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Abstract

Accurate estimation of individual (culm-level) leaf area (LA) is essential to quantifying
canopy structure, productivity, and carbon dynamics in bamboo plantations, yet it is often
constrained by limited field data and high measurement costs. Using destructive sampling
data from 52 Dendrocalamus brandisii culms in Sanya, China, we evaluated allometric models,
regression approaches, and machine learning algorithms for estimating individual LA.
Candidate models were built from diameter at breast height (DBH), culm height (H), and
their combinations and were assessed via five-fold cross-validation, bootstrap uncertainty
analysis, and the small-sample corrected Akaike Information Criterion (AICc). DBH was
the dominant predictor of LA (r = 0.826), whereas adding H yielded no improvement due
to strong collinearity (r = 0.922). The simple DBH-based power-law model (LA = a·DBHb,
b ≈ 1.8) achieved the best balance between accuracy and parsimony, explaining ~61%
of the cross-validated variance with stable bootstrap parameters. Although Random
Forest showed high in-sample fit (R2 = 0.942), its cross-validated performance was low
(R2 = 0.496), indicating overfitting when using small samples. These results demonstrate
that DBH-based allometric models provide a robust, interpretable, and cost-effective tool
for large-scale biomass and carbon stock assessment in D. brandisii plantations.

Keywords: Dendrocalamus brandisii; bamboo plantations; leaf area estimation; DBH;
allometric model; machine learning

1. Introduction
Bamboo forests are becoming increasingly significant in subtropical and tropical

ecosystems owing to their quick growth rate, high productivity, and substantial carbon
sequestration potential [1–3]. A precise assessment of leaf area is essential to understanding
canopy architecture, photosynthetic potential and ecosystem dynamics, including transpi-
ration and carbon exchange [4–6]. Leaf area at individual culm level directly affects light
interception and gas exchange capacity, and consequently growth rate and total productiv-
ity [7–9]. It is therefore very important to be able to accurately measure the total leaf area of
each individual culm, which will allow the study of how biomass is distributed and how
carbon moves through different forest systems.
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It is important to measure the total leaf area of an individual bamboo plant, but it
is very hard. The destructive sampling method needs a lot of labor and time; therefore,
it is not suitable for large-scale inspections or repeated evaluations. Indirect estimation
methods, such as allometric growth models, use easily measurable structural factors, such
as stem diameter and total height, to estimate leaf area [10,11]. There are many growth
equations available, which cover many different types of plants, but the unique modular
culm structure and growth physiology of bamboo mean that new equations need to be
established for different types of bamboo [12,13]. From a morphofunctional perspective, this
structural and physiological uniqueness directly shapes the differential coupling between
structural traits and individual leaf area. Unlike woody trees, where height growth, radial
thickening and canopy development proceed synchronously, clumping bamboos complete
full culm height elongation within a short period via intercalary meristem activity, with
maximum height largely established before leaf expansion and canopy formation. As a
result, culm height is determined primarily by internode number and elongation during
the rapid growth stage and has only weak functional coupling with subsequent leaf area
expansion. In contrast, diameter at breast height (DBH) is tightly linked to culm wall
thickness, vascular bundle density and effective conduit cross-sectional area—traits that
collectively set the upper limit of hydraulic transport capacity and mechanical support
for the entire crown. For hollow bamboo culms in particular, load-bearing and hydraulic
functions are concentrated in the culm wall, whose cross-sectional area scales reliably with
DBH. This inherent functional constraint creates a far stronger allometric linkage between
DBH and individual leaf area, meaning that culm height contributes limited independent
explanatory power beyond the information already captured by DBH.

In recent years, machine learning algorithms have become increasingly popular, which
provides a new method for ecological modeling based on a massive number of data. For
bamboo systems in particular, this methodological development carries a distinct ecological
relevance beyond a generic technical comparison. Classical allometric theory was largely
developed and validated for solid-stem woody trees, whilst clumping bamboos feature
unique biological traits such as clonal growth, hollow culm structure, and highly syn-
chronized internode development, leaving the applicability of standard allometric scaling
rules to bamboo stands needing further verification. A head-to-head comparison between
theory-driven allometric models and data-driven machine learning methods would there-
fore also serve as an empirical test of whether universal plant structure–function scaling
principles apply to bamboo, with its specialized growth strategy and hydraulic architecture.
Machine learning algorithms, e.g., Random Forest and support vector machines, can cap-
ture complex non-linear relationships without the need to specify particular model forms
and hence can improve prediction accuracy [14,15]. However, these methods typically
require substantial training datasets to prevent overfitting, and they can be unstable when
sample sizes are small, a common issue in ecological field studies [16,17]. There is thus a
need for a critical comparison between traditional, theory-driven allometric growth models
and flexible machine learning methods in order to determine the most robust and reliable
approach for estimating the total leaf area of individual plants when data are limited.

