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Abstract

Accurate estimation of mangrove biomass is a key component of the blue carbon economy, and
allometric equations are a cornerstone of methodological approaches to quantify carbon from
plot to landscape scales. A perennial question facing investigators is whether global allometric
equations can be applied to their region of interest, or whether trees need to be harvested to
provide accurate local estimates. Further, it is not always clear which combinations of tree
measurements provide the most accurate estimates. We examined 16 different allometric
equations for four tree measurements within a global data set of 710 trees for three common
trans-Atlantic mangroves species. To determine the best performing models, we used mixed
effects with site location and tree species modeled as random effects, and combinations of tree
height, diameter at breast height (DBH), canopy diameter, and wood density as fixed effects
resulting in 112 different models. The best performing model was a fixed effects model with
three of four parameters (R?=0.974, RMdSE=2.495) although many mixed effects models were
comparable, and in general models with more parameters performed better even after penalizing
model complexity. Variance partitioning and the conditional mode of univariate models indicate
that site and species identity contribute relatively little to overall variance. These results provide
qualified support for the use of global equations when high-quality local equations are not
available. For example, a DBH only fixed effects model adds only 514 grams of median error
relative to the best model (R?=0.949, RMdSE=3.009). Our results can also help subsequent
investigators prioritize data collection efforts, by highlighting data gaps, and variable
combinations that yield the most accurate biomass estimation versus the time required to
measure them.
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Introduction

Mangrove forests cover an area of approximately 135,000 km? across the globe (Leal and
Spalding, 2022; Hamilton and Presotto, 2024). While a relatively small fraction of global
forested land (40.6 million km?; FAO, 2020), the outsized importance of mangroves to the blue
(i.e., coastal) carbon economy has become increasingly recognized (Bertram et al., 2021; Qin et
al., 2025). Due to the low oxygen levels in their soils, mangroves tend to accumulate detritus and
sequester high levels of carbon below ground (Donato et al., 2011). In addition, mangroves serve
as recruitment zones for a range of marine and terrestrial species (Laegdsgaard and Johnson,
2001; Mumby et al., 2004; Branoff and Campos-Cerqueira, 2021) and as storm buffers,
attenuating wave impacts in areas with intense cyclonic activity (Alongi, 2008; Zhang et al.,
2012).

The capacity of mangrove forests to provide these ecosystem services is strongly correlated with
tree size and standing biomass (Stephenson et al., 2014; Pugh et al., 2019). In fact, biomass



estimation in forests worldwide is an area of intense interest and researchers have employed a
range of approaches to estimate biomass in mangroves from traditional forest mensuration in the
field, to inferring tree dimensions from remotely sensed data (typically tree height; Chave et al.,
2005; Komiyama et al., 2008; Heumann, 2011; Navarro et al., 2020; Leal and Spalding, 2022).

Central to most biomass estimation efforts are empirically derived allometric equations which
use harvested trees of varying size to relate standing biomass to more easily measured tree
dimensions such as diameter at breast height (DBH), tree height, or canopy diameter (Komiyama
et al., 2008; Rovai et al., 2021). Allometric functions are known to be influenced by the range of
tree sizes examined, which for mature mangrove stands, varies considerably at geographic scales
(Lugo and Snedaker, 1974; Rovai et al., 2021) and is strongly influenced by surface hydrology
and soil nutrients (Cintron et al., 1978; Sherman et al., 2003); temperature, humidity and salinity
(Osland et al., 2014; Devaney et al., 2021); and the intensity and frequency of disturbances
(Simard et al., 2019; Krauss and Osland, 2020).

Due to the varying effects of these edaphic and climatic variables, a common practice is to
harvest trees in natural areas of interest to support local biomass estimation, based on the
prevailing view that locally derived allometric equations will outperform more general (global)
equations developed using data collected elsewhere (Chave et al., 2005; Komiyama et al., 2008;
Chave et al., 2014). In earlier work by our group, we examined the performance of local vs
global equations in predicting biomass using bivariate allometric fixed effects models (Price et
al., 2024), where global refers to models fit to data drawn from numerous sites throughout a
given species’ entire range, and local refers to data drawn from a single site or local area. We
found that while some local equations had lower root mean squared errors (RMSE) than global
equations, others did not, and the improvement over global equations was typically modest and
strongly dependent on sample size. The application of local vs. regional/global allometry has
long been a debate in forest mensuration with varying conclusions depending on site and system
(Komiyama et al., 2005; Chave et al., 2014).

Univariate models (e.g. DBH or height) were used in this earlier work (Price et al., 2024) for
several reasons. First, power laws of the form In(Y)=In(a)+b In(X) have a long history of
theoretical and empirical use (Huxley, 1924; Schumacher and Hall, 1933), and estimating the
slope (b) and intercept (In(a)) of these relationships allows easy comparison to predictions from
theoretical models (McMahon and Kronauer, 1976; West et al., 1999; Price et al., 2022), or
values of In(a) and b derived from other empirical data fitting (Komiyama et al., 2008). Further,
due to the challenges associated with measuring tree height, some researchers simply measure
tree DBH, and DBH is often found to be the best single estimator of aboveground tree biomass
(AGB) (Chave et al., 2005; Lima et al., 2012), with R? values frequently greater than 0.9 for
mangroves (Komiyama et al., 2008; Price et al., 2024). Alternatively, studies based on remotely
sensed data typically use tree height or canopy area to estimate AGB (Simard et al., 2006;
Feliciano et al., 2017), thus the ability of height and/or canopy area to predict AGB is also of
strong interest.

While our first analysis (Price et al., 2024) showed the dependence of model performance on
sample size and the potential utility of single variate global equations, it did not consider the



performance of multivariate models and whether modelling site or species identity as random
effects might improve model performance and identify key sources of variance. There have been
many approaches to biomass estimation using regression models (Chave et al., 2005; Sileshi,
2014). While single variable models are common, if multiple predictors can improve model
performance through more accurate prediction, their use is warranted. Usually one would need to
account for model complexity with the increased number of parameters through the use of
likelihood criterion such as Akaike information criterion (AIC) or Bayesian information criterion
(BIC) (Burnham and Anderson, 1998), as well as for the potential interference of any collinear
predictors via the variance inflation factor (VIF) (Menard, 1994) and whether the inclusion of
random effects is warranted by examining of the Intraclass Correlation Coefficient (ICC)
(Snijders and Bosker, 2012).

Here we build upon and expand the logic and approach of Chave et al. (2005) to compare the
performance of a range of allometric equations in predicting aboveground biomass of the three
most commonly found mangrove species throughout the Atlantic East Pacific biogeographic
region (Spalding et al., 2010). We examine how field-measured variables such as tree DBH,
height, and canopy diameter, with or without species wood density, perform in predicting AGB
as single variables, and in a series of combinations as we describe below. We also incorporate
geographic site location and species identity as random effects to determine the extent to which
variance partitioning affects model choice (Feldpausch et al., 2011; Harrison et al., 2018;
Cysneiros et al., 2021). We examine interspecific data groupings and use several summary
statistics to inform our choice of the best models. This combined approach will allow us to
address four main objectives:

Evaluate the performance of multivariate allometric equations.

