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Trembling aspen (Populus tremuloides) dimension lumber is a promising product for light wood-frame con-
struction, but its ultimate tensile strength (UTS) remains difficult to predict due to high variability from natural
defects. This study developed four ensemble machine learning models, random forest, extreme gradient boosting,
gradient boosting regression tree (GBRT), and adaptive boosting, to predict UTS of aspen lumber. The dataset
covered 321 specimens with a 38 mm x 89 mm cross section and 12 input features, including grade, geometry,
specific gravity, moisture content, knot characteristics, and modulus of elasticity (MOE) from machine stress

rating (MSR) and longitudinal stress wave tests, all measurable in sawmills. GBRT achieved the best performance
(R2 =0.718), with the minimum MSR-MOE as the most influential predictor. Against empirical models
(R2 =0.239-0.487) and multivariable linear regression (R2 =0.585), GBRT improved R? by 0.133-0.479, sup-
porting industry-oriented Al for individual-specimen UTS prediction and economical material use.

1. Introduction

Wood is a natural and renewable material that has been widely used
in construction. Before steel and concrete became common, it was the
main building material in North America (Brashaw and Bergman, 2021).
Over time, wood has remained an important part of the forest products
industry and continues to hold a strong position in the North American
market. In Canada, the softwood lumber industry is a key part of the
national forest economy, supporting harvesting, processing and forest
management, making Canada the world's second-largest producer and
the main supplier to the U.S., with exports valued at about 8.4 billion
USD in 2020 (Natural Resources Canada, 2025).

Most lumber produced in North America is softwood dimension
lumber, usually between 38 mm and 89 mm in depth, 38 mm and
286 mm in width, and up to around 5m in length (Canadian Wood
Council, 2019; Gong, 2019). Because of its high strength-to-weight
ratio and workability, it remains the primary material for light
wood-frame construction (Panshin and de Zeeuw, 1981). However,
since wood is anisotropic, its mechanical properties vary with direction,
which reveals wide variability in its anatomical and physical charac-
teristics. For this reason, studies on wood performance often require
large specimen sizes to capture this natural variation and to produce
statistically reliable results (Zobel and Van Buijtenen, 2012; Gong,
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2021). The mechanical properties of wood are affected by many fac-
tors, such as growing conditions, soil nutrients, species, specific gravity
(SG), age, visible and hidden defects, harvesting methods and drying
processes (Burdon and Thulin, 1966; Barrett and Lau, 1994; Boyle,
1998; Arnold and Mauseth, 1999; Yamamoto et al., 2013). In some
cases, trees exposed to storms or insect attack develop internal
micro-damage that is not visible but can lower lumber quality through
crack propagation (Smith et al., 2003; Qiu et al., 2014). Such variations
are mostly random and cannot be fully controlled in industrial produc-
tion. Understanding the strength properties of lumber is therefore
essential for ensuring the structural safety of buildings. In addition, if
wood strength can be accurately predicted using practical methods, it
would allow for more precise grading and better economic value in in-
dustrial applications.

Research on predicting the strength of wood and wood-based ma-
terials has developed over the past few decades from empirical obser-
vation, through multi-parameter fitting, to data-driven modelling, with
steady improvements in reliability for grading and structural design.
Early studies focused on understanding how local defects affect strength
properties. Cramer and Goodman (1983, 1986) developed the KMESH1
finite element model, which simulated the effects of knots and slope of
grain on the mechanical behaviour of lumber. By accounting for the
redistribution of stress around knots and the local grain deviation, the
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model captured the bending behaviour of edge-knotted lumber more
closely than the strength reduction approach in ASTM D245 (American
Society for Testing and Materials, 2025), which tended to underestimate
the actual strength. This line of work clarified the mechanisms by which
defects govern lumber strength and motivated later efforts to incorpo-
rate defect information into prediction models.

The development of non-destructive evaluation (NDE) introduced a
new stage in predictive research. Kaiserlik and Pellerin (1977) first
linked stress-wave velocity to wood strength, establishing the basis for
using elastic wave propagation as an indirect indicator of mechanical
performance. Subsequent studies extended this principle to full-size
lumber through longitudinal vibration and ultrasonic methods, where
the dynamic modulus of elasticity (MOE) derived from wave velocity
and SG became a standard predictor in machine stress rating (MSR).
Guntekin et al. (2013) reported that dynamic MOE provided a closer
prediction of bending strength than static MOE for Turkish red pine
(Pinus brutia), confirming the practical value of stress-wave measure-
ments for rapid mechanical assessment of softwood lumber.

Beyond softwood bending applications, research on the ultimate
tensile strength (UTS) of structural-size lumber has progressed along a
similar trajectory, with multivariable statistical models gradually
replacing single-predictor relationships. Building on dynamic testing
principles, several studies have examined how combinations of stiffness,
SG and defect-related parameters explain the variation in UTS of full-
size specimens. Senalik et al. (2020) tested southern yellow pine
dimension lumber and reported a coefficient of determination (R?) of
about 0.70 for UTS when SG and dynamic test results were combined in
a multivariable linear regression (MLR). Briggert et al. (2020) reached a
similar level of accuracy for Norway spruce (Picea abies) by combining
dynamic MOE with scanned fibre direction, a parameter that reflects
local grain deviation around knots. These results indicate that, for
full-size lumber loaded in tension, MLR based on a small number of
physically meaningful predictors can already reach a stable performance
range, against which more flexible models should be compared.

While these predictor-based models describe specimen-to-specimen
variation, other studies have focused on within-member variability
and on more efficient estimation of multiple mechanical properties. Lam
and Varoglu (1991) developed a two-stage stochastic model for
spruce-pine-fir (SPF) lumber to simulate parallel-to-grain UTS variation,
showing that within-member variability plays an important role in
structural performance. Lei et al. (2005) applied the seemingly unre-
lated regression method, a system of regression equations whose error
terms are correlated, to jointly estimate MOE and modulus of rupture
(MOR) of black spruce (Picea mariana), reducing standard errors by up to
15% compared with ordinary least squares and improving prediction
efficiency.

Advances in measurement and computation later led to multi-
parameter and imaging-based NDE approaches. Divos and Tanaka
(1997) integrated parameters such as MOE, shear modulus, SG, ultra-
sonic reading and knot diameter ratio for full-size lumber, achieving a
correlation coefficient (Pearson's r value, hereafter denoted as r) of 0.74
for UTS prediction. Schajer (2001) used multi-channel X-ray scanning
on industrial sawn specimens to measure SG distribution and identify
knots, improving the R? of the strength prediction model to 0.65-0.75.
Steele and Cooper (2003) used radio frequency scanning to estimate
MOR, and after moisture correction the model reached an R? of 0.59. At
the same time, probabilistic and computational approaches gained
traction. Wang et al. (1995) developed an integrated method combining
a gain-factor model, trend removal and multivariate normal simulation
to represent the non-stationary spatial variability of wood properties
such as MOE and compressive strength, with results in good agreement
with experimental data. Fink and Kohler (2014) combined dynamic
MOE with the total knot area ratio for full-size spruce dimension lumber,
achieving high accuracy for clear-wood stiffness (R?>=0.95) and
knot-area stiffness (R2 =0.91). Nazerian et al. (2020) applied an artifi-
cial neural network (ANN) to predict the MOR of laminated veneer
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lumber, capturing the nonlinear effects of resin composition and press-
ing conditions. Their optimal 4-6-1 ANN architecture, determined
through trial and error and trained with the Levenberg-Marquardt
backpropagation algorithm, achieved a testing set R? of 0.83. Taken
together, this body of work has progressed from simple empirical re-
lations to multi-scale frameworks combining experimental data, statis-
tical modelling and computational analysis, deepening the
understanding of variability in wood properties and improving the
reliability of strength prediction in both research and industrial settings.