Dendrocalamus brandisii (hereafter D. brandisii) is a large clumping species of bamboo,
highly prized for its edible bamboo shoots and usable culms [18,19]. It is commonly grown
in Yunnan and has been introduced into Hainan province of China. Accurately estimating
the total leaf area of individual bamboo is crucial to optimizing the management of artificial
bamboo forests, assessment of productivity, and study of carbon dynamics [10]. However,
so far, no studies have systematically developed and validated a model for predicting the
total leaf area of a single D. brandisii culm. There is particularly a lack of research on the
performance of allometric and machine learning growth models in scenarios involving
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small sample sizes. Such a comparison is needed, as most existing allometric equations for
leaf area estimation have been developed and validated primarily for timber tree species,
while empirical evidence for clumping bamboo species remains comparatively limited.

To fill the gap, we collected bamboo data from the cultivated D. brandisii bamboo
forest in Sanya, Hainan Province, China. The core objectives of this study were three-fold:
(1) to develop practical inventory estimation equations for total leaf area per individual
of 2–3-year-old D. brandisii; (2) to systematically compare the estimation performance of
three modeling paradigms, namely, allometric growth models, statistical regression models,
and machine learning models, in a small-sample scenario; (3) to quantify the incremental
information value of culm height for leaf area estimation beyond diameter at breast height
(DBH). Furthermore, five-fold cross-validation, bootstrap resampling, and information-
theoretic criteria were employed to evaluate the predictive accuracy, robustness, and
parsimony of the models, and the uncertainty in parameter estimation was quantified.

2. Materials and Methods
2.1. Study Area

The research area was located in Sanya City, in the southwest of Hainan Province,
China (Figure 1). Its coordinates range from east longitude 108◦56′ to 109◦48′ and from
north latitude 180◦9′ to 18◦37′. This area is situated in the tropical region of China and
has a tropical maritime monsoon climate. It has high humidity and moderate temperature,
which is conducive to rapid bamboo culm growth and canopy development.

 

Figure 1. Locations of the representative sampling points of the study area. Plots (a–c) are highlighted
in purple, blue, and green, respectively, representing three distinct experimental sites from which
samples were collected.
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The D. brandisii plantation was established in January 2021. Three representative sam-
ple plots with different slope aspects were established within the plantation; their spatial
boundaries and topographic differences are shown in Figure 1a–c. All plots were planted
with parent bamboos of the same age and had consistent afforestation and cultivation
histories while varying in microtopographic characteristics. All culms sampled in this
study were collected exclusively from this single plantation, with the three plots being
selected to cover typical micro-site conditions across the stand.

2.2. Data Collection

The sampled culms were similar in age, mostly 2 to 3 years old, in the active growth
period and functional maturity stage of D. brandisii. One-year-old culms were excluded
from the analysis because their leaf growth was sparse or incomplete, which would have
made it difficult to obtain accurate estimates of leaf area for each culm. Sampling was
conducted in July 2023 and in March and August 2024. Sampling was stratified in all three
sample plots to capture microtopographic variation within the plantation.

We used diameter-class (1 cm DBH) stratified sampling with a pre-survey of all three
plots at the stand level for DBH. To avoid pseudoreplication due to genetic and micro-
site correlation within clumps, only one standard culm was collected from each spatially
separated bamboo clump. The sampling was proportional to the relative abundance of each
diameter class, resulting in a final dataset of 52 independent individuals all sourced from
the same plantation. The diameter at breast height (DBH) was measured with a diameter
tape at 1.3 m above the ground [20]. The height of the culm (H) was measured using a
calibrated measuring tape after each sampled culm was cut so that we could find the total
length of the culm [21]. For D. brandisii, the diameter at breast height (DBH) remains quite
stable after the culm matures. Consequently, the variation in DBH that was observed in
this study was attributable to differences between different culms, rather than to differing
growth stages of the culms.

We used destructive sampling and subsampling based on specific leaf area (SLA;
cm2/g) to determine the total leaf area (LA) of a single D. brandisii culm. All the leaves
were collected after cutting each culm. The specific leaf area was measured on the batch
and not on an individual basis. Prior to each destructive sampling batch, 200 leaf discs
(6 mm in diameter) were punched from fully expanded, healthy leaves distributed across
all individuals in that batch using a 6 mm diameter leaf punch, yielding a pooled sample
representative of the batch. These discs were oven-dried at 65 ◦C to constant mass using an
electric blast drying oven (Model 101-3B, SUNNE, Shanghai Shangpu Instrument Equip-
ment Co., Ltd., Shanghai, China) for the calculation of SLA. All remaining leaves from
each culm were also oven-dried at 65 ◦C to determine total leaf dry mass. Total leaf area
per culm was derived by multiplying the corresponding batch SLA value by the total leaf
dry mass of the culm [22–24]. Across the three sampling batches, the SLA values were
227.35, 196.19 and 286.65 cm2/g, with an overall mean of 236.73 cm2/g and a coefficient of
variation of 19.41%.

