.00 2810.30 3206.50 2979.57

95 3469.00 3578.07 4503.39 2990.49

96 3225.77 3442.72 3285.74 3089.12

97 11084.00 10870.21 9376.70 10685.45

98 9674.00 9082.01 9308.53 9629.38

99 9857.00 9382.07 9308.59 9684.28

100 10297.00 9582.20 9308.73 10152.97

101 9241.00 9479.22 9240.76 9288.83

102 887.37 966.70 887.40 933.33

103 1037.28 1109.20 1036.27 1028.74

104 936.70 1069.18 1183.93 1039.15

105 1110.80 1209.55 1036.39 1099.81

106 903.18 1008.99 1036.19 946.16

107 1070.19 969.20 1036.27 1028.74

108 7200.00 6896.10 5801.78 3182.54

109 2810.00 2686.29 2512.18 2334.87

110 2917.00 3126.18 2795.12 2946.54

Continued
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explanations (SHAP). SHAP constructs an additive interpretation model, regards all features as contributors, 
and calculates their contribution values. The sum of the contribution values of all features is the final prediction 
of the model:

	
f (x) = g (z∗) = ϕ0 +

M∑
i=1

ϕiz
∗
i � (14)

Note  f(x) is a machine learning model, and this study is an XGBoost model; z∗= {0, 1}, when the feature i is 
observed, z∗= 1, otherwise 0; if i is involved in the prediction process, M is the number of features; ϕiis the 
contribution of feature i, the expression is

Fig. 8.  Comparison between the true value and the predicted value of ML model. (a) ANN, (b) RF, (c) 
XGBoost.

 

Number
Test value
(kN)

ML-based prediction (kN)

XGBoost ANN RF

111 3016.00 3240.58 2849.29 2982.02

112 3148.00 3418.99 3232.91 3085.44

113 635.00 705.86 624.07 795.69

114 1099.00 1160.67 480.19 1011.64

115 921.70 1069.07 207.50 1121.91

116 1549.90 1676.81 1311.75 1425.16

Table 5.  Comparison of test values with ML model predictions and codes calculations.
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ϕi =

∑
s⊆N\i

|S |!(M−| S| − 1)!
M ! [f(S ∪ { i}) − f (S) ]� (15)

Note   N is the set of all input features, and S is the set of non-zero indexes59. SHAP has different kernels, such as 
Kernel SHAP, Deep SHAP, Tree SHAP53, where Tree SHAP matches the XGBoost model in this study.

Global explanatory analysis
The same machine learning model can have different feature importance evaluation methods. For most tree-based 
models, different techniques can be used to output feature importance. One of the commonly used techniques 
is based on the statistical information of the number of node splittings in the tree, that is, the frequency of 
feature usage in the tree; another common technique is based on the average reduction of node impureness by 
features, that is, the contribution of features to model prediction. Due to the use of different model structures 
and different feature importance assessment methods, the feature importance ranking may change significantly 
according to these factors. In contrast, the SHAP value can more accurately evaluate causal inference, and can 
better identify important features and identify influencing factors. Therefore, the SHAP value can reflect the 
influence of features on the model output, and the average absolute SHAP value can be used as the basis for 
analyzing the importance ranking of features23.

Figure  9 is the SHAP summary diagram, where the abscissa represents the SHAP value of each feature, 
the right ordinate is the eigenvalue size of each feature, the red represents the value of the feature is relatively 
large, and the blue represents the value of the feature is relatively small. From the diagram, it can be seen that 
Aa has a positive effect on the axial bearing capacity. With the increase of Aa, the SHAP value increases, and the 
corresponding axial bearing capacity also increases accordingly. Similar fa and fc have a positive effect on the 
axial bearing capacity; h has a negative effect on the bearing capacity of axial compression. With the increase of 
H, the SHAP value decreases gradually, which has a negative effect on the bearing capacity of axial compression. 
The other input parameters have little effect on the SHAP value.This finding can provide data to support future 
revisions to the code, adapting it to the actual force mechanism of concrete-encased steel composite columns.