In recent years, machine learning (ML) has been applied to a growing
range of problems in timber engineering, offering a way to represent
nonlinear interactions among multiple predictors that are difficult to
specify in advance through fixed functional forms. Its use has expanded
across material characterization, property prediction and structural
performance assessment, particularly for anisotropic materials where
the relationships between inputs and outputs are not easily captured by
closed-form expressions (Feng et al., 2024). Common ML algorithms
include regression, classification, clustering and association analysis
(Wang et al., 2023), with model performance typically assessed through
accuracy, precision, recall or mean squared error (MSE) and verified by
experimental or simulation results. At the same time, the performance of
ML relative to classical multivariable regression depends strongly on
specimen size, on the physical relevance of input variables and on the
degree to which the training data span the variable space, so a mean-
ingful evaluation requires direct comparison with conventional statis-
tical models on the same dataset rather than reliance on results reported
under different experimental conditions.

Within this broader trend, ML has been applied to a variety of wood
materials and property combinations. Xin et al. (2022) combined
resistance drilling, ultrasonic velocity and colour parameters in a rele-
vance vector machine to predict the MOR and parallel-to-grain
compressive strength of clear-wood specimens from ancient timber,
achieving R? values of 0.79 and 0.77, respectively. Haftkhani et al.
(2021) predicted the MOR and MOE of heat-treated fir (Abies spp.)
specimens using ANN and regression models based on total colour dif-
ference, lightness difference, contact angle and mass loss, finding that
ANN outperformed regression models, with lightness difference being
the best single predictor for MOR (mean absolute percentage error,
MAPE = 2.21%, R%=0.986) and contact angle the best for MOE
(MAPE = 0.61%, R?=0.974). Nasir et al. (2021) used a decision tree
model with CIELAB colour parameters to predict the MOE and MOR of
artificially weathered poplar (Populus euroamericana), alder (Alnus glu-
tinosa), oak (Quercus spp.) and fir (Abies alba), reaching R? values up to
0.87 for MOE and 0.88 for MOR. Fathi et al. (2020) applied the group
method of data handling (GMDH) neural network to predict the MOE
and MOR of green poplar (Populus euroamericana) using Lamb wave
velocity, SG and moisture content (MC) as inputs, achieving r values of
0.95 for MOE and 0.89 for MOR. Rahimi and Avramidis (2022) used
multilayer perceptron, radial basis function and GMDH models to pre-
dict the final MC of kiln-dried hem-fir specimens from 2,304 specimens,
with the GMDH model giving the best performance (MSE = 5.2%) and
identifying initial MC as the most influential factor. More recently,
Esteghamati et al. (2023) used explainable ML to predict the fire resis-
tance of timber columns from geometric and material properties. Among
nine ML algorithms, the random forest (RF) model performed best
(R% = 0.84, root mean square error, RMSE = 5.55 minutes), identifying
column capacity and cross-section size as key predictors, while SG, MOE
and strength had minor effects. Their model performed better than
prescriptive methods such as Lie's equation and the National Design
Specifications equations (R% < 0.64) and provided interpretable results
through Shapley additive explanations (SHAP) and partial-dependence
analysis.

The literature reviewed above shows that ML has been applied with
reasonable success to predicting the mechanical properties of various
wood and wood-based products. Many previous studies aimed to
examine predictive relationships under research or laboratory
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conditions and therefore used a broad range of input variables to study
bending properties, clear-wood or composite specimens. In contrast, the
present study focuses on the industrial benefit of predicting the UTS of
full-size dimension lumber using measurements that can be obtained
easily with existing or readily available production-line equipment.
Research on this application remains limited, particularly for hardwood
species. This is important because UTS can only be measured directly by
testing a specimen to failure, which makes specimen-by-specimen
strength assessment impractical in production. Therefore, this study
examines whether ML can capture the complex relationships between
practical, non-destructive input measurements and UTS and provide
rapid predictions for individual specimens with acceptable accuracy.
Once trained, the models can estimate strength without complex testing
systems or destructive testing of every specimen. These estimates may
support more efficient evaluation and quality control of trembling aspen
dimension lumber and may also inform the future development of
machine-grading approaches. In addition, the proposed approach may
provide a basis for applying similar measurements and modelling
methods to other hardwood species. In this study, four ensemble models,
including RF, extreme gradient boosting (XGBoost), gradient boosting
regression tree (GBRT), and adaptive boosting (AdaBoost), are trained
and compared using a dataset of 321 specimens. The contribution of
each input variable is then examined using the SHAP approach to
identify the factors most strongly associated with UTS. The best-
performing ensemble model is also compared with MOE-based empir-
ical relations and an MLR model fitted using the same predictors and
dataset. Finally, a graphical user interface (GUI) is implemented to
support the use of the model in subsequent research and industrial trials.

2. Dataset
2.1. Overview

Hardwoods are rarely used as structural dimension lumber in North
America; instead, they are predominantly used for furniture and interior
products (Wang et al., 2004). This is mainly because the fibre arrange-
ment is less uniform, vessels are different and defects are inconsistent
which makes their mechanical properties less predictable than those of
softwoods (Panshin and de Zeeuw, 1981). Aspen has short fibres and a
smooth texture, and large dead knots, which frequently occur in this
species, often govern its mechanical strength (Dickmann et al., 2001).
These relatively consistent features make it suitable for ML analysis, as
strength-related defects offer informative signals for algorithms to pre-
dict mechanical properties. In the province of Alberta, Canada, aspen
makes up approximately 80% of the hardwood resource but remains
under-utilized (Alberta Agriculture and Forestry, 2021). Evaluating its
mechanical performance contributes to the development of higher-value
wood products, mitigates softwood supply shortages, enhances eco-
nomic benefits and supports Canada's carbon-neutral objectives (Natural
Resources Canada, 2023).
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In ML models, the selection of input parameters plays a critical role
in predicting the accuracy and reliability of the output variables. In this
study, a series of NDE tests were conducted to generate input variables
from dimension to physical and mechanical properties. The data
collection workflow is illustrated in Fig. 1. The target variable was the
UTS, which is a key strength parameter commonly considered in light
wood-frame construction, particularly when lumber is used as tension
members such as trusses. Since the intended application of this work is
in industrial practice, the input features were selected based on their
relevance to industry and accessibility, ensuring that the study can be
replicated and implemented in practice in the near future. Details of the
data collection process are provided in following Section 2.2 to Section
2.5.