Determine whether species and/or site effects significantly improve biomass prediction.
Quantify the contribution of fixed and random effects to the total variance.

Evaluate the extent to which a global DBH model is sufficient for mangrove biomass
estimation.

Methods
Linking Geometry to Allometry

Superficially, a tree is a network of connected internodes approximated by a cylinder (more
accurately a conical frustum). Based on this simple geometric reasoning, the volume (V) of the
aboveground portion of a tree can be expressed as,

V=F><(”TD2)><H 1)

where D is typically DBH and H is tree height (Cannell, 1984). The coefficient F is the form
factor, which is meant to capture the taper or overall shape of a tree (Gray, 1956; Oluwajuwon et
al., 2025). F is defined as the ratio of the volume of a tree’s stem to that of a reference geometric
shape, typically a cylinder. If a tree were an isometric cylinder, the form factor would equal 1.



The assumption that trees can be approximated as cylinders is similar to Yoda’s pipe model
(Shinozaki et al., 1964). Multiplying both sides of equation 1 by tree wood density (p) expresses
the relationship in terms of mass,

AGB=F><p><("TDZ)><H (2).

Applying equation 2 to trees of varying size is problematic because it has long been established
that the changes in D and H are allometric, meaning they change at different rates (Niklas, 1994).
This is usually accounted for by expressing the proportional relationship between the two
variables as H o D?, where f is an exponent that captures the allometric change. Theoretical
arguments based on elastic similarity predict that g will equal 2/3 (McMahon, 1973; McMahon
and Kronauer, 1976), however both intraspecific and interspecific data compilations indicate that
tree height vs DBH is frequently non-linear on logarithmic axes and often has exponents that
differ from 2/3 (Niklas, 1995; Price and Schroeder, 2024).

Allowing for allometric change in equations for biomass prediction is typically represented by
power law equations of the form,

AGB = cDF (3)

where c is a constant that effectively captures changes due to wood density or tree taper, and the
exponent S reflects the change in tree shape with size. The composite function in equation 2 can
similarly be represented as,

AGB = c¢(D*Hp)? or AGB = c(C?*Hp)P (4)

where C refers to canopy diameter, and both versions of Eq. 4 represent trees as volumes (area x
length).

As tree growth is a multiplicative process (Gingerich, 2000; Kerkhoff and Enquist, 2009), data
are usually examined on logarithmic axes thus equation 3 becomes,

log AGB =logc + f logD 5)

These single variate equations perform reasonably well in predicting AGB of mangroves and are
widely utilized. However, DBH or height alone does a poor job in capturing the overall size and
shape of a tree, thus many researchers have utilized multiple variables to predict AGB
(Schumacher and Hall, 1933), typically of the form,

log AGB =logc + f,logD + 5, logH + B3 logp (6)

Incorporating DBH, height and wood density into equation 6, may increase prediction accuracy
by allowing for a multidimensional representation of the plant’s form, and recognizing that large
changes in wood density will impact the predicted biomass.

Two additional sources of variation are likely to impact model performance. First, site-based
variability in growing conditions such as temperature, salinity, etc. are known to impact
mangrove growth (Chapman et al., 2021; Ahmed et al., 2023). Second, while many species,



including the three species examined here, share distant (100+ mya) common ancestors (He et
al., 2022), each species has its own unique evolutionary history and distinct adaptations,
particularly with respect to surviving in unstable, saline soils (e.g., prop roots, pneumatophores,
salt glands). Thus, species specific adaptations may lead to differences in allometric functions.
Both site location and species identity can be incorporated into our model as random effects,
which may change the scaling exponent and/or constant. For example, in the single variate case,
equation 5 becomes,

log AGB =logc + blogD + as + s logD + y, + 6, logD @)

where the subscripts as and Ss refer to the random effects of species on the scaling constant and
exponent, respectively, and y. and J. refer to the random effects of site location on the scaling
constant and exponent, respectively. Individuals of different species or under different growing
conditions (sites), may have the same DBH, for example, but differ in their AGB. Random
slopes/exponents and intercepts account for these differences when estimating the effect of
diameter on AGB. Using our same example from above, this is representative of the “effect” or
power that diameter has on AGB, where the AGB of individuals from different species or sites
may respond differently in growth or biomass allocation to the same incremental change in
diameter. In effect, by accounting for these sources of variability inherent within each species or
site, we are acknowledging that we cannot define its source, thus we first separate the group
specific variability (i.e. random effects) from the larger population before fitting for the fixed
effects coefficients (slopes) on the residual variability. One goal of mixed effects modeling is to
determine how important these random effects are relative to the classic and already well
described “fixed” effects of DBH, height, etc. Equation 7 deals with only DBH as a predictive
variable, but this same basic approach can be utilized with any number of variables.

Data and Statistics

Our data comes from two sources. The first is a recently published compilation of 590 individual
trees from the three most common mangrove species in the Atlantic East Pacific biogeographic
region (Price et al., 2024): Avicennia germinans (L.)L., Rhizophora mangle L., and Laguncularia
racemosa (L.) C.F. Gaertn. These data come from nine different sites across the region. The
second dataset is from a recent mangrove harvesting effort in San Juan, Puerto Rico, which
resulted in a new dataset of measurements for 120 trees across the three species (Price et al.,
2025), hereafter labeled “San Juan” to distinguish it from previous mangrove studies in Puerto
Rico (Golley et al., 1962). AGB and DBH were measured at all sites, height was measured at
nine, and canopy diameter (hereafter just canopy) at seven of the ten total sites. Wood density
data were not collected across sites, so we used data from San Juan. The citations and methods
sections from all of the supporting studies are included in Appendix A.

To aid in the visualization of the overlapping data frequency distributions for the four variables
(DBH, height, canopy, AGB), we employed a normal kernel smoothing function on log
transformed data for each site. The smoothing function (ksdensity) was used in Matlab and



estimates density at 100 evenly spaced points based on each site’s data (Bowman and Azzalini,
1997).

Using code developed in R (RCoreTeam, 2021), we examined allometric relationships for
combinations of the four natural log-scaled variables: DBH, height, canopy, and wood density.
We included these variables singly, as well as in groups of two, three, and all four variables as
fixed effects. Site and species identity were modeled as random effects for the intercept, and
combined slope and intercept of each regression equation, via the Ime4 utilities package (Bates et
al., 2015). We have developed a companion GitHub repository
(github.com/BBranoff/treellometry/tree/ecoinf) that includes extensive descriptions of our
workflow and model implementation in R. Note, we lack site specific wood density information,
so it was only incorporated as a species level model parameter in combination with the other
dimensional variables (DBH, height, canopy). In previous work by our group (Price et al., 2024),
our objective was to compare fitted allometric lines from multiple datasets to determine if their
slopes and intercepts were different, for which standardized major axis regression (SMA) is
recommended (Warton et al., 2006). Here our objective is predicting above ground biomass for
which ordinary least squares (OLS) regression is the preferred choice (see Table 1, Warton et al.,
2006).

