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Abstract

This study investigates the ultimate bearing capacity of engineered bamboo columns
of varying lengths under eccentric loading using a data-driven machine learning (ML)
approach. Although previous studies have investigated engineered bamboo columns
under axial or eccentric compression, few have systematically examined the combined
effects of load eccentricity and column length. A database containing 432 records was
established, with eccentricity, column length, cross-sectional area, compressive strength,
and elastic modulus used as input features. Six tree-based ML algorithms were used to
develop predictive models, all of which achieved satisfactory predictive accuracy. Shapley
additive explanations analysis indicated that the trained random forest (RF) and extreme
gradient boosting (XGBoost) models relied most strongly on eccentricity, followed by
compressive strength, cross-sectional area, and column length, whereas elastic modulus
made the smallest contribution within the range covered by the database. A new functional
form was proposed for predicting the ultimate bearing capacity based on the eccentricity
ratio, slenderness ratio, stability factor, compressive strength, and cross-sectional area. Two
ML-assisted explicit models were developed using predictions generated by the trained RF
and XGBoost models. Validation against both the developed database and an independent
dataset showed that the explicit model derived from the XGBoost predictions achieved
higher predictive accuracy than the RF-based model.

Keywords: data-driven; engineered bamboo column; eccentric compression; slenderness ratio

1. Introduction

In the context of global sustainable development, renewable materials with low en-
vironmental impact have attracted increasing attention in the construction industry [1-3].
Engineered bamboo has emerged as a promising construction material because of its
excellent mechanical properties, environmental benefits, and the short growth cycle of
bamboo [4-7]. Common types of engineered bamboo include laminated bamboo and
bamboo scrimber [8-10], which are generally manufactured by laminating bamboo strips
and densifying resin-impregnated bamboo fiber bundles, respectively [10,11]. Engineered
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bamboo combines high strength with a lower density than conventional construction mate-
rials such as concrete and steel and has therefore been increasingly used to manufacture
structural members such as beams and columns [12,13].

In engineering applications, engineered bamboo columns are often subjected to ec-
centric compression [14,15]. Eccentric compression occurs when the line of action of the
applied load does not coincide with the centroidal axis of the structural member, resulting
in combined axial compression and bending. Under this loading condition, the stress state
of the column depends not only on the applied load but also on its geometric character-
istics and material properties. Compared with axial compression, eccentric compression
produces a non-uniform stress distribution and an additional bending moment, which
may increase lateral deformation and lead to material failure or structural instability [16].
Specifically, the side of an engineered bamboo column closer to the line of action of the
eccentric load generally experiences higher compressive stress, whereas the opposite side
experiences reduced compressive stress and may be subjected to tension when the eccen-
tricity is sufficiently large. This non-uniform stress distribution influences the deformation
response and may reduce the overall stability of the column.

When investigating the eccentric compression behavior of engineered bamboo
columns, column length is also a crucial parameter. Variations in column length can
significantly affect the ultimate bearing capacity and deformation characteristics [17]. For
a given cross-sectional geometry, material properties, and load eccentricity, increasing
the column length generally increases the slenderness ratio and susceptibility to lateral
deformation [18,19]. The increased slenderness makes the column more susceptible to flex-
ural instability, ultimately reducing its bearing capacity. However, many existing studies
on eccentrically compressed engineered bamboo columns have not adequately considered
the effect of column length, thereby limiting the generalizability of prediction models
developed from the available experimental results. In particular, the combined effects of
load eccentricity and slenderness ratio have not been systematically addressed.

Accurately predicting the eccentric compression behavior of engineered bamboo
columns of different lengths is important for their structural design. Data-driven machine
learning (ML) methods provide a useful approach for addressing this problem [20-23].
By learning from existing experimental data, ML models can capture complex nonlinear
relationships among the input variables and support accurate prediction of the bearing
capacity [24,25].