Total leaf area at the culm scale (LA) is given by Equation (1).

LA = SLA·Mt (1)

where SLA = As/Ms, As is the total area of the 200 leaf discs in the batch subsample, Ms is
the corresponding dry mass of the batch subsample, and Mt is the total leaf dry mass of all
leaves from the same culm.

SLA was determined for each sampling batch using the pooled disc subsample and
was applied uniformly to all individuals within the same batch for leaf area upscaling.
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Extreme outliers in the dataset were identified and excluded via the interquartile range
(IQR) method during data preprocessing in order to guarantee data quality and mitigate
the interference of abnormal observations on subsequent model fitting.

2.3. Model Construction

Three categories of models were developed to estimate the total leaf area (LA) of
individual D. brandisii and evaluate the performance of various modeling approaches:
(i) allometric models based on established scaling relationships, (ii) linear and log-linear re-
gression models used as statistical benchmarks, and (iii) machine learning models focusing
on predictive performance.

2.3.1. Allometric Models

Allometric models were developed under the assumption that leaf area scales with
plant size following power-law relationships. We used diameter at breast height (DBH) and
culm height (H) as predictor variables because they are commonly measured in bamboo
forest inventories and are important structural features of individual culms [25,26].

Although inherent structural collinearity exists between DBH and culm height, we
established both DBH-only univariate models and DBH + H bivariate models for two
explicit research purposes. First, the bivariate model setting enables quantification of
the incremental information value of culm height for leaf area estimation beyond DBH,
responding to the common practical question of whether dual-factor models provide addi-
tional estimation gains in bamboo forest inventory. Secondly, it provides directly referable
model forms for stand inventory practice and enables the testing of the applicability of
common dual-factor allometric equations in D. brandisii stands.

Using non-linear least squares regression, we estimated the parameters of three com-
monly used allometric equations:.

Model A (DBH-based power model):

LA = a·DBHb (2)

Model B (DBH-H extended model):

LA = a·DBHb·Hc (3)

Model C (compound structural variable model):

LA = a·(DBH 2·H)b (4)

2.3.2. Linear and Log-Linear Regression Models

We used the same variable scheme as the allometric models to create linear and log-
linear regression models for comparison to non-linear allometric models. Logarithmic
transformation linearizes power-law relationships and stabilizes variance. These regres-
sion models were included primarily as statistical references rather than as mechanistic
representations of bamboo growth.

The multiple linear regression model was expressed as:

LA = a + b·DBH + c·H (5)

The log-linear model was obtained by applying natural logarithmic transformation to
both the response variable and predictors:

ln(LA) = a + b·ln(DBH) + c·ln(H) (6)

https://doi.org/10.3390/f17080863

https://doi.org/10.3390/f17080863


Forests 2026, 17, 863 6 of 19

Direct exponentiation of predicted values from Equation (6) would introduce sys-
tematic re-transformation bias, so the Baskerville correction factor CF= exp(SEE2 /2) was
multiplied to the back-transformed results to eliminate underestimation [27], where SEE
denotes the standard error of estimate of the log-linear regression model.

2.3.3. Machine Learning Models

We used two popular machine learning algorithms, Random Forest (RF) regression
and Support Vector Regression (SVR), to obtain more accurate predictions. The RF model is
a kind of ensemble learning that makes many regression trees using bootstrap samples and
random groups of predictor variables [28,29]. SVR employs kernel-based learning to ascer-
tain the non-linear relationships between predictors and response variables [30,31]. Both
RF and SVR models used diameter at breast height (DBH) and culm height (H) as predictor
variables to ensure comparability with the regression-based approaches. Model hyper-
parameters were optimized using cross-validation to improve predictive performance and
generalization ability.

2.4. Model Evaluation and Validation

All candidate models were first fitted to the complete dataset to obtain final parameter
estimates and in-sample fit statistics, including the coefficient of determination (R2), root
mean square error (RMSE), mean absolute error (MAE), Akaike Information Criterion
(AIC), and the small-sample corrected AIC (AICc). The AICc was used to compare model
parsimony and assist in selecting the optimal model.

We used 5-fold cross-validation to test predictive performance. This meant that the
dataset was randomly split into five groups of about the same size. One of the subsets
was used as validation data, and the other subsets were used to train the model in each
iteration, until all subsets had served once as the validation set [32,33].

We performed non-parametric bootstrap resampling (1000 iterations, with replace-
ment) to assess model stability under limited sample size. Bootstrap distributions were
used to estimate model parameters (a, b, and c), prediction errors, and their 95% confidence
intervals; parameter estimates are reported as bootstrap means. Table S1 (Supplementary
Material) shows the parameter estimates that were found by fitting the full dataset to all
candidate allometric models.