2.2. Lumber collection

Aspen lumber dimension of 38 mm x 89 mm (nominal 2 in. x 4 in.)
was obtained from a sawmill in Hines Creek, Alberta. A total of 321
specimens were collected and classified into two visual grades, select
structural (SS) and No. 2, with lengths of 3,048 mm (10ft.) and
3,658 mm (12 ft.) (Table 1). The lumber originated from logs averaging
216 mm (8.5 in.) in small-end diameter. All specimens were kiln-dried at
95°C for 96 hours to a target MC of about 16%. Visual grading was
carried out by a certified inspector following the “Standard Grading
Rules for Canadian Lumber” (NLGA, 2019). The material was then well
wrapped and transported to the Wood Science and Technology Centre at
the University of New Brunswick, where it was further conditioned for 3
months under ambient temperature and relative humidity (RH) and
prepared for property assessment.

2.3. Physical properties

After conditioning, the dimensions of each specimen were measured.
A vernier calliper was used to record cross-section dimension values at
both ends and the mid-span, resulting in three readings for the narrow-
face and three for the wide-face, respectively. The length was measured
with a tape, however, due to negligible visual error and the limited
precision of the tape, only the two lengths (3,048 mm and 3,658 mm)
listed in Table 1 were adopted. MC was determined immediately using a
pin-less moisture meter (Model: Wagner Orion 960), with six measure-
ments taken on each specimen (three on each wide face) at evenly

Table 1
Quantity of aspen dimension lumber in different lengths and grades.

Length

3,048 mm (10 ft.) 3,658 mm (12 ft.)

SS grade 49 79
No. 2 grade - 193
Total 321

Fig. 1. Workflow for dataset constitution.
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distributed locations. The mean value was calculated to minimize the
influence of outliers. Since aspen is known for localized “wetwood”,
which has been previously reported in the literature (Lamb, 1967;
Mackes and Lynch, 2001), this factor was considered. Finally, the mass
of each specimen was obtained using an industrial balance and together
with the measured volume, the SG at the current MC was calculated. For
each specimen, the width-to-depth ratio, length, SG and its corre-
sponding MC were documented as four input features for the ML model.

2.4. Visual defects

Visual grading rules are established by the National Lumber Grades
Authority (NLGA) based on both qualitative and quantitative visual
criteria used to evaluate each piece of lumber (Reid et al., 2009). The
main objective is to correlate the visual characteristics of lumber with its
tested mechanical performance, allowing the prediction of strength
within an acceptable error range. As illustrated in Fig. 2, the UTS of
aspen lumber in this study was effectively differentiated between SS and
No. 2 grades. Previous research has demonstrated that lumber strength
is closely related to the presence and severity of visible defects such as
knots, slope of grain, unsound wood, pockets, wormholes, shakes,
checks and compression or tension wood (Newlin and Johnson, 1924;
Cramer and McDonald, 1989; Barrett and Lau, 1994; Fan et al., 2023).
Among these, knots are consistently reported as the most critical factor
in strength-reducing effects (Fan et al., 2023). Unlike softwoods which
typically have long and well-aligned fibres with numerous small live
knots along the grain, aspen is characterized by shorter and finer fibres
but develops larger and more distinct dead knots (Lamb, 1967;
Youngquist and Spelter, 1990; Balatinecz and Kretschmann, 2001). As a
result, the strength of aspen lumber is more strongly influenced by knot
presence and size (Wang et al., 2024). Therefore, this study placed
particular emphasis on recording knot size as a key input feature for
training the ML model.

The maximum strength-reducing defect (MSRD) method (Barrett and
Hejja, 1984) was adopted to record the largest defects in each specimen.
Following this approach, the three largest surface knots were measured
using a ruler to record their maximum diameters (mm). Since the third
knot (knot size #3) was negligible in nearly all cases in this study, only
the two largest knots, denoted as “knot size #1” and “knot size #2”, were
retained for analysis considering as two input features. In addition, the
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combined size of these two knots (knot size sum) and the knot ratio of
knot size #1 (can be calculated in Equation (1)) were included as extra
two features for model development. The visually identified MSRD was
positioned within the span and as close to the mid-length as possible.

Dy &)

Knot ratio = max | — 1

where Dy is the knot maximum diameter in mm, and b and d are the
specimen width and depth in mm, respectively. The larger value be-
tween Dy/b and Di/d was taken to represent the most critical knot
proportion regardless of the face orientation.

2.5. Mechanical properties

Two NDE methods, longitudinal stress wave (LSW) and MSR tests,
were employed to determine the MOE of each piece of lumber. The MOE
values obtained from these tests were considered as mechanical prop-
erty features and incorporated into the input variables for developing
the ML model. For the LSW test, a commercial handheld stiffness grader
(Model: MTG-820), developed by Brookhuis (Enschede, the
Netherlands) in collaboration with TNO (Delft, the Netherlands), was
used to measure the mean MOE of each specimen (Fig. 3(a)). It should be
noted that each specimen was measured individually after being lifted
from the stack, and Fig. 3(a) illustrates the test arrangement only. The
device is commonly employed for rapid on-site grading of lumber and is
also utilized in industrial production lines as a substitute for conven-
tional MSR machines proved in previous study (Wang et al., 2024). The
device signal is analysed in terms of the natural frequency of the spec-
imen under longitudinal vibration (Biechele et al., 2011). Based on these
measurements, the MOE was calculated according to Equation (2)
(Niederwestberg et al., 2025):

(2fol)°p

— = F_x10° (2)
1-001MC_12)

MOE =

where fj is the measured frequency in Hz, [ is the measured length of the
lumber in mm, p is the measured density of the lumber in kg/m?, and MC
is the measured moisture content in %.

The MSR test was performed using a “Cook-Bolinder” machine
(Model: Tecmach Limited Stress Grading Machine System SG-AF), which

Fig. 2. Distribution of UTS for SS and No. 2 grades aspen lumber.
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Fig. 3. (a) LSW test setup (Model: MTG-820); (b) MSR test setup (Model: Tecmach Limited Stress Grading Machine System SG-AF).

was modified for laboratory use. The flatwise centre-point bending
method was applied to determine the MOE of each specimen, from
which mean, maximum and minimum values were obtained (Fig. 3(b))
(Bostrom, 1994).

The parallel-to-grain tension test was carried out on each lumber
specimen in accordance with ASTM D198 (American Society for Testing
and Materials, 2022) using a Metriguard Testing Machine (Model:
Metriguard 401). The testing span varied with specimen length, ranging
from two distances, 2,438 mm (8 ft.) and 3,048 mm (10 ft.), while each
end grip was fixed over a length of 610 mm (2 ft.). Only specimens that
failed within the free span were retained in the dataset, and any spec-
imen fracturing at or near the grips was excluded. A loading rate of
10kN/min was applied, ensuring failure occurred in approximately
4 minutes. The UTS obtained from destructive testing was used as the
target variable (output) for training of the ML model.