To address these research gaps, this study developed a data-driven framework for
predicting the ultimate bearing capacity of engineered bamboo columns under eccentric
loading, as illustrated in Figure 1. Unlike previous ML studies that focused primarily on
predicting individual material or structural properties of engineered bamboo, the present
study investigates the combined effects of load eccentricity and column length and fur-
ther converts the ML-derived response trends into interpretable explicit formulations. A
database comprising 432 reported and reconstructed records covering different eccen-
tricities and column lengths was developed. Six tree-based algorithms, namely decision
tree (DT), random forest (RF), gradient boosting decision tree (GBDT), extreme gradient
boosting (XGBoost), light gradient boosting machine (LightGBM), and categorical boosting
(CatBoost), were used to develop predictive models. Shapley additive explanations (SHAP)
were employed to quantify the contribution of each input feature. Furthermore, a new
functional form was developed based on the eccentricity ratio, slenderness ratio, stability
factor, compressive strength, and cross-sectional area, while the effects of other material
properties were represented by the fitted regression coefficients within the calibration
range. Predictions from the trained RF and XGBoost models were used to develop two
corresponding ML-assisted explicit models. Validation against the developed database
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Figure 1. Overall workflow of developing ML models and ML-assisted explicit models.

2. Analysis of Input-Feature Relationships

2.1. Eccentric Compression Testing

Figure 2a presents a typical test setup for eccentric compression [26,27]. The loading

fixtures at both ends of the specimen incorporate hinged supports to transfer the eccentric

compressive load (N) while allowing end rotation and lateral deflection in the plane of
eccentricity. This setup approximates the mechanical behavior of pin-ended structural
members under eccentric compression. Eccentric loading is achieved by adjusting the

eccentricity (e), defined as the perpendicular distance between the load line of action, which

passes through the center of the ball hinge, and the centroidal axis of the column specimen.

For tests without an additional adjustment fixture for fine-tuning the eccentricity, Wei

et al. [26] suggested that reliable eccentric loading could be achieved by aligning the center

of the ball hinge with the centroid of the combined cross-section formed by the specimen

and the bearing block (i.e., corbel). Moreover, specimens subjected to axial or eccentric com-
pression are characterized by their length (/) and typically have square cross-sections, with
the cross-sectional height (1) equal to the width (b). Figure 2b presents engineered bamboo
column specimens of different lengths subjected to eccentric compression. Conducting a
comprehensive experimental program covering different combinations of eccentricity and

column length is costly and time-consuming. Consequently, existing experimental studies
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often focus on either eccentricity or column length. As a result, the combined effects of
eccentricity and column length on the ultimate bearing capacity of engineered bamboo
columns remain insufficiently understood.

1
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Block l
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—

(@) (b)

Figure 2. Compression test configurations for engineered bamboo columns: (a) typical test setup and
(b) specimens of varying lengths subjected to eccentric compression.

2.2. Analysis of Parameter Relationships

Although bamboo scrimber and laminated bamboo differ in their manufacturing
processes and material structures, their differences are represented in the present analysis
primarily through mechanical properties such as strength and modulus of elasticity. The
effects of e and [ on the compressive response were found to follow similar trends for both
types of engineered bamboo. Taking bamboo scrimber as an example, the relationships
among the key parameters were analyzed. Figure 3a presents the relationship between the
maximum bending moment (Mmax) and ultimate bearing capacity (Ncy) of eccentrically
loaded bamboo scrimber columns. As e increases, N, decreases continuously, whereas
Mmax initially increases and then decreases. Specifically, Mmax increases as e increases from
0 mm to 50 mm but decreases as e increases from 50 mm to 100 mm, indicating different
response characteristics in the lower and higher eccentricity ranges. Figure 3b,c show the
influence of the eccentricity ratio (e/h) on N, and the stability factor (¢), respectively. ¢
is defined as the ratio of the ultimate bearing capacity to the nominal axial compressive
capacity. Both N, and ¢ decrease gradually as e/h increases. However, N, decreases
more rapidly at low e/h values. In addition, under axial compression, the N, of bamboo
scrimber columns decreases gradually as the slenderness ratio (A) increases. In summary,
geometric parameters such as e, /i, and [, together with the mechanical properties of the
material, are key factors influencing the ultimate bearing capacity of engineered bamboo
columns. These observed relationships provided a basis for selecting the input variables of
the ML models and formulating the explicit models.
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Figure 3. Bearing capacity analysis of bamboo scrimber columns: (a) relationship between Mmax
and N, under eccentric compression [26], (b) relationship between e¢/h and N, under eccen-
tric compression [28], (c) relationship between e/h and ¢ under eccentric compression [26], and
(d) relationship between A and N, under axial compression [29].