The importance ranking of axial compression bearing capacity characteristics based on SHAP values is 
shown in Fig. 10. SHAP not only explains the influence of input characteristics on the output results, but also 
calculates its contribution value. Therefore, SHAP can be used to rank the important characteristics of the black 
box model with high reliability. Figure 10 shows the important characteristics of the input parameters calculated 
by the XGBoost model on the axial compression bearing capacity. The results show that Aa, As, fa, B and fc are 
important characteristic parameters affecting the CES axial compression column. In engineering practice, the 
axial compressive load capacity of concrete-encased steel composite columns can be prioritized to increase Aa, 
As, fa, B and fc.

Explanatory analysis of single sample
In order to understand the influence of the specific characteristics of a single sample on the prediction, Fig. 11 
shows the interpretation analysis of the compressive strength prediction of the sample instance. The E[f(X)] in the 
diagram is the reference value of the model, that is, the average value of all the predicted values of axial bearing 
capacity, and f(X) is the actual predicted value for a specific sample. Both of them are converted from the actual 
output of the model. The influencing factors of axial bearing capacity are sorted from large to small according to 
the absolute value of SHAP value. The predicted value is based on the benchmark value and is obtained under the 
influence of the SHAP value of each influencing factor. The SHAP value reflects the contribution of each feature 
to the prediction of the axial compression bearing capacity of the model, and its absolute value is expressed by 
the length of the arrow. Red and blue represent the positive and negative effects of the characteristic value on the 
axial bearing capacity predicted by the model, respectively. If the Aa of the sample is smaller than the average Aa 
of the database sample as a whole, and Aa is positively correlated with the prediction of axial bearing capacity, 

Fig. 9.  SHAP summary of input parameters.
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the smaller Aa has a negative effect on the prediction of axial bearing capacity, and the analysis of other variables 
is the same. It should be noted that since the graph shows the prediction results of a single sample, the feature 
importance ranking of each sample is not necessarily the same, and may be different from the feature ranking 
of the overall sample.

Characteristic dependence analysis
The SHAP method can quantify the dependence between different characteristic factors, and further explore the 
influence mechanism of each characteristic factor on the axial compression bearing capacity60. Figure 12 is the 
characteristic dependence diagram between the steel area and the yield strength of the steel and the width of the 
specimen section. The feature dependence graph shows the relationship between the predicted output and each 
feature, while taking into account the influence of other features. As shown in Fig. 12 (a), when Aa≤0, fs has no 
significant effect on Aa; when 0 ≤ Aa≤0.3, fs has a positive effect on Aa; when 0.3 ≤ Aa≤1, fs has a negative effect 
on Aa. As shown in Fig. 12 (b), when Aa≤0, B has no significant effect on Aa; when Aa≥0, B has a positive effect 
on Aa. The design of the concrete-encased steel composite columns should optimize the relationship between 
the steel section and cross-section size to avoid unnecessarily increasing the cross-section and wasting materials.

Conclusion
In this paper, 116 sets of test data were collected through the established database standard, of which 80% data 
was used for model training and 20% data were used for model verification. ANN, RF and XGBoost were used to 
establish prediction models to predict the axial compression bearing capacity of concrete-encased steel composite 
columns. The SHAP method is used to effectively reveal the coupling relationship between the relevant variables, 
which can be explained by a single sample, and provides a good basis for the rapid prediction of the axial bearing 
capacity of concrete-encased steel composite columns.

(1) In the established black box model of CES composite columns, the comprehensive performance of 
XGBoost model is the best, followed by ANN model, and RF is the worst.

Fig. 11.  SHAP’s predictive interpretation of a single sample.

 

Fig. 10.  Importance ranking of input parameters.
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(2) Based on the global interpretation analysis of SHAP, it can be found that Aa, fs, B, fa and fc are the most 
important factors affecting the axial compression bearing capacity of the CES column. In addition, through the 
global interpretation analysis, it can be seen that the characteristic variables fa has a positive synergistic effect on 
the axial compression bearing capacity, while H has a negative effect on the axial compression bearing capacity.

(3) The feature-dependent interpretation of SHAP explores the tendency of the cross-sectional area of the 
built-in steel, the cross-sectional width and the yield strength of the steel bar to the axial compression bearing 
capacity of the CES column. Therefore, the interpretability mechanism of SHAP can provide a reference for the 
design and application of CES columns.

Data availability
Raw data can be obtained from the corresponding author (mailbox) upon reasonable request.
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