In addition to standard fixed effects coefficients, we also extracted the random effects
coefficients via the ranef function from the Ime4 package, as well as the component specific
variance estimates via the get_variance function from the insight package (Lidecke et al., 2019),
and performed post hoc model performance comparisons via the performance package (Bates et
al., 2015; Ludecke et al., 2021), which extracts and compares the performance metrics discussed
below. Though mixed effects models are often sensitive to disproportionately scaled predictors,
our variables were all on the same scale after log transformation, thus no further scaling was
performed.

With four variables (n), and without considering variable order, the number of possible
combinations of variables chosen k at a time is given by the formula for the binomial coefficient,

(g) = k(;—_k) which for k=1 is 4, k=2 is 6, k=3 is 4, and k=4 is 1, for a total of 15 combinations.

As we lack site specific density values, we do not consider it alone as an explanatory variable
which reduces our total to 14. We also include two composite models (DBH x height x density
and canopy x height x density) bringing the total number to 16. We examined data with 3 effects
levels: fixed effects, mixed intercepts, and mixed intercepts and slopes, at three mixed effects
levels, site, species, and species and site together. This results in 7 total different effects levels
which when multiplied by the number of models (16) results in 112 different model/effects
combinations.

For each model we tested the underlying regression model assumptions (normality of residuals,
normality of random effects, linear relationship, homogeneity of variance, multicollinearity) via
the check_model function in the performance package (Lidecke et al., 2021). We then used six
different statistics to evaluate model performance at both fixed and mixed effects levels. The first
is the coefficient of determination (R?) which represents the amount of variance in the dependent



variable that is accounted for by the independent variables in a regression model. Traditionally,
R? only applies to fixed effects but new methods have been developed recently to calculate such
a metric for random effects as well (Nakagawa et al., 2017). We employed these methods to
calculate the conditional R? (the variance explained by both fixed and random effects) via the
MuMIn package in R (Barton, 2013).

The second and third statistics are Akaike’s information criterion (AIC), and Bayesian
information criterion (BIC). Both AIC and BIC inform model selection by incorporating
penalties for the number of parameters. AIC penalizes the model based on the number of
parameters, while BIC is based on the number of parameters and sample size (Burnham and
Anderson, 1998).

Our fourth statistic is the root mean squared error (RMSE). RMSE represents the square root of
the average of the squared differences between the predicted and actual values. Because our
models were performed on log-scaled data, the RMSE is also on the log scale, which can be
more difficult to interpret in terms of raw allometric scale. Thus, to aid error contextualization,
we back transformed individual predictions using a Baskerville correction and then recalculated
the RMSE on linear scaled residuals (Baskerville, 1972). While both the log and linear scale
RMSE values are reported, the linear scaled values were used in performance ranking and are
referred to in the text to contextualize model errors. We also used this back-transformed RMSE
value divided by the mean AGB values to calculate the relative root mean squared error
(RRMSE) which we multiplied by 100 to express as a percentage.

On the linear scale, the distribution of AGB values in our harvest dataset is heavily right skewed
due to the relatively few large trees collected. The squared linear errors from these trees are thus
disproportionately high, resulting in inflated RMSE values that don’t necessarily represent the
majority of observations. To account for this, we also calculated the root median squared error
(RMASE, our fifth statistic) on the back transformed residuals, which provides an alternative
view of model performance on individual observations. Our sixth statistic is sigma, which
represents the standard deviation of the errors or residuals, and, although similar to RMSE,
sigma incorporates the model’s degrees of freedom.

In addition, for mixed effects models we also calculated the intraclass correlation coefficient
(ICC) which quantifies the proportion of the variance that is attributable to group level
differences. ICC is calculated via the performance package (Lidecke et al., 2021) as the ratio of
the variance due to random effects (between group variance), to the total variance (sum of within
and between group variance) (Hox et al., 2010). Previous work has suggested that the use of
mixed effects models is not warranted when the ICC is less than 0.1 (Snijders and Bosker, 2012;
Hox et al., 2017). Note that if there is insufficient data to calculate the ICC, our code returns NA,
which also means the use of mixed effects is not warranted given the limited data. Models with
low or NA ICC values were dropped from comparisons with the other models.

When parameter values are highly correlated, as they inherently are in allometric studies, one
risks introducing collinearity into mixed effects models which can make it difficult to determine
individual predictor effects and potentially inflate standard errors for regression coefficients. To



test for collinearity, we calculated the variance inflation factor (VIF) for the parameters in each
model. The VIF for any independent variable in a model is given by 1/(1-R/%), where i
represents the i independent variable, and the R? value is determined by regressing the variable
in question against all other independent variables in the model. For a model with two variables
the VIF values are identical for each variable. However, with three or more independent
variables, each variable will have its own VIF. By convention, for a given model the maximum
VIF across all independent variables is the one that is reported (Hair et al., 2022).

The validity of models with large VIF values can be a concern and some authors have suggested
that models with VIF values >5 warrant further investigation and values >10 indicate collinearity
that needs to be addressed (Menard, 1994). However, the use of “rules of thumb” or cutoff
values to determine model validity has been questioned (O’brien, 2007). Rather than accepting
or rejecting any model based on the VIF values of its parameters, we simply report the VIF
values and discuss future methodological improvements that might help to reduce the influence
of collinearity. One of the recommended approaches to deal with collinearity is to use functions
with composite variables as in Eq. 4 (Hair et al., 2022). This is one of the reasons we also
examined the two composite functions as discussed above.

In mixed effects models with multiple fixed and random effects, cross validation is frequently
used to determine if model fits can be generalized to novel data. We used the cv function from
the cv package in R (Fox and Monette, 2025) with 10 data folds and calculated the mean and
standard deviation of the log scale RMSE across folds at fixed, mixed intercept, and mixed
intercept and slope levels. This function creates 10 equally sized subsets (folds) of the data,
repeatedly performs model fitting on the data minus each fold, and reports the resulting log scale
RMSE values as their mean and standard deviation. We plotted the log RMSE from each model
against the mean cross-validated log RMSE for the same model for all model types to
demonstrate how stable model results were and thus how useful each model might be at
predicting unseen data. For each model we also checked if the variance-covariance matrix was
singular using the isSingular function in Ime4. Singularity in a mixed model may indicate that
the variance in some random effects is effectively zero or that the correlation is exactly + 1.
Singular models were dropped from comparison when detected.

One of our primary objectives is to compare model performance among models of differing
complexity. Not all measurements were collected by all researchers, and some measures don’t
apply to all trees (e.g. some trees were too small to have DBH measures) leading to differences
in sample size depending on the measurement in question. For example, there are 503 trees that
have both DBH and AGB measures. In contrast there are 611 trees with height and AGB
measures. Comparing models conditioned on different sized datasets is problematic, thus for the
purposes of ranking model performance, we utilized only those trees that have all four measures
(DBH, height, canopy, wood density), resulting in a subset of the full dataset containing 339
trees.