3. ML Modeling for Ultimate Bearing Capacity
3.1. Data Overview

A database containing 432 records was compiled from Refs. [26-36]. The database
was randomly divided at the sample level into a training set containing 80% of the records
and a test set containing the remaining 20%, using a random seed of 42. The compressive
strength (f.) and modulus of elasticity (E.) were selected as input features because of their
physical relevance to N, of engineered bamboo columns, consistent with the governing
parameters used in the Ylinen model [37], the Rankine-Gordon model [38], and the Euler
critical load model [39]. To maintain consistency in specimen geometry, reinforcement
conditions, and end restraints, specimens with chamfers, bonded fiber-reinforced polymer
reinforcement, or end conditions other than hinged supports at both ends were excluded
from the database.

The distributions of the preliminarily selected variables in the developed database,
including e, I, Ac, fc, Ec, and N, are presented in Figure 4. Other potential input features,
such as density, moisture content, and additional mechanical properties, were excluded
to limit model complexity and potential redundancy among the input variables. The final
feature set was also selected to facilitate the development of explicit models based on the
ML predictions.

Figure 5 presents a heatmap of the correlations among the input and output variables,
in which the Pearson correlation coefficients between some input features exceed 0.5. To
examine multicollinearity among the input features, the variance inflation factor (VIF)
method was employed. The VIF values for the input features ¢, I, A, fc, and E. were 1.04,
1.11,2.17, 3.04, and 1.72, respectively, all of which were below 5. Therefore, no substantial
multicollinearity was detected among the selected input features.
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Figure 4. Distributions of the input features and output variable in the developed database:
(a) eccentricity, (b) column length, (c) cross-sectional area, (d) compressive strength, (e) modulus of
elasticity, and (f) ultimate bearing capacity.
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3.2. ML Algorithms Used

Decision tree (DT), random forest (RF), gradient boosting decision tree (GBDT), ex-
treme gradient boosting (XGBoost), light gradient boosting machine (LightGBM), and
categorical boosting (CatBoost) algorithms were employed to develop ML models for
Neu prediction. The DT model splits the data based on feature thresholds, forming a
tree-like structure in which each terminal leaf provides a predicted value. It is simple,
easy to interpret, and suitable for both classification and regression tasks [40]. The RF
model builds an ensemble of decision trees using random subsets of data and features
to improve predictive performance [41]. By averaging the predictions of multiple trees,
RF can improve generalization and reduce overfitting compared with a single decision
tree. GBDT is an ensemble method that builds decision trees sequentially, with each new
tree fitted to the residual errors of the preceding ensemble. It is effective for capturing
complex patterns but can be computationally intensive [42]. XGBoost enhances GBDT by
introducing regularization, parallel processing, and system optimization techniques to
improve both speed and accuracy [43]. LightGBM uses histogram-based algorithms and a
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leaf-wise growth strategy to accelerate training and reduce memory usage [44]. It is highly
efficient for large-scale datasets and supports the native handling of categorical features.
CatBoost employs ordered boosting to reduce prediction bias and the risk of overfitting [45].
Although CatBoost supports categorical features, this capability was not used because
all input features in the present study were numerical. Because all six algorithms were
tree-based, feature scaling was not required. The parameter settings of the six ML models
are summarized in Table 1.

Table 1. Parameter settings of ML models.