2.6. Statistical analysis of input and output variables for ML models

In total, 321 specimens were collected from the tests described in
Section 2.2 to Section 2.5. The input variables were grade, length, width-
to-depth ratio, MC, SG, the sizes of the two largest knots (namely, knot
size #1 and knot size #2) and their sum (knot size sum), the knot ratio
and the MOE values (namely, LSW-MOE, MSR-MOE min. and MSR-MOE
mean) measured by both the LSW and MSR methods. The output vari-
able was the UTS. In this study, the experimental dataset was cleaned
and refined to ensure consistent and representative inputs. The grade
variables were one-hot encoded. All physical quantities were converted
to SI units and MOE were expressed in GPa to reduce scale bias. Width
and depth were combined into a width-to-depth ratio. Knot-related in-
puts were derived from measured values, with the third-largest knot
excluded to avoid sparsity. Two engineered features were added: knot
size sum, which captures the cumulative effect of knots (Wright et al.,
2019) and knot ratio, defined as the largest knot relative to the face
dimension due to its strong link to the UTS (Roblot et al., 2010). Detailed
information of input and output variables is presented in Table 2.

Fig. 4 illustrates the correlations between selected eight input vari-
ables (X3 to X5, X8 to X12) and the target variable (Y) along with their r
values. Four input variables were neglected in Fig. 4 because grade (X1)
and length (X2) were treated as a binary variable, the knot size sum was
found to correlate more strongly with the target variable than the in-
dividual measures (knot size #1 and knot size #2). Among them, MSR-
MOE min. showed the strongest positive correlation with the UTS
(r =0.704), showing a clear relationship between lumber stiffness and
strength. In contrast, the width-to-depth ratio exhibited the weakest
positive correlation (r = 0.056). The knot size sum showed the strongest
negative correlation with target (r =-0.523), which is consistent with

Table 2
Statistical properties of input and output variables for the dataset.
Variables Min. Max. Mean Median  St.
Dev.
Input X1 Grade 0 1
(SS/No.
2)
X2 Length 3.048 3.658
(m)
X3 Width-to- 2.213 2.403 2.313 2.314 0.026
depth
ratio
X4 MC (%) 5.5 9.9 7.7 7.7 0.796
X5 SG 0.31 0.54 0.42 0.41 0.035
X6 Knot size 0 78 29 27 14.803
#1 (mm)
X7 Knot size 0 73 10 0 14.625
#2 (mm)
X8 Knot size 0 107 39 37 22.768
sum
(mm)
X9 Knot ratio 0 1 0.472 0.414 0.287
X10 LSW- 7.656 13.130 10.308 10.144 1.010
MOE
(GPa)
X11 MSR- 4.385 14.648 8.514 8.303 1.794
MOE min.
(GPa)
X12 MSR- 6.907 15.916 10.675 10.511 1.581
MOE
mean
(GPa)
Output Y UTS 4.080 65.671 18.991 15.523 10.873
(MPa)

previous findings that larger knots reduce lumber strength (Fan et al.,
2023; Wang et al., 2024).

3. Development of ML models

In this study, ML models were developed to predict the UTS of aspen
lumber. Fig. 5 illustrates the overall workflow for developing the ML
models. To minimize the risk of overfitting, the dataset was partitioned
into training and testing subsets using the holdout method (Raschka,
2018) with 80% of the data used for training and 20% reserved for
testing. The data were randomly partitioned to mitigate locality effects.
The training set was used for model development including iterative
learning and hyperparameter optimization. Given the limited dataset
size, a grid search combined with five-fold cross-validation was
employed for hyperparameter tuning (Anguita et al., 2012). In this
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Fig. 4. Correlation between selected 8 input variables and UTS of the dataset.

Fig. 5. Flowchart of the ML model development process.
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procedure, the training data are randomly divided into five equal sub-
sets, each subset serves once as a testing set while the remaining four are
used for training. The MSE is used as the primary evaluation metric for
model selection, and the configuration yielding the lowest MSE is
considered optimal (Bardenet et al., 2013).

This study considered ensemble models due to the complexity
inherent in predicting lumber strength. As an anisotropic material,
lumber exhibits significant directional variability in its mechanical and
physical properties. Ensemble methods are well-suited to model such
complexity, as they are recognized for providing high accuracy, stability
and generalization (Nguyen et al., 2023). Furthermore, their application
to dimension lumber strength prediction also remains underexplored,
presenting a clear opportunity for this research.

Four ensemble models, including RF, XGBoost, GBRT and AdaBoost
were employed in this study. These models are based on decision tree
ensembles that aggregate multiple weak learners to form a strong pre-
dictive model (Nguyen et al., 2021a; Nguyen et al., 2021b; Nguyen et al.,
2022). RF (Breiman, 2001) represents the bagging approach, building
multiple decision trees in parallel from bootstrap specimens and
randomly selected feature subsets, and averaging their predictions to
reduce variance and limit overfitting (Speiser et al., 2019). XGBoost
(Chen and Guestrin, 2016), GBRT (Friedman, 2001) and AdaBoost
(Freund and Schapire, 1997) are boosting methods that train trees
sequentially, with each learner addressing the errors left by the previous
one. XGBoost enhances this framework with regularization, sub-
sampling and second-order gradient information to improve robustness
and computational efficiency (Lim and Chi, 2019). GBRT reduces pre-
diction error by fitting trees to the negative gradients of the loss function
(Prettenhofer and Louppe, 2014), while AdaBoost increases the influ-
ence of difficult specimens to strengthen generalization. These algo-
rithms have shown strong performance and reliability in modelling
wood mechanical properties (Esteghamati et al., 2023). Detailed infor-
mation of four selected ML models can be found in the literature (Freund
and Schapire, 1997; Breiman, 2001; Friedman, 2001; Chen and
Guestrin, 2016).

In this study, for each ML algorithm, key hyperparameters such as
the number of estimators, tree depth, learning rate and regularization
terms were tuned using a grid search with five-fold cross-validation to
obtain the highest accuracy model. To make the tuning process consis-
tent across models, the search covered a representative and sufficiently
wide set of hyperparameters commonly used in tree-based ensemble
methods. For the RF model, the grid search examined the number of
trees, maximum tree depth, the minimum specimens required for node
splitting and leaf formation, feature selection strategies and whether
bootstrap sampling was used. For XGBoost, the search space included
the number of boosting rounds, tree depth, learning rate, row and col-
umn subsampling ratios and the L1 and L2 regularization terms. The
GBRT model was tuned by varying the learning rate, number of esti-
mators, tree depth, splitting rules, leaf size and subsampling proportion.
For AdaBoost, the search focused on the number of estimators, learning
rate and the depth of the base decision tree. These hyperparameter
ranges were chosen to offer enough flexibility to capture nonlinear
behaviour without enlarging the search space unnecessarily. A complete
list of the hyperparameters and their corresponding ranges are provided
in Table 3. After tuning, the models were retrained on the full training
dataset using the optimal settings and evaluated on a hold-out testing
set. In this study, model performance was assessed using R%, RMSE,
MAPE and r. R? describes the proportion of variance explained by the
model, RMSE and MAPE quantify absolute and relative prediction er-
rors, providing a balanced view of model accuracy and robustness, r
reflects the strength of the linear association between predicted and
observed values (Cameron and Windmeijer, 1997).