Residual diagnostics were also examined to assess whether there was any systematic
bias across the fitted range. As no independent external validation dataset was available,
model validation in this study should be regarded as internal validation based on cross-
validation and bootstrap resampling.

The evaluation metrics were calculated as follows:

1. Coefficient of determination (R-squared, R2):

R2= 1 − ∑n
i=1(yi − ŷi)

2

∑n
i=1(yi − yi)

2 (7)

where:

yi denotes the observed values.
ŷi denotes the predicted values.
y is the mean of the observed values.

2. Root mean square error (RMSE):

RMSE =

√
1
n

n

∑
i=1

(yi − ŷi)
2 (8)
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where:

yi denotes the observed values.
ŷi denotes the predicted values.
n is the sample size.

3. Akaike Information Criterion Corrected (AICc):

AIC = 2k + n

[
ln2π

∑n
i=1(yi − ŷi)

2

n
+ 1

]
(9)

AICc = AIC +
2k(k + 1)
n − k − 1

(10)

where:

k is the number of parameters.
n is the sample size.
yi is the observed value.
ŷi is the predicted value.

3. Results
3.1. Descriptive Statistics and Correlation Structure

The data for diameter at breast height (DBH), culm height (H), age, and individual
leaf area (LA) for D. brandisii are summarized in Table 1.

Table 1. Descriptive statistics of structural variables and leaf area.

Count Mean Std Min Max CV (%)

DBH (cm) 52 4.558 1.796 1.600 8.360 39.392
Height (m) 52 8.027 3.249 2.800 16.300 40.472

Age (yr) 52 2.500 0.505 2.00 3.00 20.195
Leaf Area (m2) 52 12.554 9.561 0.960 40.230 76.159

DBH varied from 1.600 to 8.360 cm, with an average of 4.558 cm (SD = 1.796 cm). The
culm height varied between 2.80 and 16.30 m, with an average of 8.027 m (SD = 3.249 m).
The total leaf area per plant varied greatly, from 0.960 to 40.230 m2, with an average
of 12.554 ± 9.561 m2. The coefficient of variation for total leaf area (76.16%) was much
higher than for DBH (39.392%) or culm height (40.472%). This pronounced variation in
leaf area may stem from multiple combined factors. It partly reflects differences in foliar
allocation among culms of similar structural size and may also be driven by sampling noise,
seasonal variation across collection dates, accumulated error in SLA-based estimation, and
unmeasured microenvironmental heterogeneity.

The results of the Pearson correlation analyses indicated robust positive correlations
between LA and DBH (r = 0.826, p < 0.01) and between LA and height (H) (r = 0.760,
p < 0.01). However, LA showed a negative relationship with age (r = −0.701, p < 0.01).
DBH and H were very closely related (r = 0.922, p < 0.01), which means that the structural
predictors might be multicollinear (see Table 2).

We calculated variance inflation factors (VIFs) to look more closely at possible multi-
collinearity among the predictors. VIF diagnostics indicated moderate multicollinearity for
DBH (VIF = 8.523) and height (VIF = 6.713), whereas age exhibited no significant collinearity
concerns (VIF = 3.374) (see Figure 2).
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Table 2. Pearson correlation coefficients among individual growth traits of D. brandisii.

DBH (cm) Height (m) Age (yr) Leaf Area (m2)

DBH (cm) 1
Height (m) 0.922 ** 1

Age (yr) −0.838 ** −0.788 ** 1
Leaf Area (m2) 0.826 ** 0.760 ** −0.701 ** 1

Note: ** p < 0.01.

Figure 2. Variance inflation factors analysis of candidate predictors.

3.2. Model Performance Comparison

The performance of the models is detailed in Table 3. Allometric models consistently
demonstrated strong and stable predictive performance across all assessed methodologies,
especially the model relying exclusively on DBH. Model A was the best-performing of all
the allometric formulations tested. It had the lowest AICc value (173.760) and achieved
the optimal balance between goodness-of-fit and model parsimony. Models with more
predictors (e.g., culm height, Model B) or different structural expressions (Model C) resulted
in higher RMSE and AICc. These models also performed less well on cross-validation,
with lower CV-R2 and higher CV-RMSE. Therefore, increasing the model complexity does
not improve their performance. Moderate predictive accuracy was observed with linear
and log-linear regression models. The log-linear model was better than the simple linear
model, but both were still worse than the best allometric model. The machine learning
approaches showed different performance levels. Although the Random Forest model
had the highest apparent calibration fit (R2 = 0.942), this advantage was not observed
under cross-validation (CV-R2 = 0.496; CV-RMSE = 5.659 m2), which suggests limited
generalizability and likely overfitting under the small-sample condition. Support vector
regression (SVR) was similarly unstable across validation folds.