ML Model Specific Parameters
DT Maximum tree depth = 5, Minimum samples per leaf = 3, Minimum samples required for
splitting = 3
Number of trees = 300, Maximum tree depth = 5, Maximum features = square root,
Minimum samples per leaf = 1, Minimum samples required for splitting = 2
Number of trees = 300, Maximum tree depth = 4, Minimum samples per leaf = 2, Minimum
GBDT : .
samples required for splitting = 2
Number of trees = 300, Maximum tree depth = 4, Sample subsampling ratio = 0.7, Feature
XGBoost : - S L
subsampling ratio = 0.7, L2 regularization coefficient = 3
LightGBM Number of trees = 300, Maximum tree depjth =4, Number of leaves = 5, L2 regularization
coefficient = 3
CatBoost Number of trees = 300, Maximum tree depth = 4, L2 leaf regularization coefficient = 3

3.3. Evaluation Metrics

The coefficient of determination (R?), root mean square error (RMSE), and mean absolute
error (MAE) were used to quantitatively assess the performance of the prediction models:

3 (%’ - yAi)Z

Il
—_

R2=1-= - (1)
Y (vi—v)
i=1
1 2
RMSE = [~ (vi— i) @
i=1
1& A
MAE = EZ Yi—Yi 3)

i=1
where y; is the actual value; 7; is the predicted value; ¥ is the average of all actual observed
values; and 7 is the number of observations. RMSE and MAE are reported in kN throughout
the following sections.

4. Evaluation of ML Predictions
4.1. ML Models

Figure 6 presents the prediction results of the DT, RF, GBDT, XGBoost, LightGBM,
and CatBoost models on both the training and testing sets. In terms of the evaluation
metrics, all six models demonstrated satisfactory predictive performance. Moreover, the
comparable performance on the training and testing sets indicates that the models gen-
eralized consistently under the adopted random sample-level split within the developed
database. However, this result does not demonstrate study-wise generalization to unseen
experimental sources.
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Figure 6. Evaluation of ML model prediction performance: (a) DT model, (b) RF model, (c¢) GBDT
model, (d) XGBoost model, (e) LightGBM model, and (f) CatBoost model.

4.2. Model Interpretations

This section interprets the ultimate bearing capacity predictions of the RF and XGBoost
models using TreeSHAP [46]. TreeSHAP leverages the structure of tree-based models to
efficiently calculate the contribution of each input feature to individual predictions.

Figure 7a presents the mean absolute SHAP values and individual SHAP values for
each input feature based on the RF and XGBoost models. In both models, the mean absolute
SHAP value for e was the highest. The values for f. and A. were lower than that for e but
relatively close to each other. [ ranked next, while E. had the lowest mean absolute SHAP
value. The individual SHAP value plots further illustrate the direction and distribution of
the effects of the input features. Each dot represents one sample and is colored according
to the value of the corresponding input feature, ranging from low (blue) to high (red).
The horizontal position represents the SHAP value, while the vertical stacking reflects the
density of samples with similar SHAP values. For both models, the SHAP values generally
increased as e and I decreased. In contrast, the SHAP values generally increased with
increasing f. and A.. For E, the SHAP values were concentrated within a relatively narrow
range, with no clear color gradient observed in either model. Therefore, the low SHAP
importance of elastic modulus should be interpreted only within the range and distribution
represented in the current database and should not be regarded as evidence of its generally
negligible mechanical effect.
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Figure 7. Interpretability analysis of the RF and XGBoost models using SHAP: (a) mean absolute
SHAP values and SHAP values for each input feature and (b) heatmap of the SHAP values for all

input features.

As shown in Figure 7b, the row corresponding to E. in the heatmap displayed very
light shading (indicated by the green box), further indicating its limited contribution to the
model predictions across the entire dataset. A potential explanation is the relatively narrow
range of E. in the database, which varied from approximately 9500 MPa to 12,000 MPa
for bamboo scrimber and laminated bamboo. Although the modulus of elasticity is theo-
retically important for column stability, its limited variation in the present database may
have restricted the contribution captured by the models, resulting in a lower mean absolute
SHAP value.