To help identify the best performing model across all variable combinations and modeling types,
and the best model in each variable group using this data subset, we ranked each of our six
performance statistics (R?, AIC, BIC, RMSE, RMdSE, Sigma), from best to worst. The mean of



all six statistics’ rankings was then calculated and the models assigned a global rank and sorted
from best to worst (Tables S1-2).

Another of our primary objectives is to publish model coefficients for the different models so
researchers from other groups can compare them to their own or use them for biomass
estimation. Coefficients for models conditioned on larger sample sizes will tend to be more
accurate in biomass prediction, thus we include model parameters for the full dataset (Table S3),
irrespective of whether sample sizes were different for different parameter combinations.

Analyses of allometric patterns in tropical trees have focused on trees 25 cm DBH (Chave et al.,
2005; Chave et al., 2014), as those trees constitute the majority of community level biomass in
many tropical forests, and trees smaller than 5 cm DBH are not included in some site level
allometric collections (Price et al., 2024). Thus, to aid in comparison with the findings
(equations) from studies focused on tropical forests, we have also run our mixed effects analysis
on a subset of our data containing only trees 25 cm DBH (204 trees with all four measurements,
Table S2)). Note also that a number of trees from the Biscayne, Louisiana, and San Juan sites
(206 trees in total), were too small for DBH measures and have corresponding D30 (diameter at
30 cm above ground) or basal diameter measures. Data from these trees were not included in
models using DBH but were included in models using height or canopy diameter.

Results

Our combined dataset contained 710 individuals across our three focal mangrove species. Site
locations are shown in Fig. 1. Sample sizes for each species and the range of measurements
within the global dataset are summarized in Table 1. Table 2 contains the site level minimum,
maximum, mean, and range for each of the four structural variables we examined (AGB, DBH,
Height, Canopy), as well as sample sizes for each species. Sample sizes for each measurement
variable were DBH=504, height=612, canopy=546 and AGB=709; The skewness for each
variable was 1.67, 0.8, 1.36, and 6.81, respectively.

Probability density function (PDF) estimates of log scaled data frequency distributions for
biomass, DBH, height and canopy for all 10 sites are shown in Fig. 2.

Results from the checks of model assumptions are presented as a series of pdf files, one for each
model, on our companion Github page
(https://github.com/BBranoff/treellometry/tree/ecoinf/Assumptions). Across all model-plot
combinations, the data largely supported the regression model assumptions, although there was a
modest increase in positive residuals at the small end of the size spectrum in some plots, and
modest trend in negative residuals at the large end in others.

Examining all combinations of variables at fixed effects and three mixed effects levels (species
& site, species, site) yields 112 different models. All non-singular fixed effects models, and
mixed effects models with ICC values > 0.1 were included in the final global ranking based on
R2, AIC, BIC, RMSE, RMdSE, and Sigma(Table S1). Following removal of models that were
singular, or had ICC values < 0.1 resulted in 45 models for the entire dataset (Table S1) and 48



models for the >5 cm subset (Table S2). For each variable group (combination of variables), all
valid models are depicted in Fig. S1 and the highest ranked model from each variable group is
described in Table 3.

The influence of the number of predictors on our six main summary statistics is shown in Fig. 3
for both fixed effects, and mixed effects models. Models with more predictors tend to have
higher R? values and lower RMSE, RMdSE, AIC, BIC, and Sigma values. Also, some models
with fewer predictors (1 or 2) have summary statistics that are close in value to models with
more predictors.

The conditional mode of random effects for all sites and species and for each predictive variable
in univariate models (minus that for wood density, given the lack of site-specific values) are
depicted in Fig. 4. In general, site level effects were larger than species, especially for models
utilizing height and canopy diameter, while the DBH model reflected relatively little random
effects.

Partitioning the variance in aboveground biomass to fixed effects, random effects, and residuals
yielded means and standard errors for each component among all models (Fig. 5), as well as
those for each variable in each model family in a more detailed representation (Fig S2-3). Total
estimated explained variance was at least 80% (mean = 93%), and fixed effects dominate at
about 91% of explained variance on average, accounting for the vast majority (Fig 5A). With
fixed effects removed (Fig. 5B), it is easier to compare the random effects, which account for
2.4% of the total variance on average and as in Fig 4, show site level variance components
generally account for almost all of the random variance, especially in models utilizing height.

Plots of RMSE with and without k-fold cross validation indicate that fixed and mixed-
effectsmodels with ICC values >0.1 (Fig. 6) have good predictive power and can be generalized
to unseen data from the same population (e.g. the same sites and species).

Model performance varied according to the performance metric (Figs. 3, 4, S1), but more
complex models (i.e. more predictors) often performed best, even in metrics that penalize
additional parameters. Many of the top performing models included site-level or site- and
species-level random effects on both intercept and slope, while species-only random effects
typically performed similarly to many of the fixed-effects only models.

Of the 504 trees with DBH measures, 265 of those were from trees with DBH = 5 cm. Of those
87 (33%) were A. germinans, 101 (38%) were L. racemosa, and 77 (29%) were R. mangle, thus a
relatively even sampling across species. Table S3 contains the ranked fixed effects models only
for the entire dataset, and for models fit to trees with DBH = 5 cm. Not surprisingly, the model
coefficients from the two data groupings (all and = 5 cm) differ, however the model rankings
across the two data groupings are largely preserved (Table S3). Comparing the rank of models
retained for the entire dataset to the same models in the > 5 cm subset yielded a Pearson rank
correlation of 0.954.

Discussion



The development of accurate equations to estimate mangrove biomass can support numerous
areas of scientific inquiry and management. Both field-based and remote measurements (height,
canopy) using drones, planes or satellites rely on allometric equations to estimate biomass, from
individual trees to landscape level (Simard et al., 2006; Heumann, 2011; Hu et al., 2020). Such
efforts also underpin carbon stock assessments to comply with national or international
guidelines (Arnold et al., 2023; Bernardino et al., 2024).

A central question within the field has been whether locally derived equations are necessary, or
whether mass estimates derived from global equations are sufficient (Chave et al., 2005;
Komiyama et al., 2005; Price et al., 2024). Most studies that have harvested these species, and of
which our global data compilation is comprised, have operated under the assumption that local
equations are necessary (Fromard et al., 1998; Soares and Schaeffer-Novelli, 2005; Smith and
Whelan, 2006; Yepes et al., 2016; Zanvo et al., 2023; Price et al., 2025). Clearly, one cannot
even address the question of whether local or global equations are required without a dataset
comprised of numerous sites, and species-specific allometries. Thus, at least initially, local data
and equations are necessary. However, as the collective sample size increases, one can begin to
ask if there are conditions under which the use of global equations is warranted, and whether
more data are required to inform the issue.