Table 3. Model performance comparison (R2, RMSE, AICc, and cross-validation results).

Model R2 RMSE (m2) CV-R2 CV-RMSE (m2) AICc

Model A 0.710 5.104 0.609 ± 0.230 5.058 ± 2.066 173.760
Model B 0.713 5.073 0.582 ± 0.217 5.290 ± 2.111 175.393
Model C 0.678 5.373 0.584 ± 0.249 5.244 ± 2.315 179.109

Linear regression 0.682 5.340 0.536 ± 0.253 5.534 ± 2.263 180.721
Log-linear regression 0.695 5.229 0.569 ± 0.264 5.295 ± 2.234 178.546

Support Vector Regression 0.669 5.444 0.495 ± 0.290 5.973 ± 2.920 182.726
Random Forest 0.942 2.288 0.496 ± 0.323 5.659 ± 2.327 -

Note: The AICc is not reported for the Random Forest model because this is a non-parametric ensemble method
which does not provide a likelihood function.
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To further assess the reliability of the predictions at an individual level, 95% prediction
intervals and their empirical coverage were calculated for all candidate models (Table 4).
Empirical coverage of the three allometric models and the linear regression model was
0.942, which was near the nominal 95% level and confirmed well-calibrated interval es-
timation. Among them, Model A had the lowest mean prediction interval (21.303 m2),
indicating the lowest individual prediction uncertainty, and the models with height (Model
B: 21.587 m2; Model C: 22.427 m2) resulted in slightly wider intervals, further confirming
the finding that the inclusion of culm height did not reduce prediction uncertainty. The
log-linear model had slightly conservative coverage (0.962) but the widest mean interval
(29.504 m2). Its maximum upper bound was 92.758 m2, indicating a marked inflation
of prediction uncertainty in the high-DBH range after logarithmic back-transformation.
Note that although SVR and RF obtained the narrowest nominal intervals (mean widths of
7.436 m2 and 8.499 m2, respectively), their empirical coverage values were only 0.442 and
0.596, well below the nominal 95% level. Thus, their apparently precise intervals greatly
underestimated the true prediction uncertainty, adding to the evidence for overfitting in the
small-sample condition. Together, these results confirmed the parsimonious DBH-based
Model A as the most reliable and well-calibrated predictive performance.

Table 4. Summary statistics with 95% prediction intervals and empirical coverage for all candi-
date models.

Model Mean_PI_Width Median_PI_Width Minimum_PI_Lower Maximum_PI_Upper Empirical_Coverage

Model A 21.303 21.210 −8.773 44.945 0.942
Model B 21.587 21.332 −8.962 44.523 0.942
Model C 22.427 22.314 −8.841 46.320 0.942

Linear regression 22.731 22.559 −11.915 41.075 0.942
Log-linear regression 29.504 24.765 0.761 92.758 0.962

Support Vector Regression 7.436 7.098 1.154 31.265 0.442
Random Forest 8.499 6.015 0.967 39.690 0.596

Note: All prediction intervals (PIs) are reported at the 95% level. Empirical coverage denotes the proportion
of observed leaf area values falling within the nominal 95% prediction interval; a value close to 0.95 indicates
well-calibrated interval estimation.

We also conducted a prediction sensitivity analysis at the 5th and 95th percentiles
of the sampled DBH distribution to further evaluate structural extrapolation risk beyond
global prediction interval statistics (Table 5). This covered the main body of the data while
excluding extreme outlier values. Relative prediction sensitivity was identical at both
boundaries for all allometric power-law models but absolute prediction deviation was
much higher at the upper DBH boundary, suggesting greater uncertainty for large-diameter
individuals. The linear regression model showed extreme instability at the lower DBH end
with a relative change of more than 260%, further confirming the advantage of allometric
equations in leaf area estimation. We recommend caution in the use of the models near the
boundaries of the sampled DBH range and advise against extrapolation outside the range
of the observed data distribution.

Figure 3 shows the observed vs. predicted LA values for all models. Allometric models
based on DBH predicted values very close to the 1:1 line (the red dashed line) and more
complex models (e.g., linear regression, log-linear regression, and SVR) showed greater
scatter, particularly at higher LA values. The cross-validation results in Figure 4 support
this visual pattern, with the parsimonious allometric models showing lower variability and
therefore more stable and consistent performance than more complex models.
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Table 5. Prediction sensitivity analysis at the lower and upper boundaries of the sampled DBH range.