Three specimens were randomly selected from the test set to illustrate the prediction
processes of the RF and XGBoost models, as shown in Figure 8. E[f(X)] and f(x) represent
the expected model output over the background data and the prediction for a specific input

x, respectively.
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Figure 8. Individual interpretations of selected specimens based on the RF and XGBoost models
using SHAP: (a) selected specimen-1, (b) selected specimen-2, and (c) selected specimen-3.

In different specimens and ML models, the influence of input features varied, but e
generally made the largest contribution to the predicted N,. Specifically, taking the SHAP
output of the XGBoost model as an example, the e values of specimens 1-3 were 0 mm,
37 mm, and 100 mm, respectively, with corresponding SHAP contributions of +123.95 kN,
—82.79 kN, and —147.46 kN. The contributions of the remaining input features differed
among the specimens. For instance, in the SHAP output of the XGBoost model, the 1
values of selected specimens 1-3 were 1700 mm, 850 mm, and 850 mm, respectively, with
corresponding SHAP contributions of —75.94 kN, +37.29 kN, and —4.81 kN. A negative
SHAP value indicated that the corresponding feature lowered the predicted ultimate
bearing capacity relative to the model baseline for the specific specimen. In mechanical
terms, a larger eccentricity increased the additional bending moment and aggravated
the non-uniform stress distribution in the section, whereas a larger length increased the
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slenderness ratio and the tendency toward instability. Therefore, negative SHAP values
for eccentricity and length were consistent with their adverse effects on the compressive
resistance of engineered bamboo columns under eccentric loading.

Furthermore, even for the same specimen, the SHAP contribution of a given input
feature differed between the two ML models. These differences can be largely attributed
to the different learning mechanisms of the two algorithms. For instance, RF constructs
multiple decision trees using random subsets of features, whereas XGBoost sequentially
builds trees to correct the prediction errors of the preceding ensemble.

5. Analysis and Modeling of Key Combined Features
5.1. Case Study

For engineered bamboo columns with cross-sectional dimensions of 100 mm x 100 mm
(Ac = 10,000 mm?), I varied from 0.6 m to 3.4 m, and e ranged from 0 mm to 100 mm. f.
was 65 MPa, and E; was 9600 MPa. The column lengths in the training database ranged
from 400 to 1900 mm. Therefore, predictions for values greater than 1900 mm were used
only to examine the boundary behavior of the models and were not considered validated
predictions. By inputting these parameters into the trained RF and XGBoost models, the
predicted N, values were obtained.

Figure 9 presents the response of N, to variations in ¢ and . Although there were
some differences in detail between the RF and XGBoost models, the overall trend was
consistent. When / remained constant, N, changed only slightly over the lower range of
e, corresponding to the plateau on the left side of the curve. As e increased further, N¢,
exhibited a decreasing trend.

600 Nes 600 Nes
500 500
400 LTI, 400 400 400
> N2 >
Z LKA ZZR Z
< LN 3
I LA oz 300 ) 300
Z
200 200
200 200
0 600 100 o 600 100
1400 1400
2200 Q 2200 Q
s000 60 a0 &
& (mm) 80 400 & (mm 8 oo

(@ (b)

Figure 9. Response surfaces of N¢y as functions of e and I (a) predictions from the RF model and
(b) predictions from the XGBoost model.

This decline occurred in two stages: after the plateau, a small increase in e led to a
sharp drop in N, a result that was also observed in the experiments by Huang et al. [27]
and Li et al. [32]. Following a sharp decrease, N, entered a second stage of gradual
reduction. When e remained constant, N, generally decreased as | increased within the
range covered by the training database. For [ values greater than 1900 mm, the predictions
represent extrapolation beyond the training domain. Based on the identified effects of e
and / on N, an explicit prediction model was subsequently developed.
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5.2. Modeling Based on Key Combined Features

Existing theoretical models, such as the Ylinen and Perry-Robertson models, provide
useful references for column stability analysis. However, these models were not specifically
developed for engineered bamboo columns, which restricts their applicability in predicting
the bearing performance of such columns. A new functional form is proposed herein to
describe the effects of eccentricity and length on N¢,. By fitting the proposed formulation to
the outputs of the trained ML models, the corresponding explicit empirical models can be
obtained. The advantage of this method lies in its combination of the predictive capability
of ML with the simplicity of an explicit model.