The most commonly cited paper for equations to estimate mangrove biomass within the Atlantic
East Pacific biogeographic region is Chave et al. (2005), who combined mangrove data from two
papers (Imbert and Rollet, 1989; Fromard et al., 1998) totaling 149 trees across three species (L.
racemosa, A. germinans and R. mangle). At the time of its publication, the number of trees and
sites represented in Chave et al. (2005) was larger than previous analyses. Combining more
recent data from (Price et al., 2024) and (Price et al., 2025) yields 710 trees for L. racemosa
(239), A. germinans (255) and R. mangle (216), over a four-fold increase in sample size
compared to Chave et al. (2005) and increases the number of sites represented from two to ten.
Note, the data from both studies analyzed by Chave et al. (2005) are included in our global
compilation.

The summary statistics contained within Tables 3 and S1-2 indicate that in general, mixed
models that allow for site and species differences, often outperform global, fixed effects
equations, particularly for the >5 cm subset. However, the best overall model was the one that
incorporated all four measured variables as fixed effects (Tables 3, S1). In addition, the two
composite models we examined also tended to perform well (Tables 3, S1-2). However, like the
results from previous work (Price et al., 2024; Price et al., 2025), the increase in prediction
accuracy over some simpler models is rather modest. For example, looking at Table 3 and
focusing solely on RMSE, the difference between the RMSE of the best performing model and
the RMSE of several other highly ranked models was not large. The difference between models
in RMdSE is even more modest, where the difference between the best model (2.495 kg) and a
fixed effects model using DBH only (3.009 kg) was 514 grams (Table 3).

Despite their strong performance, the ICC values were frequently low for the mixed effects
models with more variables (Tables 3, S1-2). For example, the best overall mixed intercept
model (Table 3) had an ICC value of 0.16, meaning that 16% of the variance could be attributed



to between site or species differences. Moreover, some models, including a large proportion of
mixed intercept and slope models, returned a value of NA which means that the model in
question is singular, or that the random effect variance for that variable grouping is effectively
zero. This can be due to a lack of variance, overfitting with a random effects structure that is too
complex, or sample sizes that are insufficient to detect between group variances relative to the
total variance. Subsequent work with larger datasets could help to determine which of these
factors most influence ICC, and the extent to which mixed effects models are justified, although
the cost-benefit of cutting down protected mangrove trees would need to be considered if the
cutting is purely for model refinement and not concurrent with other societal needs (e.g. Price et
al., 2025).

Additionally, the VIF values of some of our top performing models indicate significant
collinearity. This was not true for all models, but many of the models with lower VIF values had
ICC values that indicated poor model performance. As mentioned previously, one way to deal
with high levels of collinearity is using composite variables, and our two composite models
performed well overall, particularly the product of DBH, height, and wood density (Table 3).
However, composite models still require more field data collection, and the improvement over
simple models (DBH or height, fixed effects) is not substantial.

While we have utilized the mean rank of six individually ranked performance metrics, it is
somewhat arbitrary to assign equal weight to each. We have included a global rank largely for
illustrative purposes, and the rankings of our six performance metrics are strongly correlated
with one another (Table S4), so examining their mean does give a sense of their performance
across these metrics. However, we caution against overreliance on this single value in judging
models. Performance metrics such as AIC or BIC are widely used in model selection and weigh
model fit against model complexity, so rankings based on those metrics may be sufficient for
many researchers (Table S1). However, if accuracy with minimal error is more highly valued,
model complexity may not be a concern, and thus rankings based on explained variance (R?),
prediction accuracy (RMSE or RMdSE), or prediction error (sigma) may be more valued.

Variance decomposition (Fig. 5) demonstrates that the overwhelming majority of variance
(>90%) is due to fixed effects (DBH, height, canopy, density). This is not surprising in an
analysis of allometric trends as the data and models, by design, are evaluating change due to
variability in tree size. Fig. 5B also shows that the percent of total variance attributed to site
differences (mean = 4.13%) was an order of magnitude greater than that at the species level
(mean = 0.27%). Quantifying this proportional variability reinforces our main result that the field
measured linear dimensions drive most of the variability in AGB, and while random effects can
improve model performance, their overall contribution is small, around 1.9% from this study and
mostly only greater than this for site level differences in models utilizing height.

The mean RMSE from k-fold cross validation for each model is almost identical to that from the
entire data set in all cases (Fig. 6, Table S1). In fixed effects, mixed intercept, and mixed
intercept and slope models the points all fall along the 1:1 line in both the entire data set (6A)
and for the >5 cm subset (6B). This indicates that these models are robust and could be used for
biomass prediction for this collection of sites and species. However, for researchers wanting to



predict AGB of trees in new sites, it is advisable to use coefficients from the fixed effects models
(Table S3).

The two composite models we examined both performed relatively well in comparison to other
models. Some of the improved performance is likely attributable to the fact that a composite
variable that is a product of three variables functions as a single variable, which will tend to
lower its AIC/BIC scores. As described in the introduction, being the product of an area times a
length times density, the relationship between the composite variables and the mass they are
attempting to predict is conceptually straightforward. However, the assumption that trees can be
approximated by a series of cylinders, or a single large cylinder, is not entirely consistent with
actual tree form. Exhaustive descriptions of the dimensions and architecture of entire trees are
rare. With the advent of terrestrial laser scanning, quantitative structural models fit to point
clouds obtained from real trees are getting closer, but methodological concerns such as over
fitting small branches, or fitting cylinders to branches that are not truly cylindrical still leave a
gap in our understanding of tree form (Calders et al., 2015).

Mangroves often grow in regions subject to periodic disturbance, and many of the sites in our
dataset experience disturbance in the form of seasonal cyclones (hurricanes) which can lead to
tree mortality or significant loss of branches and foliage. This allows light to penetrate further
into the canopy; thus, plants can invest more in growing outwards rather than upwards. As
canopies close, competition for light requires trees to invest more in growing upwards. These
general trends may explain why tree height and canopy diameter exhibit more plasticity in
random effects (Fig. 4). In contrast, DBH represents the amount of conductive, storage, and
biomechanical tissue required to support the mass of the tree above, and to link it with below
ground nutrient acquisition. As an inherent outcome of these physical interdependencies, DBH
appears to exhibit much lower site or species level variability (Fig. 4), consistent with what other
groups have found (Ter-Mikaelian and Korzukhin, 1997; Jenkins et al., 2003; Chave et al.,
2014).