After training of the ML models, interpreting predictive models are
important for understanding how individual input features influence the
predictions. In this study, SHAP approach was used. The SHAP frame-
work proposed by Lundberg and Lee (2017) employs a game-theoretic
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Table 3

Hyperparameter ranges used in the grid search for four ML models.
Model Hyperparameter range
RF n_estimators: {100, 300, 500}

max_depth: {none, 10, 20, 30, 50, 100}
min_samples_split: {2, 5, 10, 20}
min_samples_leaf: {1, 2, 4, 8}
max_features: {“sqrt”, “log2”, “none”}
bootstrap: {true, false}

n_estimators: {100, 300, 500}
max_depth: {3, 6, 10}

learning rate: {0.01, 0.1, 0.3}
subsample: {0.6, 0.8, 1.0}
colsample_bytree: {0.6, 0.8, 1.0}
reg_alpha (L1): {0, 0.1, 1}
reg_lambda (L2): {1, 1.5, 2}

GBRT n_estimators: {100, 300, 500}
learning rate: {0.01, 0.05, 0.1}
max_depth: {3, 10, 20, 30}
min_samples_split: {2, 5, 10}
min_samples_leaf: {1, 3, 5}
subsample: {0.6, 0.8, 1.0}
max_features: {“sqrt”, “log2”, “none”’}
n_estimators: {100, 300, 500}
learning _rate: {0.01, 0.05, 0.1, 0.2}
base estimator: decision trees with max_depth {3, 5, 10, 15}

XGBoost

AdaBoost

approach. Specifically, it quantifies the marginal contribution of each
feature to a prediction, including both the direction and magnitude of its
effect (Li, 2022). Several implementations exist depending on the model
type, such as “kernel SHAP”, “deep SHAP” and “tree SHAP”
(Rodriguez-Pérez and Bajorath, 2020). Because the models used in this
study are based on decision-tree ensembles, the tree SHAP method was
applied (Lundberg et al., 2018; Nguyen et al., 2022a;Nguyen et al.,
2022b) to compute and visualize feature contributions. Tree SHAP sat-
isfies the principles of local accuracy, missingness and consistency. This
means that the feature attributions sum to the model output, features not
used by the model have no effect, and the contribution of an important
feature does not decrease when irrelevant features are removed
(Ponce-Bobadilla et al., 2024).

4. Performance of developed ML models

In this section, the performance of the developed ML models is
presented and discussed. Although there is no universal standard, many
works adopt a training-testing split in which 60%-80% of the data are
used for training, and the remaining 40%-20% are used for testing,
respectively (Nguyen et al., 2023; Huang et al., 2023). Therefore, the
choice of split ratio was examined through a sensitivity analysis in this
study. Fig. 6 compares the performance of the four ML models under five
training-testing split ratios: 6:4, 6.5:3.5, 7:3, 7.5:2.5, and 8:2, using the
confirmed set of input features. Model performance is presented in terms
of R? (Fig. 6(a)), RMSE (Fig. 6(b)), and MAPE (Fig. 6(c)). None of the
three metrics changes monotonically with the training proportion. R?
remains within 0.614-0.671 up to the 7.5:2.5 split and then increases to
0.678-0.718 at the 8:2 split, while MAPE shows a similar pattern. RMSE
reaches its lowest value at the 6.5:3.5 split but remains relatively stable
across the other split ratios. Overall, the 8:2 split provides the strongest
performance, with the highest R? and the lowest MAPE for most models.
It was therefore adopted as the standard configuration for all subsequent
analyses in this study. After the full training and hyperparameter-tuning
process, the optimal hyperparameters for each model were determined,
and the final configurations are summarized in Table 4. Subsequent
comparisons were conducted using the models developed with these
optimal hyperparameters.

As shown in Table 5, the accuracy of the four ML models in pre-
dicting the UTS was evaluated using four indexes: R%, RMSE, MAPE and
r. The overall predictive performance of the four models on the testing
set was comparable. Among them, XGBoost and GBRT achieved the best
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Fig. 6. Performance comparison of four ensemble models under different
training-testing data split ratios: (a) RZ; (b) RMSE; (c) MAPE.

Developments in the Built Environment 27 (2026) 101018

performance, with R? values of 0.715 and 0.718, RMSEs of 7.080 MPa
and 7.047 MPa, respectively. In contrast, RF showed the weakest overall
testing set performance, with the lowest R? (0.678) and the highest
RMSE (7.533 MPa), although its MAPE (0.246) was slightly lower than
that of AdaBoost (0.255). These results indicate that RF produced less
accurate UTS predictions than XGBoost and GBRT for the present
dataset.

Fig. 7 presents the prediction results of the four ML models on both
the training and testing sets, showing their fitting performance and
generalization capability. In the scatter plots, red and grey markers
represent the relationships between the predicted and actual (true)
values for the training and testing sets, respectively, with the fitting
curve applied. The black dashed line (y = x) denotes the ideal prediction
line where predicted and actual values coincide. As shown in Fig. 7, the
prediction lines for XGBoost (Fig. 7(b)) and GBRT (Fig. 7(c)) were
closely aligned with the perfect line (y =x). It can be seen that these
models accurately captured the nonlinear relationship between the
input features and the actual UTS. RF (Fig. 7(a)) displays a slightly wider
scatter on the testing set, but the overall trend remains consistent,
suggesting reasonable generalization. AdaBoost (Fig. 7(d)) also shows
reasonable predictive performance, although its regression line has a
slightly greater deviation from the ideal line and its testing set RZ
(0.701) is lower than those of XGBoost and GBRT. In comparison, RF
(Fig. 7(a)) shows a wider scatter on the test set and the lowest testing set
R? (0.678), indicating the weakest overall predictive performance
among the four models. Overall, XGBoost and GBRT provide the most
accurate and stable predictions, followed by AdaBoost, while RF shows
relatively larger prediction errors.

Fig. 8(a) presents the comparative performance plot of each ML
model, where the optimal ML model should combine a high R? with a
low RMSE. Therefore, R? and RMSE were used as the two key indicators
for comparison. The results show that GBRT R%= 0.718,
RMSE =7.047 MPa) achieved the strongest overall predictive perfor-
mance, appearing in the lower-right region of the plot, which indicates
high prediction accuracy with small errors. In contrast, XGBoost
(R%2=0.715, RMSE = 7.080 MPa), AdaBoost (R®=0.701,
RMSE = 7.249 MPa) and RF (R2=0.678, RMSE = 7.533 MPa) are fol-
lowed and exhibited lower predictive accuracy. Fig. 8(b) shows the R?
difference between the training and testing datasets. A smaller differ-
ence indicates better generalization, while a larger difference may
suggest potential overfitting or underfitting. The results point out that
RF had the largest difference (0.0784), which can be noted as slightly
overfitting to the training data. GBRT (0.0544) and XGBoost (0.0461)
exhibited smaller differences, reflected more stable generalization.
Although AdaBoost had the lowest overfitting risk (0.0205), its predic-
tive accuracy was limited as stated above. Based on results shown above,
GBRT provided the most reliable results of the four ML models, with
comparatively higher accuracy and stable generalization.