Model
Lower DBH Boundary (1.81 cm) Upper DBH Boundary (7.501 cm)

Baseline LA
(m2)

Max Absolute
Change (m2)

Max Relative
Change (%)

Baseline LA
(m2)

Max Absolute
Change (m2)

Max Relative
Change (%)

Model A 2.152 0.4 18.61 27.45 5.109 18.61
Model B 1.674 0.361 21.54 30.724 6.618 21.54
Model C 4.162 0.466 11.2 20.276 2.271 11.2

Linear regression 0.309 0.806 261.22 25.666 3.342 13.02
Log-linear regression 3.208 0.462 14.41 23.896 3.443 14.41

Note: Boundary sensitivity analysis was conducted at the 5th percentile (1.81 cm) and 95th percentile (7.50 cm)
of the observed DBH distribution, in the mean culm height scenario (8.027 m). At each boundary point, DBH
was perturbed by ±5% and ±10%, and predicted leaf area was recalculated for each model. Baseline LA refers
to the predicted value at the unperturbed boundary DBH. Local elasticity denotes the proportional response of
predicted LA to proportional DBH change. Max Absolute Change and Max Relative Change (%) represent the
maximum deviation of predicted LA induced by DBH perturbation at each boundary, quantifying prediction
sensitivity and extrapolation risk near the edges of the main data distribution.

  

  

Figure 3. Observed versus predicted individual leaf area (LA) for all seven candidate models, grouped
by category: allometric models in the first row, classical regression models (linear and log-linear) in
the second row, and machine learning models (SVR and Random Forest) in the third row. Blue dots
denote individual observations; the red dashed line indicates the 1:1 reference line. R2 and RMSE are
annotated in each panel.
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Figure 4. Cross-validation results (RMSE and R2 across folds).

3.3. Parameter Sensitivity and Structural Dominance

Sensitivity analysis of the allometric parameters showed that the culm diameter was
significantly correlated with variation in total leaf area. The scaling exponent b in the
DBH-based power-law model (Model A) was always >1, with a bootstrap mean of about
1.80, with confidence intervals not too wide (Table 6). In Model B (the DBH–H model), the
mean predicted exponent for culm height (c) was −0.090, with a 95% confidence interval
from −0.657 to 0.959. This shows that there was considerable uncertainty and that height
had a weak effect. Model C also had fairly stable parameter estimates, but its composite
structure made it difficult to interpret the effects of each variable directly.

Table 6. Allometric model parameters and bootstrap confidence intervals.

Model a b c a (95% CI) b (95% CI) c (95% CI)

A 0.765 1.813 – 0.301–1.372 1.475–2.285 –
B 0.812 1.901 −0.090 0.287–1.610 0.674–2.653 −0.657–0.959
C 0.680 0.566 – 0.291–1.173 0.468–0.698 –

Note: The parameter estimates (a, b, and c) are presented as bootstrap means obtained from the nonparametric
resampling of the original dataset. We used 1000 bootstrap iterations to measure uncertainty and the percentile
method to find 95% confidence intervals. Dashes indicate that the parameters are not included in the model.

Residual diagnostics (Figure 5) further corroborated these patterns. Residuals (the
difference between observed and predicted values) were mostly close to zero for all models.
For the DBH-based allometric models (Models A, B, and C) and the linear regression model,
the residual trend lines stayed mostly horizontal across the fitted range, with no clear
systematic bias. On the other hand, models like Random Forest, Support Vector Regression,
and log-linear regression had more variable residuals and less consistent patterns across
the fitted range.

When examined together, these results show that culm diameter is the main factor
that explains changes in total leaf area.
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Figure 5. Residual analysis (observed–predicted LA versus predicted LA) for all seven candidate
models, grouped by category: allometric models in the first row, classical regression models (linear
and log-linear) in the second row, and machine learning models (SVR and Random Forest) in the
third row. Blue dots denote residuals; the red dashed line indicates zero residual, and the green solid
line represents the residual trend. Mean residual and SD are annotated in each panel.

4. Discussion
4.1. DBH Dominance and the Limited Incremental Value of Culm Height

We have demonstrated that diameter at breast height (DBH) is the primary structural
variable that can be used when determining individual total leaf area (LA) in D. brandisii.
Across all candidate models, DBH-based allometric formulations consistently achieved
superior overall performance in terms of prediction accuracy, parameter stability, and
model parsimony compared with formulations that explicitly incorporated culm height
(H) [34,35]. This result confirms that DBH is the most important structural factor explaining
total leaf area (LA) of D. brandisii in the studied population.

These results are consistent with general plant allometric theory that predicts that
diameter-related traits capture the major dimensions of plant hydraulic transport capacity,
mechanical support, and carbon transport potential and thus provide a critical nexus
linking plant structural traits with functional performance [36–38]. In bamboo culms, DBH
directly constrains the density of vascular bundles and the effective cross-sectional area of
conductive tissues, and this is the main constraint on maximum hydraulic conductivity
and thus the maximum transpiring leaf area that can be supported at the individual
level [39–41]. Within the age range examined in this study, the structural load-bearing
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and resource transport capacity represented by DBH exhibited a stronger and more stable
association with LA accumulation than culm height [42,43].