The variability in allometry across sites, however minimal, does seem to be significant for one or
more predictor variables. Trees at the Benin, Biscayne, Guadeloupe, Louisiana and Puerto Rico
sites exhibited the greatest random effects on the intercept for models involving height (Fig. 4).
This may be due in part to the fact that data collected at these sites are found at the small
(Louisiana) or large (Guadeloupe, Benin) end of the size spectrum (Fig. 2, Table 2). For
Biscayne and Louisiana, the datasets are comprised of smaller mangroves and thus this deviation
is unavoidable. For Guadeloupe and Benin, this highlights the value in collecting trees over the
entire size range when harvesting samples to develop allometric equations (Price et al., 2024;
Price et al., 2025). Data from Louisiana and Puerto Rico also segregated in Figs. 2 and 4, but
their influence on the conditional means of random effects was weaker because only a single
species was collected at each site. These relatively large random effects for height, and to a lesser
extent for canopy, suggest that the biomass relationship with these predictors is more dependent
on site. In contrast, random effects associated with DBH were minimal to zero, suggesting tree
biomass responds equally to this metric regardless of site. The same can be said for all predictors
in regard to species level random effects, which seem to have little influence on the models.



Thus, species or site level variability in allometry and predictive error would be relatively low
when using a global diameter-based model but would increase when using height or canopy
across multiple sites.

Only one of the studies we compiled reported locally measured wood density values for one of
our species (A. germinans, Zanvo et al., 2023), thus we used values from a recent data collection
effort by member of our group (Price et al., 2025). The values obtained in this work (Table 1) are
similar to the values reported by other researchers for these species (Quadros and Zimmer, 2017;
Virgulino-Junior et al., 2020). Mangrove wood density has been shown to vary modestly, but
systematically with tree size and soil salinity (Schmitz et al., 2006; Virgulino-Junior et al., 2020),
thus it is possible that with detailed site and size specific information, the influence of wood
density on model predictions would change. Future efforts may uncover the extent to which it
varies within and across environmental and tree size gradients.

Several groups have examined what constitutes a sufficient sample size in tree allometry, with
data informed, recommended minimum sample sizes ranging from 17 to 166 individuals
depending on the tree size range and underlying variability (Chave et al., 2004; Roxburgh et al.,
2015). Trees in locations with large size ranges will tend to require larger sample sizes and
Chave et al. (2004) recommend harvesting at least 100 trees for species in tropical forests. Over
much of their range, the mangrove species we have examined are much shorter in stature than
tropical forest trees, so smaller sample sizes may be adequate in some areas, but some of our
site-specific sample sizes are likely too small (Table 2). Moreover, mangroves can obtain very
large sizes, with DBH measures reaching 96.7 cm and height 57 m in the tallest forests
(Castellanos-Galindo et al., 2021). We are unaware of datasets that contain harvested trees near
such sizes.

In assessing the influence of size range and sample size of tropical tree allometry, Chave et al.
(2004) recommended the use of “regional or pan-tropical compilations” over site-specific models
based on small sample sizes. We agree with this general conclusion which would highlight the
need to expand harvesting of mangroves, so a greater range of sites and size ranges are
represented in allometric data compilations. Due to logistical or conservation constraints,
mangroves are particularly challenging to harvest. However, trees from the larger end of the size
spectrum are underrepresented in our compiled dataset and empirical data from the forests that
contain such trees would likely improve model estimates. Few would likely relish cutting down
such majestic trees, and alternatives such as quantitative structural models derived from
terrestrial laser scanning (TLS) might obviate the need for harvesting (Calders et al., 2015;
Demol et al., 2022).

With sufficient time and resources, and minimal concerns for the impact of harvesting trees,
researchers interested in the best biomass estimate should collect all three dimensional variables
(DBH, height, canopy diameter), wood density, and harvest a sufficient number of trees per
species (Chave et al., 2004; >50, Paul et al., 2018) to generate local allometric equations. While
our sample sizes and the number of sites are larger than any previous analyses, the question of
local vs global equations could still be informed by more data and we cannot rule out the
possibility that increases in sample size will increase the variance attributable to species or site



level differences. This is especially true for sites that exhibit conditions far outside of the
“normal” growing conditions, such as those at the latitudinal limits of the species (Louisiana
data, Osland et al., 2014) or where nutrient or salinity concentrations result in anomalous growth
(e.g. dwarfism) (Biscayne data, Ross et al., 2001).

Our global dataset is comprised of just three species because, for much of their range, they are
the only three species found (Spalding et al., 2010). Moreover, throughout their entire range they
are often (but not always) the most common species and comprise a substantial portion of the
mangrove community composition both in individual numbers and mass. Additional data from
species that are somewhat common within the Atlantic East Pacific biogeographic region
(Avicennia schaueriana, Rhizophora racemosa, Rhizophora harrisonii, Conocarpus erectus)
could further inform this issue.

Overall, our work offers support for using global interspecific fixed effect equations. Among
commonly collected field-based measurements, the easiest variable to measure rapidly is DBH.
Given the considerable additional time it takes to measure tree height and/or canopy diameter in
the field, and the error associated with these measures, we suspect that many researchers would
be willing to accept the additional level of error from simply measuring DBH. Measuring tree
height using height poles or hypsometers is notoriously difficult in some mangrove forests
because the high leaf and stem density and canopy overlap between trees makes seeing and
identifying the highest tree branch quite challenging. This is in addition to the fact that
navigating and even standing within some mangrove forests can be a challenge due to the
presence of large overlapping prop roots, unstable soils/mud, or the presence of dangerous fauna.

For researchers wanting to use equations from our analyses to predict biomass in their system of
interest, in the absence of site specific or regional equations, we recommend using the fixed
effects models as the parameter values (slope(s), intercept) for the mixed effects models in
Tables 3, S1-2 are specific to this particular collection of species and sites and may not be
applicable to other sites or species aggregations. Moreover, the variance attributable to random
effects is not large. To that end we have compiled all the fixed effects models into a single Table
S3 for models fit to the entire dataset, and models fit only to trees > 5 cm DBH.

For land managers interested in using forest mensuration to estimate stand level biomass for blue
carbon accounting (i.e. REDD+), evaluating the time required to measure trees using one
measurement (DBH) vs multiple measurements (DBH, height, canopy, density) should be
considered. There may be instances where the speed with which DBH can be measured on a
larger plot area might take precedence. Moreover, the relatively good performance of height as a
single predictor may support the use of remote sensing approaches (lidar, photogrammetry) that
yield height estimates from individual tree detection, or canopy height models. Our data
indicates that the development of site specific allometric models will typically, but modestly,
outperform global equations. In instances where developing site-specific equations is not
possible or desirable, global or regional equations should be sufficient, particularly if tree sizes
are within the range of the data presented here.

Summary



Investigators interested in predicting the biomass of mangroves from local to global scales seek
to develop allometric equations that provide the most accurate estimates. While equations based
on locally harvested data with adequate sample sizes will likely yield accurate estimates, the
improvement over global models may be modest. If harvesting trees is not preferred, our work
suggests that measuring the DBH, height, canopy diameter, and wood density of individual
species will yield the most accurate mangrove biomass estimates. If time or resources further
limit field work, or if investigators want to prioritize the number of trees measured over the
number of different measurements for each tree, then our work indicates that simply measuring
the DBH (or height) of each tree will modestly increase the median error of biomass estimates.
While our dataset is the largest yet used to address such questions in mangroves, with over 700
trees across the three species from 10 different sites, confirmation of these patterns with data
from more sites and species, and particularly more large trees, will help to determine the extent
to which global or local equations provide the best information.