To obtain more comprehensive comparison, the ratio of predicted-to-
experimental values (predicted value divided by experimental value)
was calculated for the full dataset. The mean, standard deviation (St.
Dev.) and coefficient of variation (CoV) were examined, as shown in
Table 6. A ratio close to 1 represents a good match between predicted
and measured strength. A ratio above 1 indicates that the model over-
estimates the strength, whereas a ratio below 1 indicates underestima-
tion. RF produced the mean ratio closest to the reference value of 1
(1.079), followed by GBRT (1.092), XGBoost (1.094) and AdaBoost
(1.123). The corresponding St. Dev. values were 0.279, 0.311, 0.318 and
0.345, and the CoV values were 0.258, 0.285, 0.291 and 0.307,
reflecting relatively consistent predictions with limited dispersion.

To examine the influence of individual input variables on model
predictions, Fig. 9 presents the SHAP summary plots for GBRT, the ML
model that achieved the best predictive performance compared to the
remaining models comprehensively. Feature importance and interpret-
ability for the model was assessed using the tree SHAP algorithm.

In Fig. 9, each row corresponds to one input feature, and each point
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Table 4

Primary parameters for the four ML models.
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RF

XGBoost

GBRT

AdaBoost

Number of trees = 100
Max_depth =10
Max_features = sqrt
Min_samples_leaf = 2
Min_samples_split = 20
Bootstrap = false

Number of trees = 300
Max_depth =3
Subsample = 0.6
Colsample_bytree = 0.8
Learning rate = 0.01
reg_alpha (L1)=1
reg_lambda (L2) =1

Number of trees = 300
Max_depth =3
Max_features = none
Min_samples_leaf = 3
Min_samples_split =10
Learning rate = 0.01
Subsample = 0.6

Number of trees = 100
Max_depth =3
Learning rate =0.1

Table 5

Prediction accuracy of the four ML models for UTS.
Parameter RF XGBoost GBRT AdaBoost

Training Testing Training Testing Training Testing Training Testing

R? 0.756 0.678 0.761 0.715 0.772 0.718 0.722 0.701
RMSE (MPa) 4.946 7.533 4.893 7.080 4.779 7.047 5.280 7.249
MAPE 0.206 0.246 0.238 0.236 0.232 0.238 0.273 0.255
r 0.883 0.849 0.887 0.872 0.890 0.866 0.857 0.852

represents the SHAP value of that feature for an individual observation.
The horizontal axis indicates the positive or negative contribution of a
feature to the predicted UTS, while the vertical ordering reflects overall
feature importance based on mean absolute SHAP values. Positive SHAP
values indicate an increase in the prediction, whereas negative values
indicate a decrease. Point colour represents the relative magnitude of
the feature value, with red indicating higher values and blue indicating
lower values. As shown in Fig. 9, the GBRT model identified MSR-MOE
min., length and MSR-MOE mean as the most influential variables
governing UTS prediction. MSR-MOE min. exhibited the strongest
contribution among all features, consistent with the high correlation
observed in Fig. 4. MSR-MOE min. captures the weakest stiffness zone
along the lumber, which typically corresponds to the largest knot region
(Cramer and Goodman, 1983). Its dominant influence on the SHAP plot
reinforces that tensile behaviour is governed by knot-controlled weak
sections, consistent with previous studies (Samson and Blanchet, 1992;
As et al., 2006; Fan et al., 2023). Length also displayed a substantial
effect, as longer specimens have a greater likelihood of containing
strength-reducing defects. In contrast, MSR-MOE mean represents the
average stiffness measured along the entire specimen and reflects its
global stiffness profile rather than the localized weakest zone captured
by MSR-MOE min. Collectively, these factors provide a clearer under-
standing of how defects form and spread, and how their presence ulti-
mately influences the strength response.

To conclude, all the results and discussion above show that GBRT
provided the best balance between accuracy and consistency, with the
values closest to the actual results with relatively small variation.
XGBoost showed comparable performance but was slightly less effec-
tive. AdaBoost performed lower yet remained stable, whereas RF
exhibited the greatest bias and variability, indicating weaker general-
ization. Therefore, the best performance GBRT model was proposed and
used for the subsequent analyses.

5. Performance comparison of the proposed GBRT model with
empirical models, multivariable linear regression, and previous
studies

5.1. Comparison with MOE-based empirical models and multivariable
linear regression

In 1983, the Canadian Wood Council and the Canadian lumber in-
dustry launched the “Lumber Properties Project”, which led to the Ca-
nadian in-grade report (Barrett and Lau, 1994). This report has long
served as an important reference for estimating structural lumber

properties in Canada based on extensive standard testing. Among the
model forms discussed in the report, linear and three-parameter pow-
er-law models have commonly been used to describe the relationship
between lumber strength and MOE.

In this study, these model forms were not used with their original
softwood-based parameters. Instead, they were refitted using the present
aspen dataset to allow comparison under the same material source as the
proposed GBRT model. The MOE-based empirical models were devel-
oped using one stiffness variable at a time, including MSR-MOE min.,
MSR-MOE mean, and LSW-MOE, respectively. In addition, an MLR
model was developed using the same 12 input variables as the GBRT
model. Therefore, this section includes two baseline levels: traditional
MOE-based models and an MLR model with the same input information
as the ML models.

The ensemble ML models developed in the previous section were
trained and tuned under a fixed 8:2 training-testing split, with hyper-
parameters selected using five-fold cross-validation within the training
set. For the empirical models and the MLR model in this section, per-
formance was evaluated using 100 random 8:2 repetitions to reduce the
influence of a single holdout split. The mean testing set R? across the 100
repetitions was used as the main performance metric. For the measured-
versus-predicted scatter plots, the repetition with a testing set R? closest
to the 100-repetition mean was selected as the representative split, so
that the plotted results reflect the average model behaviour rather than
an unusually favourable or unfavourable split.

This comparison is presented in three steps. First, single-variable
linear regression models were used to examine the predictive value of
each MOE variable. Second, three-parameter power-law models were
used to evaluate whether a nonlinear empirical relationship between
MOE and UTS could improve prediction. Third, the MLR model was
compared with the proposed GBRT model to examine whether nonlinear
ML model can provide additional predictive value when the same 12
input variables were used. This comparison focuses on individual-
specimen UTS prediction and is not intended to establish a new
grading rule or design value.

5.1.1. Single-variable linear regression models

Linear regression has been widely used to describe the relationship
between lumber strength and MOE (Green and Kretschmann, 1991;
Barrett and Lau, 1994). In this study, three MOE-related variables,
namely MSR-MOE min., MSR-MOE mean, and LSW-MOE, were sepa-
rately used as single input variables to develop linear regression models.
These models provide a simple MOE-based reference for evaluating how
much UTS variation can be explained by stiffness alone.
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Fig. 7. Comparison of predicted and actual UTS values for four ensemble ML models (a) RF; (b) XGBoost; (c) GBRT; (d) AdaBoost.