Due to the sharp local variations in N¢, under the combined influence of e and /,
direct multivariable fitting is particularly challenging. Although higher-order functions
can provide good fitting results, their increased complexity reduces practical applicability
and is inconsistent with established mechanics-based formulations. Based on existing
knowledge of bamboo and wood columns under eccentric and axial compression, the
effects of e and [ on N, were represented by e/h and A, respectively. Here, the slenderness
ratio was derived from the column length and cross-sectional area rather than used as an
independent ML input. It was calculated by dividing the effective column length by the
radius of gyration. For the pinned—pinned boundary condition, the effective length was
equal to the actual column length. For the square cross-section, the radius of gyration was
calculated as the side length divided by the square root of 12, and the side length was taken
as the square root of the cross-sectional area.

To isolate the effect of A, each A—¢@ curve at a given e/h was multiplied by the ratio of
the peak ¢ value of the reference curve at the minimum e/# to that of the current curve.
Similarly, to isolate the effect of e/h, each e/h—¢ curve at a given A was multiplied by the
ratio of the peak ¢ value of the reference curve at the minimum A to that of the current
curve. Each scaling factor was applied uniformly to all points on the corresponding curve.
The two rescaling procedures were applied independently to the original ML-generated
response surface rather than sequentially. The resulting datasets were then used to fit ¢(A)
and ¢(e/h), respectively.

The relationship between ¢/h and ¢ can be fitted using the three-parameter decay
function given in Equation (4):

as

p(e/h) :al‘i‘m

(4)
where g; (i = 1, 2, and 3) are the coefficients determined by fitting.

The relationship between A and ¢ can be fitted using Equation (5), which adopts a
form based on the Ylinen and Perry—Robertson models:

bz b5 2 b6
gD(/\):bl-f—ﬁ-Fbg b4+ﬁ +F (5)

where b; (i=1, 2, ..., 6) are the coefficients determined by fitting.
The ¢ response surface can be expressed as

p(e/h,A) = [p(e/h)p(M)]" (6)

where « is a prescribed empirical correction exponent. In the present study, a = 0.9 is
adopted to reduce potential systematic discrepancies between the simplified explicit model
and the ML-based prediction trend.
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The predicted ultimate bearing capacity (Ncup) can be expressed as

p(e/h,A)feAc

1000 @

N, cup —

Figure 10a presents the curve-fitting results based on the trained RF model output
data, with the specific fitting models provided in Equations (8) and (9).

1.177
e/h) = —0297 + ———=— ®)
q)( ) (e/h)o.Sll +1
740.00 8.83\% 5260.41
| ® ML model output — Fitted curve |
1.2 1.2

0.0 - T T T T T T 0.0 T T T T T T T
0.0 0.4 0.8 1.2 20 50 80 110

(a)

® ML model output —— Fitted curve
1.2 1.2

R? = 0.864

0.0 I T T T T T T 0.0 T T T T T T I

(b)

Figure 10. Fitting results for e/h versus ¢ (left) and A versus ¢ (right): (a) based on the RF model and
(b) based on the XGBoost model.

Figure 10b presents the curve-fitting results based on the trained XGBoost model
output data, with the specific fitting models provided in Equations (10) and (11).