Figure captions

Figure 1. Plot locations for the 10 studies considered in our analysis. Location symbol color and
the color bar correspond the maximum single tree ABG (kg) at each site.

Figure 2. Probability density function (PDF) estimates from kernel smoothing. Note that the data
from the sites with small individuals (Biscayne, Louisiana) segregate toward the left side of each
panel and data from sites that collected large individuals (Benin, Guadeloupe), the right.

Figure 3. Bivariate plots of our seven summary statistics (Panels A-F, R?, AIC, BIC, Sigma,
linear RMSE, and linear RMdSE), as a function of the number of predictors. The different
modelling types; fixed effects, mixed intercept and mixed intercept and slope, are denoted with
blue, red and green circles, respectively. The symbols for each number of predictors are offset
slightly on the x-axis to increase visibility, e.g. all of the symbols on the far left of Panel A have
just a single predictor. Note that while models with more predictors tend to perform better
(higher R?, lower everything else), many of the models with 1 or 2 predictors also perform
reasonably well. Please consult Tables 3, S1-2 for specific model details.

Figure 4. Conditional means of random effects for single variable models with full random
effects (random slopes and intercepts on both species and site). Significant random effects are
inferred from means that deviate from zero more than their corresponding error bars. Relatively
large site level intercept effects are most apparent for height, while random effects on DBH and
species are relatively low. Species present at each site are noted parenthetically using first letter
of each binomial next to the site names.

Figure 5. Variance decomposition. Partitioning the variance in aboveground biomass to fixed
effects, random effects, and residuals; means and standard errors for each component across all
models. Total estimated explained variance is at least 90% on average, and fixed effects
dominate, accounting for the vast majority of variance (Fig 5A). Fixed effects removed (Fig. 5B)
to compare the random effects, which account for no more than roughly 7% of the variance. This
corroborates the view that species and location level information add relatively little to the
variability in allometric relationships we are examining. The same plots for each model family
are provided in Figs S2-3.

Figure 6. Bivariate plots of the mean standardized RMSE from k-fold cross validation vs. the
standardized RMSE for the same model without cross validation (Table S1) for fixed (red
circles), mixed intercept (green circles) and mixed intercept and slope models (red circles). Panel
A contains values for the full data set and Panel B those trees > 5 cm DBH. For both datasets
there is strong agreement between the log RMSE from each model and that companion mean log
RMSE from k-fold cross validation as all points fall roughly along the black 1:1 line.

Supplementary Material

Figure S1. Radar charts of model performance metrics for each group of parameters show which
combination of mixed-effects resulted in the best model performance (Table 3). The seven axes



in each figure correspond to the seven summary statistics presented in Table 2 (R?, Sigma, AIC,

BIC, RMSE, RMdSE and RMSE.CVsd). These metrics are in the same position in each panel as
in the top left. Scores are scaled such that higher values, and thus larger polygons, represent the

best models.

Figure S2. Variance decomposition for the 16 different model groups. As with the across model
comparison (Fig. 5), fixed effects dominate the variance in a model types. The variance
attributable to fixed effects exceeds 80% in all models.

Figure S3. Variance decomposition for the 16 different model groups with fixed effects
removed. Removing the variance attributable makes it easier to see that contributed by random
effects, which is very small. The largest variance component observed was the model with height
as a single predictor variable, within which, the intercept term accounted for ~7.5% of the total
variance.

Appendix A. List of the articles from which our data compilation is comprised along with the
relevant Methods section for each.

Appendix B. Glossary of column header terms for Tables S1-2.

Table S1. Summary statistics for the 112 different allometric models. Detailed descriptions of
the column headers are given in Appendix B.

Table S2. Summary statistics for the mixed effects models grouped by model type. Detailed
descriptions of the column headers are given in Appendix B.

Table S3. Fixed effects models for the entire dataset (size = all) and for trees > 5 cm DBH (Data
size => 5cm). The models within each data grouping (All or > 5¢m) are sorted by their rank
among the fixed effects models.

Table S4. Pearson correlation coefficients for summary statistics. We calculated the Pearson
correlation coefficient pairwise between each of our summary statistics. The top six rows
correspond to the entire dataset (all) and the bottom six for the > 5 cm DBH subset. Note the
correlations are generally high.
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A. germinans L. racemosa R. mangle

Sample Size 255 239 216
Mean DBH (cm) 9.785 7.375 7.177
Min DBH (cm) 0.257 0.500 0.500
Max DBH (cm) 42.430 38.700 32.389
Std Dev DBH (cm) 7.768 7.869 7.951
Mean Height (m) 4.682 6.068 5.360
Min Height (m) 0.094 0.210 0.255
Max Height (m) 18.100 17.820 16.600
Std Dev Height (cm) 5.121 5.221 5.348
Mean Canopy Diameter (m) 2.032 1.653 1.710
Min Canopy Diameter (m) 0.050 0.050 0.050
Max Canopy Diameter (m) 9.700 6.380 7.050
Mean Mass Dry (kg) 53.804 28.623 40.784
Min Mass Dry (kg) 0.001 0.004 0.005
Max Mass Dry (kg) 1552.159 698.280 1038.911
Std Dev Mass Dry (kg) 115.508 118.557 123.342
Mean Wood Density (g/cm?3) 0.720 0.661 0.754
Min Wood Density (g/cm?3) 0.605 0.57 0.641
Max Wood Density (g/cm?) 0.863 0.783 0.848
Std Dev Wood Density (g/cm?3) 0.039 0.038 0.039

Table 1. Sample size and summary statistics of tree structural parameters by species for the
mean values, ranges and standard deviations of the five field-measured parameters underpinning
our analysis. Note, wood density values are from the San Juan dataset.



AGB min (kg)
AGB max (kg)
AGB mean (kg)
AGB range (kg)
DBH min (cm)
DBH max (cm)
DBH mean (cm)
DBH range (cm)
Height min (m)
Height max (m)
Height mean (m)
Height range (m)
Canopy min (m)
Canopy max (m)
Canopy mean (m)
Canopy range (m)
A. germinans (n)
L. racemosa (n)
R. mangle (n)

Table 2. Structural data for mangrove trees pooled across species for the 10 sites. Species totals are given in the last three rows. Note