To reduce the influence of a favourable or unfavourable training-
testing split, the three single-variable linear models were evaluated
using 100 random 8:2 repetitions. For each MOE variable, the repetition
with a testing set R2 closest to the 100-repetition mean was selected as
the representative split and is shown in Fig. 10. In this representative
comparison, MSR-MOE min. provided the best single-variable linear
prediction of UTS (Fig. 10(a)), with a testing set R? of 0.476. MSR-MOE
mean also showed moderate predictive ability, with a testing set R? of
0.402 (Fig. 10(b)). In comparison, LSW-MOE gave the weakest perfor-
mance, with a testing set R%0f0.255 (Fig. 10(c)). These results show that
MOE is useful for predicting UTS, but a single stiffness variable cannot
fully explain the strength variation of aspen lumber.

The better performance of MSR-MOE min. is reasonable because it
reflects the lowest stiffness region along the specimen. This local stiff-
ness information is more likely to be associated with weak zones that
control tensile failure. In contrast, MSR-MOE mean represents the
average stiffness of the full specimen and may reduce the effect of
localized defects. LSW-MOE also reflects a global dynamic stiffness
response and may be less sensitive to local weak zones. Therefore, for
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this dataset, local stiffness information was more useful than global
stiffness indicators for predicting UTS.

However, these single-variable models should not be treated as direct
alternatives to the 12-input GBRT model. They are included as tradi-
tional MOE-based reference models. A more balanced comparison is
provided by the MLR model in Section 5.1.3, where the same 12 input
variables were used.

5.1.2. Power-law models based on the three-parameter form

In addition to the linear model, the Canadian in-grade report also
used a three-parameter power-law model to describe the relationship
between lumber strength and stiffness. This model form was originally
developed from large in-grade datasets for commercial softwood species
groups. Since the original fitted parameters were not developed for
aspen, only the model form was adopted here and refitted using the
present aspen dataset. The original model form is given in Equation (3):

UTS = a(MOE)" (c)"*® (3)
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Fig. 8. (a) Comparative performance plot between R? and RMSE for four ML models; (b) Comparison based on the difference between training and testing R? values.

Table 6
Comparison of predicted-to-experimental value ratios among four ML models.
RF/ XGBoost/ GBRT/ AdaBoost/
Experiment Experiment Experiment Experiment
Mean 1.079 1.094 1.092 1.123
St. 0.279 0.318 0.311 0.345
Dev.
CoV 0.258 0.291 0.285 0.307

where q, b, and ¢ are model parameters, and MOE represents one of the
three MOE-related variables. In the present refitting, c was fixed at 1 to
avoid unstable fitting caused by the limited specimen size, while a and b
were fitted from the training data. Therefore, the fitted model kept the
same power-law structure but avoided additional sensitivity from the
exponential term. Similar to the linear models, three separate power-law
models were developed using MSR-MOE min. (Fig. 11(a)), MSR-MOE
mean (Fig. 11(b)), and LSW-MOE Fig. 11(c)) as the single predictor,
respectively.

Following the same procedure as in Section 5.1.1, the representative

11

split whose testing set R was closest to the 100-repetition mean was
selected for each power-law model. The power-law models showed a
performance pattern similar to that of the linear models, with MSR-MOE
min. again providing the best single-variable prediction of UTS
(R%=0.487), followed by MSR-MOE mean (R? = 0.405) and LSW-MOE
(R?=0.239) in Fig. 11. Compared with the corresponding linear
models, the differences in testing set R? were small for all three MOE
variables, indicating that changing the model form from linear regres-
sion to a power-law model had little practical effect when only one MOE
variable was used. These results suggest that the main limitation of the
MOE-based empirical models was not only the mathematical form, but
also the limited input information, because UTS is affected by MOE, SG,
grade, and defect-related characteristics. Therefore, a single MOE vari-
able, whether used in a linear or power-law form, cannot fully describe
the strength variation of aspen lumber.

5.1.3. Multivariable linear regression model

The single-variable linear and power-law models discussed in Sec-
tions 5.1.1 and 5.1.2 provide useful MOE-based empirical references,
but they are not a balanced comparison for the proposed GBRT model
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Fig. 9. SHAP summary plots showing the feature impacts on UTS prediction from GBRT model.

because they use only one predictor at a time. To provide a more
reasonable linear baseline, an MLR model was developed using the same
12 input variables as the GBRT model listed in Table 2. The visual grade
variable was encoded in the same way as in the ML models, with SS
assigned as “1” and No. 2 assigned as “0”.

The MLR model was evaluated using the same 100-repetition 8:2
data splitting procedure used for the empirical models in Sections 5.1.1
and 5.1.2. The representative split whose testing set R% was closest to the
100-repetition mean was selected and is shown in Fig. 12. In this
representative comparison, the MLR model achieved a testing set R2 of
0.585, which was higher than those of the single-variable MOE-based
models. For example, compared with the best single-variable power-law
model based on MSR-MOE min. (R2 =0.487), the MLR model increased
the R? by 0.098. This improvement suggests that knot-related variables,
physical properties, and grade provided useful information beyond MOE
alone.

However, the MLR model still performed lower than the GBRT
model, which achieved a testing set R? of 0.718. The absolute increase in
R? from MLR to GBRT was 0.133. This result suggests that nonlinear
modelling provided additional predictive value when the same set of
measurable input variables was used. Therefore, the value of the GBRT
model should not be interpreted only as the result of using more input
variables. Rather, it shows that a nonlinear model can make better use of
the same input information for individual-specimen UTS prediction.

The coefficients of the MLR model were not further discussed
because the input variables had different units and scales. In this section,
the MLR model was used only as a linear reference model with the same
input information as the GBRT model. This comparison helped separate
the effect of adding more input variables from the effect of using a
nonlinear ML model.

5.1.4. Summary of same-dataset model comparison

Table 7 summarizes the performance of the MOE-based empirical
models, the MLR model, and the proposed GBRT model based on the
same aspen dataset in this study. Among the single-variable empirical
models, MSR-MOE min. provided the best performance in both the
linear and power-law forms, with testing set R? values of 0.476 and
0.487, respectively. This confirms that MSR-MOE min. was the most
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useful single MOE predictor for UTS in this dataset.

When the same 12 input variables were included in the MLR model,
the testing set R? increased to 0.585. Compared with the best single-
variable power-law model based on MSR-MOE min. R2= 0.487), the
MLR model increased the R% by 0.098, corresponding to a 20.1% relative
increase. This result shows that measurable variables beyond MOE,
including SG, grade, and knot-related parameters, provided additional
information for UTS prediction.

The proposed GBRT model further increased the testing set R? to
0.718. Compared with the MLR model, the R? increased by 0.133, cor-
responding to a 22.7% relative increase. Compared with the best single-
variable empirical model, the GBRT model increased the R? by 0.231,
corresponding to a 47.4% relative increase. This result indicates that
nonlinear modelling provided additional predictive value when the
same set of 12 input variables was used. Therefore, the improvement of
GBRT was not only due to the inclusion of more variables, but also due to
its ability to capture nonlinear relationships and possible feature in-
teractions that were not represented by the linear additive form of MLR.