1.573
e/h) = —0.605+ ——=— 10
2007.55 356\2  13889.76

Ate/h =0, Equations (8) and (10) give values of 0.880 and 0.968, respectively. These
values should not be interpreted as independent eccentricity reduction factors because the
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eccentricity- and slenderness-dependent functions were jointly used in Equation (6) and
were not separately normalized. Therefore, the predicted axial capacity at e = 0 remains
dependent on the slenderness ratio and may be lower than the nominal compressive capac-
ity because of column instability and unavoidable imperfections. The axial-compression
data in Figure 3d show the same decreasing trend in bearing capacity with increasing
slenderness ratio, providing an internal check of this boundary behavior. These data
were included in the developed database and therefore do not constitute an independent
validation dataset.

5.3. Model Calibration Based on the Developed Database

Figure 11 presents the prediction results of the developed explicit models based on
the trained RF and XGBoost models. When evaluated against the developed database, the
developed model based on XGBoost demonstrated better predictive performance than that
based on RF. The developed explicit models had larger prediction errors than the direct
ML outputs because they were simplified empirical expressions fitted to the ML-predicted
trends. Although these formulations improved transparency and practical applicability,
they could not fully capture the complex nonlinear interactions between eccentricity and
slenderness ratio.

750 % 750 7
z R?=0.825 +25% Zz R? = 0.863 +25%
§ | RVSE=77.74 L § | RMsE=6866 S
%500* MAE = 61.57 ‘/// %500~ MAE = 45.40 P ////
5 L7 5 ) / ,
B a 4 -25% ] 4 ’ S -25%
° s ° s ’ \
<] /o o] s e >
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a o5 a fow - - ¢
9 9
[} - Ve - [} — /.
0 - T T 0 T T T T T
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Actual value (kN) Actual value (kN)
@) (b)
Figure 11. Evaluation of the predictive performance of the developed models using the developed
database: (a) model based on RF and (b) model based on XGBoost.
5.4. Model Validation Based on Additional Data Sources
Eccentric compression test data for engineered bamboo columns of varying lengths
from Refs. [47,48] were reserved for independent validation of the developed models.
Detailed specimen information from these sources is summarized in Table 2. In addition,
an f. value of 49.3 MPa was adopted for Ref. [47] based on the material properties reported
in Ref. [49]. Figure 12 summarizes the predictions obtained using the developed models.
Of the two explicit models, the XGBoost-based model demonstrated higher predictive
accuracy than the RF-based model, with most prediction errors falling within +25%.
Table 2. Ranges of the key parameters in the additional data sources.
Data Source  Group Label Range of e Range of | Cross-Section Size fe Number
(mm) (mm) (mm X mm) (MPa)
Ref. [47] BC-1 0-50 800-2000 80 x 80 49.3 45
Ref. [48] BC-2 0-120 1000-1900 100 x 100 51.4 43
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Figure 12. Evaluation of the predictive performance of the developed models using additional data
sources: (a) model based on RF and (b) model based on XGBoost.

6. Conclusions

This study developed a dataset comprising 432 records based on a review and analysis
of existing research. The ultimate bearing capacity of engineered bamboo columns with
different lengths under eccentric loading was analyzed using data-driven ML methods,
and ML-assisted explicit models were developed for ultimate bearing capacity prediction.

ML models with good predictive performance for the ultimate bearing capacity of
engineered bamboo columns were developed based on DT, RF, GBDT, XGBoost, LightGBM,
and CatBoost algorithms. SHAP analysis of the trained RF and XGBoost models indicated
that eccentricity made the largest contribution to their predictions, while the contributions
of the other input features varied with the selected specimen and ML model. The relatively
low contribution of elastic modulus reflects its narrow range in the database rather than its
mechanical unimportance for column stability.

A functional form was proposed to express the stability factor in terms of the eccen-
tricity ratio and slenderness ratio and thereby predict the ultimate bearing capacity. The
compressive strength and cross-sectional area were explicitly incorporated through f. and
A, respectively, while the effects of other material properties were represented by the
fitted regression parameters within the calibration range. Validation using the developed
database and an independently prepared dataset demonstrated that the explicit model
derived from the XGBoost output achieved higher prediction accuracy than that derived
from the RF output. The proposed framework should be considered an aid for preliminary
estimation rather than a replacement for experimental validation.
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