The bivariate analysis showed a strong correlation between individual LA and culm
height. However, the inclusion of height in the allometric models only slightly improved
their performance and made parameters much less certain [25,44]. Scaling exponents related
to height were weak and unstable across sample iterations in bootstrap resampling [45].
This means that culm height contributed little independent information to explain indi-
vidual LA variation after accounting for DBH, which is consistent with well-documented
allometric covariation among plant size traits [46,47]. The instability of height-related
parameters was further demonstrated by the negative point estimate of the height exponent
in Model B (c = −0.09; Table 4), whose confidence interval included zero. This pattern
should be primarily interpreted as a symptom of parameter non-identifiability induced
by strong multicollinearity between DBH and culm height, rather than a direct reflection
of weak or negative biological influence of height on leaf area. When two structurally
coupled size traits share a large proportion of their covariation with leaf area, the model
cannot uniquely disentangle their independent functional contributions from the available
data, leading to highly volatile coefficient estimates and spurious sign shifts. At the model
level, this means that the inclusion of height as a second predictor does not translate to
meaningful gains in predictive accuracy but rather reduces parameter stability and model
generalizability. Hence, this provides a key statistical justification for the adoption of the
parsimonious DBH-only allometric model.

From a biological point of view, this statistical pattern has a clear developmental basis.
Culm height is mainly determined during a short period of rapid elongation by intercalary
meristems, while radial growth better represents later structural reinforcement and resource
allocation capacity [48,49]. Previous studies have shown that Moso bamboo (Phyllostachys
edulis) does not produce leaves until it reaches a certain height and that there is a weak
direct correlation between culm height and leaf development [50]. Similar patterns have
been widely reported in allometric studies of other species of bamboo and woody plants.
Height usually adds little to the explanation at the level of the individual plant [51,52].

The strong collinearity that we found between DBH and culm height limits the practi-
cal value of adding height as a predictor for estimating leaf area at the individual level [53].
Importantly, this statistical redundancy does not detract from the intrinsic biological value
of culm height, which performs critical functions in light interception, the positioning
of the canopy and mechanical support, but rather reflects the fact that its independent
effect could not be disentangled due to close structural coupling to DBH during culm
development. Conversely, parsimonious allometric models based on DBH can effectively
reduce parameter redundancy while maintaining predictive accuracy, making them more
robust and interpretable [54]. Destructive sampling for the measurement of total leaf area in
bamboo forests is often a costly and labor-intensive task. DBH is a simple-to-measure, rapid
and non-destructive structural trait that allows for the determination of the individual total
leaf area [55–57].

4.2. Implications of the Comparison Between Allometric and Machine Learning Approaches

We compared the performance of biologically grounded allometric models and data-
driven machine learning approaches for predicting the total leaf area of individuals. An
important finding is that increased model flexibility does not result in better predictive
generalization, given the limited sample size and the limited set of predictors used in
this study.
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The Random Forest model showed excellent goodness-of-fit in sample-based calibra-
tion, but its performance degraded substantially in cross-validation, indicating a higher
risk of overfitting with small sample sizes [58,59]. The Support Vector Regression model
showed variable performance during cross-validation, reflecting generalization challenges
faced by high-flexibility models for the data size and predictor configuration of the current
study [60,61].

Importantly, all machine learning models were implemented with predefined hyper-
parameters, rather than being tuned extensively. Therefore, the observed instability was
likely due to the intrinsic sensitivity of flexible algorithms to small sample sizes rather than
a tuning-induced bias. The distinction suggests that the weaker generalization of machine
learning models that we identified in this study was due to insufficient sample support for
complex functional forms, not to flaws in model implementation.

In contrast, allometric models based on biological scaling theory demonstrated su-
perior generalization ability and more stable parameter estimates. DBH-based allometric
models consistently outperformed other modeling frameworks in terms of prediction accu-
racy, parameter stability, and model parsimony when compared with formulations that
explicitly took into account culm height (H) [62,63]. DBH provides a central structural
constraint to bamboo leaf area estimation, leading to a strong, inherently stable allometric
relationship, with little systematic residual variation to be exploited by flexible data-driven
models. Under these conditions, increasing model complexity in the absence of biological
constraints mainly captures sampling noise rather than true functional relationships. This
may explain why we did not find the accuracy improvements often reported for machine
learning approaches applied to larger and more heterogeneous datasets. This finding is
consistent with a view gaining traction among many ecologists, namely, that the applica-
tion of machine learning algorithms directly on insufficiently large datasets often fails to
produce robust and interpretable results [64,65].

Our results indicate that in bamboo research, where destructive sampling restricts the
number of data that can be obtained and the structural uniformity of culms is consistent
with assumptions of biological scaling, theory-based allometric methods are preferable to
data-hungry machine learning algorithms for estimating leaf area and operational forest
inventories [10,25,47].