Overall, the same-dataset comparison shows that UTS prediction
benefited from two factors: the inclusion of multiple measurable vari-
ables and the use of a nonlinear ensemble model. However, because the
improvement of GBRT over MLR was moderate, the result should be
interpreted with caution. The proposed model should be viewed as an
aspen-specific individual-specimen UTS prediction model developed
from the present dataset, rather than as a general grading model or a
design-value model.

5.2. Comparison with previous studies

The same-dataset comparison in Section 5.1 provides a controlled
basis for evaluating the proposed GBRT model because the baseline
models and the GBRT model were developed from the same aspen
dataset and assessed under clearly defined evaluation procedures. In
contrast, comparison with previous studies should be interpreted with
caution because different studies used different species, specimen sizes,
testing methods, specimen sizes, input variables, and model forms.
Therefore, this section does not aim to directly rank the present model
against previous models. Instead, it places the present results within the
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Fig. 10. Testing set measured-versus-predicted parity plots for single-variable linear regression models based on: (a) MSR-MOE min.; (b) MSR-MOE mean; and (c)

LSW-MOE.

range of reported studies on UTS prediction of timber.

Saboksayr et al. (2003) studied 1,000 pieces of SPF lumber and used
X-ray density imaging, MSR-MOE, slope of grain, and more than 40
image-derived features to develop multiple regression and ANN models.
Senalik et al. (2020) studied 103 southern yellow pine specimens with
dimensions of 38 mm x 38 mm, which were cut from No. 2 grade
38 mm x 184 mm specimens. Their models used SG, longitudinal dy-
namic MOE, stress-wave frequency, and acoustic energy parameters to
predict UTS. Uzcategui et al. (2023) analysed 702 No. 2 southern yellow
pine specimens with dimensions of 38 mm x 140 mm and developed
MLR models wusing SG, longitudinal dynamic MOE, and
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frequency-domain energy parameters. These studies provide useful
references for timber strength prediction, but their models were devel-
oped using different species, specimen sizes, measurement systems, and
input variables. Some of these approaches used advanced imaging or
frequency-domain features, which can provide detailed information on
material variation or internal defects but may require more specialized
equipment. In contrast, the present study used variables that are rela-
tively accessible in industrial production-line or industry-oriented
testing conditions, including grade, SG, knot measurements,
MSR-MOE, and LSW-MOE.

As shown in Fig. 13, the testing set R? of the proposed GBRT model
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Fig. 11. Testing set measured-versus-predicted parity plots for power-law models based on: (a) MSR-MOE min.; (b) MSR-MOE mean; and (c) LSW-MOE.

was within the higher range of the reported results. However, this figure
should be understood as a contextual comparison rather than evidence
that the present model is directly superior to previous models. The main
point is that the proposed model achieved a comparable level of pre-
diction accuracy while relying on a practical set of input variables. This
supports the potential of using measurable grading-related and NDE-
related variables for individual-specimen UTS prediction of aspen
lumber. However, external validation using independent aspen lumber
batches is still needed before the model can be used for routine grading,
design-value estimation, or broader industrial application.

14

6. Development of a graphical user interface for proposed model

To make the developed GBRT model for predicting the UTS of aspen
lumber conveniently available to other users, a GUI was created in Py-
thon with the built-in tkinter library. Fig. 14 presents the layout of the
interface. The program accepts 12 input variables corresponding to
those used in the GBRT model. For accurate predictions, the input values
should be kept remained within the ranges summarized in Table 2.

As demonstrated in Fig. 14, the UTS of aspen lumber can be obtained
quickly through the GUI This shows the applicability of the proposed
model in practical use. The executable file compiled for the GUI can be
downloaded at the link (https://github.com/Dawei-Wood/Trembling-
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Fig. 12. Testing set measured-versus-predicted parity plot for the MLR model using 12 input variables.

Table 7
Performance comparison of different models based on the same aspen dataset.
Model Input Variable(s) Training R? Testing R?
Linear MSR-MOE min. 0.499 0.476
MSR-MOE mean 0.432 0.402
LSW-MOE 0.267 0.255
Three-parameter power-law MSR-MOE min. 0.514 0.487
MSR-MOE mean 0.442 0.405
LSW-MOE 0.264 0.239
MLR 12 inputs 0.634 0.585
GBRT (proposed) 12 inputs 0.772 0.718

Fig. 13. Contextual comparison of reported R? values for UTS predic-
tion models.

Aspen-UTS-Prediction-GUI).
7. Conclusions

This study developed and evaluated ensemble ML models for pre-
dicting the UTS of aspen dimension lumber. A total of 321 specimens
were tested, and 12 input variables related to grade, geometry, physical
properties, knot features, and stiffness measurements were collected.
Four ensemble models, including RF, XGBoost, GBRT, and AdaBoost,
were trained and tuned using grid search and five-fold cross-validation.
The proposed GBRT model was further benchmarked against MOE-
based empirical models and an MLR model using the same aspen data-
set. Based on the results, the main findings are summarized as follows:
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Fig. 14. GUI for the proposed GBRT model.

. The ensemble ML models showed useful predictive performance for

individual-specimen UTS prediction of aspen lumber. Among the
four models, GBRT achieved the best overall performance, with a
testing set R? 0f 0.718, RMSE of 7.047 MPa, MAPE of 0.238, and r of
0.866. XGBoost showed comparable performance with a testing set
R? of 0.715, while AdaBoost and RF showed lower predictive
accuracy.

. The same-dataset model comparison showed that adding measurable

variables beyond MOE improved UTS prediction. The best single-
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variable empirical model was the power-law model based on MSR-
MOE min., with a testing set R of 0.487. The MLR model using
the same 12 input variables increased the R? to 0.585, corresponding
to an absolute increase of 0.098 and a relative increase of 20.1%.
This result indicates that physical properties, grade, and knot-related
variables provided useful information beyond stiffness alone.

3. The GBRT model further improved the prediction compared with the
MLR model using the same 12 input variables. The testing set R2
increased from 0.585 to 0.718, corresponding to an absolute increase
of 0.133 and a relative increase of 22.7%. Compared with the best
single-variable empirical model, GBRT increased the R? by 0.231,
corresponding to a relative increase of 47.4%. These results suggest
that nonlinear modelling provided additional predictive value for
individual-specimen UTS prediction.

4. The SHAP analysis identified MSR-MOE min. as the most influential
predictor of UTS, showing the importance of the weakest stiffness
region along the specimen. MSR-MOE mean and lumber length also
contributed to the model prediction. However, the effect of length
should be interpreted within the present dataset because only two
lengths were included.

5. The results indicate that the ML model developed in this study can
support aspen-specific individual-specimen UTS prediction using
stiffness, physical-property, and knot-related variables obtained
through industry-oriented testing. A GUI was also developed based
on the GBRT model to support practical use in research and industry.
However, the model should be viewed as a prediction tool developed
from the present dataset, rather than as a general grading model or
design-value model.

Future work should focus on expanding the dataset with independent
aspen lumber batches and broader grade representation to improve
model generalization. External validation is also needed before the
model can be used for routine industrial decision-making. Additional
input variables, such as growth-ring characteristics or improved defect
measurements, may also be considered if they can be collected effi-
ciently under industry-oriented testing conditions.
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