Everglades Guadeloupe Puerto Rico Biscayne French Guiana Bertioga Guaratiba Benin  Louisiana San Juan
0.140 10.000 0.775 0.004 0.128 0.097 0.280 4.988 0.001 0.001
186.850 1145.800 16.290 9.315 1552.159 310.233  279.711  480.073 2.452 698.280
33.583 151.216 3.989 0.857 56.046 42.410 43.416  107.346 0.298 32.981
186.710 1135.800 15.515 9.311 1552.031 310.136  279.431  475.086 2.451 698.279
0.500 6.600 1.200 0.648 0.257 0.600 1.100 3.183 NA 0.525
21.500 40.700 5.300 5.860 42.430 20.000 22.200 41.730 NA 38.700
6.469 16.140 2.480 2.163 5.247 7.373 7.546 17.187 NA 7.286
21.000 34.100 4.100 5.212 42.174 19.400 21.100 38.547 NA 38.175
1.500 8.300 3.600 0.430 NA 1.200 1.900 2.850 0.310 0.094
17.820 18.100 8.600 5.570 NA 12.100 15.100 13.200 1.570 13.800
7.202 13.540 4.960 2.367 NA 6.743 7.229 6.697 0.835 4.907
16.320 9.800 5.000 5.140 NA 10.900 13.200 10.350 1.260 13.706
NA 1.800 NA 0.020 NA 0.395 0.625 1.950 0.050 0.062
NA 9.700 NA 2.700 NA 7.000 6.380 7.750 1.735 8.600
NA 3.820 NA 0.539 NA 2.375 2.352 4732 0.463 1.540
NA 7.900 NA 2.680 NA 6.605 5.755 5.800 1.685 8.539
8 21 - 34 57 - - 39 56 40
10 17 - 58 37 45 33 - - 39
14 17 10 65 4 33 32 - - 41

not all sites collected data on each structural parameter (indicated by NA). Note, we lack site specific wood density estimates.

Table 3. Highest ranked model from each model group (group of variables). The number of each model group is in the first column.
Each model in column 2 has a corresponding group of variables from which it is composed and we selected the best performing model
for each group of variables for inclusion here. Extended description of the column headers can be found in Appendix B. All models in

all model groups can be found in Tables S1-2. Diff Best Model (kg) is the difference in kg between each model and the best
performing model. The three single variable fixed effects models are included in the last three rows for comparison.




MixedEf Mo RMdS RRM Differen RRM  Differen Maxi
fects del E dSE ce Best RMSE SE ce Best mum
Mod Ran linear Model linear Model Sig
elN Model Effects Effects k R? AIC BIC (kg) % (kg) (kg) % (kg) ma ICC VIF
DBH, Height, 09 252. 275.] 249 154 346 574 0.3 11.5
16  Canopy, Density NA Fixed 1 74 770 726 5 56 0.000 09 52 0.000 48 NA 55
Comp.DBH.H.De MixedIn 0.9 283. 306. | 259 16.0 33.2 552 0.3 0.6
4 n Site tSlope 2 76 623 579 4 70 0.099 66 23 -1.343 42 31 NA
DBH, Height, Specie  Mixedln 0.9 249. 275.]| 260 16.1 376 625 0.3 0.1 9.29
12  Canopy s&Site t 3 76 039 821 7 53 0.113 73 38 3.064 34 60 0
MixedIn 0.9 323. 346. | 251 155 285 474 0.3 05
1 DBH Site tSlope 5 71 714 670 7 93 0.022 74 34 -6.035 66 02 NA
DBH, Canopy, MixedIn 0.9 340. 363.| 233 144 33.3 554 0.3 0.1 3.37
14  Density Site t 6 69 396 352 4 62 -0.160 98 42 -1.211 84 91 5
Specie  MixedIn 0.9 344. 367.| 241 149 345 573 0.3 0.2 3.32
7 DBH, Canopy s&Site t 8 69 266 222 0 30 -0.085 43 42 -0.066 83 44 0
DBH, Height, MixedIn 0.9 352. 375.| 272 16.8 445 739 0.3 0.1 5.82
13  Density Site t 10 [ 66 908 864 7 93 0.232 32 24 9.923 93 00 9
Specie  MixedIn 09 361. 384. | 2.72 16.8 45,5 75.6 0.3 0.2 6.03
6 DBH, Height s&Site t 11 166 754 710 2 64 0.227 54 21 10945 | 94 49 7
MixedIn 0.9 404. 423.| 265 164 47.0 78.0 04 0.1 1.00
8 DBH, Density Site t 18 | 61 265 395 3 39 0.159 34 78 12425 | 25 06 3
Height, Canopy, MixedIn 0.9 451. 474. | 425 26.3 59.4 98.6 04 0.2 3.72
15 Density Site t 26 | 55 552 508 8 84 1.764 33 61 24824 | 52 06 8
MixedIn 0.9 452. 471.] 3.88 24.0 59.3 98.6 04 0.1 3.50
9 Height, Canopy Site t 27 | 55 622 752 4 63 1.389 97 01 24,788 | 54 96 6
Comp.Can.H.De 0.9 603. 615.] 5.16 32.0 529 87.8 0.5
5 n NA Fixed 32 | 25 523 001 7 12 2.672 07 27 18.298 | 86 NA NA
Specie  Mixedln 09 714. 749. | 7.38 45.7 72.8 120. 0.6 0.6
2 Height s&Site tSlope 33 | 23 713 147 6 64 4.892 75 975 38.266 | 41 83 NA
MixedIn 09 723. 742.] 8.09 50.1 83.5 138. 0.6 05 1.00
10 Height, Density Site t 35 | 03 168 298 9 78 5.604 36 673 48.927 | 68 38 5
MixedIn 0.8 872. 891.| 7.10 44.0 78.7 130. 0.8 0.1 1.00
11 Canopy, Density  Site t 37 | 41 507 637 6 26 4.611 23 684 44.114 | 48 08 5




Specie  MixedIn 0.8 875. 894. | 7.17 44.4 769 127. 0.8 0.1

Canopy s&Site t 38 | 42 599 729 6 61 4.681 16 683 42307 | 50 16 NA
0.9 468. 479.| 3.00 18.6 61.7 102. 0.4

DBH NA Fixed 29 [ 49 350 828 9 40 0.514 80 557 27.171 | 80 NA NA
41.1 0.8 894. 906. | 8.15 50.5 76.5 127. 0.9

Canopy NA Fixed 5 [ 22 665 143 9 54 5.665 10 010 41901 | 00 NA NA
0.8 915. 926.| 13.8 85.9 86.6 143. 0.9

Height NA Fixed 45 [ 11 262 740 76 71 11.381 32 813 52.023 | 288 NA NA
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Highlights

e The use of local vs global allometric equations is a long-standing issue in mangrove ecology

e We analyzed a global data compilation for Atlantic East Pacific mangroves from 10 sites

e Mixed effects models outperformed fixed effects models, but the improvement was modest

e Diameter at breast height (DBH) exhibits the least variation as a predictive variable across species and sites
e Variance partitioning indicates that fixed effects dominate



How does location and species identity affect mangrove biomass allometry?

Fixed Effects
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Canopy
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Mixed Effects
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Best model: R?=0.974, RMdSE=2.495 (kg)
logAGB = logc + B logD + f; logH + fs logC

The best model predicts above ground biomass
(AGB) using DBH (D), height (H) and canopy
diameter (C), species ID and location

However, just measuring DBH (irrespective of
species or location) only adds 161 grams of
error to the average tree

Global model.

=0.931, RMASE=2.656 (kg)
log AGB = logc + f; logD
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