4.3. Limitations and Scope of Application

Several limitations should be acknowledged when interpreting our findings, as they
define the boundary conditions and generalizability of the proposed allometric models.

First, all the D. brandisii culms that were sampled lay within a narrow age range of
2–3 years. Thus, the leaf area estimation equations and the related conclusions obtained
in this study are currently only valid for 2–3-year-old individuals. Furthermore, stand
structural traits and environmental factors such as stand density, intra-clump competition,
soil fertility, and water availability were not explicitly included in the modeling framework.
DBH development and culm developmental pathways are influenced by these factors,
which can indirectly limit leaf area expression [66–68]. The observed dominant DBH–LA
relationship, with its strong power-law pattern and consistent allometric exponent, should
be interpreted as site- and age-specific outcomes, rather than invariant species-level scaling
laws, given the narrow range of stand environments included in the dataset. Also, while
we sampled during several seasons, we did not explicitly measure the degree of seasonal
variation in individual leaf area. Changes in phenology of leaf retention and canopy
turnover can influence total leaf area through the annual cycle, and this may introduce
additional uncertainty into estimated allometric relationships.
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Second, there are several methodological limitations that could affect the reliability
of the model. These models were only internally validated using cross-validation and
bootstrap resampling, and no independent external dataset was used to evaluate the
model. However, extrapolation beyond the observed range of DBH is inherently risky
because the relatively small sample size causes allometric fits to differ from the expected
pattern at the lower and upper limits of the predictor variable. Power-law models showed
scale-invariant relative sensitivity, but the absolute deviation in predictions increased
substantially towards the upper boundary (0.400 m2 to 5.109 m2 for Model A), indicating
substantially larger absolute uncertainty for large-diameter individuals. As we measured
the total leaf dry mass per culm but not the total leaf area, the total leaf area was estimated by
multiplying the total leaf dry mass by the SLA measured at the batch level. However, SLA
varied substantially seasonally, from 196.19 to 286.65 cm2/g (CV = 19.41%) among batches,
resulting in systematic uncertainty in LA estimates at the batch level. The variability of this
SLA and the low number of sampled batches do not allow for a full characterization of the
SLA temporal dynamics. Future studies with a larger number of sampling batches and
measurements of SLA at the individual level would further improve the accuracy of leaf
area estimation.

Nevertheless, this study still contributes to filling a significant regional research gap.
Most existing leaf area allometric equations have been developed and validated mainly
for timber tree species, while empirical evidence for sympodial clumping bamboos is
still relatively scarce. D. brandisii is a typical clumping bamboo and is quite different
from arborescent trees in culm structure, dynamics of canopy development and biomass
allocation strategies. In addition, the studied population was introduced to the tropical
region of Sanya, Hainan, where unique hydrothermal conditions shape distinct growth
traits relative to its native range. To date, no site-specific leaf area allometric model has
been reported for this introduced bamboo population under such environmental contexts.
The species and site-specific parameters presented here provide direct empirical support
for the management of local bamboo forest, canopy functional monitoring and carbon sink
assessment, while enriching the basic allometric dataset for clumping bamboo taxa for
future cross-species comparative studies. In the future, it will be important to conduct
research that incorporates broader age gradients, density-dependent effects, environmental
covariates and continuous fixed-point observations throughout the year to determine
the regulatory mechanisms of age class, seasonality and environmental heterogeneity on
individual leaf area and to further improve the universality and reliability of DBH-based
leaf area estimation models.

5. Conclusions
In this study, we evaluated various allometric and data-driven models to estimate

the total leaf area of individual culms of D. brandisii using easily measurable structural
variables. DBH was consistently the most important factor to predict the total leaf area
of each individual in all candidate models, and the addition of culm height (H) only
marginally improved the fitting performance. Thus, structural aspects associated with
diameter are the major determinants of the total leaf area per individual culm. Basic DBH-
based power-law allometric models were as good as more complex models and machine
learning approaches for prediction but were simpler, more stable and easier to understand.
The strong overfitting of Random Forest models is a warning about the dangers of applying
data-hungry methods to ecological data with small sample sizes. Our results indicate
that DBH-based allometric models can be used to estimate the total leaf area of a single D.
brandisii culm in the setting of the studied plantation, which has obvious implications for the
refined and precision management of D. brandisii plantations. The proposed models were
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developed and validated for the specific environmental conditions, plantation management
regimes and age range of the study site, and their use should be limited to similar site
conditions and culm age classes. Extrapolation of these models to other geographic regions,
different soil or climate conditions or bamboo plantations with substantially different stand
characteristics should be made cautiously and requires further local calibration.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/f17080863/s1, Table S1. Parameter estimates for all candidate
allometric models.
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