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Abstract. Hurricanes commonly disturb and damage tropical
forests. Hurricane frequency and intensity are predicted to
change under the changing climate. The short-term impacts
of hurricane disturbances to tropical forests have been widely
studied, but the long-term impacts are rarely investigated.
Modeling is critical to investigate the potential response of
forests to future disturbances, particularly if the nature of
the disturbances is changing with climate. Unfortunately,
existing models of forest dynamics are not presently able
to account for hurricane disturbances. Therefore, we imple-
ment the Hurricane Disturbance in the Ecosystem Demog-
raphy model (ED2) (ED2-HuDi). The hurricane disturbance
includes hurricane-induced immediate mortality and subse-
quent recovery modules. The parameterizations are based on
observations at the Bisley Experimental Watersheds (BEW)
in the Luquillo Experimental Forest in Puerto Rico. We add
one new plant functional type (PFT) to the model — Palm,
as palms cannot be categorized into one of the current ex-
isting PFTs and are known to be an abundant component of
tropical forests worldwide. The model is calibrated with ob-
servations at BEW using the generalized likelihood uncer-
tainty estimation (GLUE) approach. The optimal simulation
obtained from GLUE has a mean relative error of —21 %,
—12 %, and —15 % for stem density, basal area, and above-
ground biomass, respectively. The optimal simulation also
agrees well with the observation in terms of PFT composition
(+1 %, —8 %, —2 %, and +9 % differences in the percent-
ages of “Early”, “Mid”, “Late”, and “Palm” PFTs, respec-
tively) and size structure of the forest (+0.8 % differences in

the percentage of large stems). Lastly, using the optimal pa-
rameter set, we study the impact of forest initial condition on
the recovery of the forest from a single hurricane disturbance.
The results indicate that, compared to a no-hurricane sce-
nario, a single hurricane disturbance has little impact on for-
est structure (+1 % change in the percentage of large stems)
and composition (< 1 % change in the percentage of each of
the four PFTs) but leads to 5 % higher aboveground biomass
after 80 years of succession. The assumption of a less severe
hurricane disturbance leads to a 4 % increase in aboveground
biomass.

1 Introduction

Hurricanes are an important disturbance agent in tropical
forests. They damage individual trees and reduce above-
ground biomass (Zimmerman et al., 1994; Uriarte et al.,
2019; Rutledge et al., 2021; Leitold et al., 2021). For ex-
ample, Hurricane Hugo in 1989 uprooted and snapped 20 %
of the trees at El Verde in the Luquillo Experimental Forest
(LEF), Puerto Rico (Walker, 1991; Walker et al., 1992; Zim-
merman et al., 1994), and reduced the aboveground biomass
by 50 % at Bisley in the LEF (Scatena et al., 1993; Heart-
sill Scalley et al., 2010). Hurricane Katrina in 2005 dam-
aged about 320 million large trees on US Gulf Coast forests,
and the damaged trees are equivalent to 50 %—140 % of the
net annual US carbon sink (Chambers et al., 2007). In the
long term, the recovery from those damages will alter forest
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species composition and structure (Royo et al., 2011; Heart-
sill Scalley, 2017).

Hurricane-induced mortality varies with many factors, in-
cluding hurricane severity (Parker et al., 2018), environmen-
tal conditions (Uriarte et al., 2019; Hall et al., 2020), forest
exposure to hurricane winds (Boose et al., 1994, 2004), for-
est structure (Zhang et al., 2022b), and traits and size of indi-
vidual trees (Curran et al., 2008; Lewis and Bannar-Martin,
2011). Trees with a larger diameter have been found to be
more resistant to wind forces but more likely to suffer bro-
ken branches (Lewis and Bannar-Martin, 2011). Species with
higher wood density tend to suffer less from hurricane distur-
bances (Zimmerman et al., 1994; Curran et al., 2008). Hurri-
canes with heavier rainfall and stronger wind generally lead
to higher mortality (Uriarte et al., 2019; Hall et al., 2020),
and forests that are more exposed to strong winds tend to
have higher mortality (Uriarte et al., 2019). However, forests
with a more wind-resistant structure and composition experi-
ence lower mortality even during a stronger hurricane event
or a higher exposure (Zhang et al., 2022b).

The recovery from hurricanes also depends on many fac-
tors, such as the disturbance severity (Walker, 1991; Everham
and Brokaw, 1996; Cole et al., 2014; Heartsill Scalley, 2017)
and traits of individual species (Curran et al., 2008; Lewis
and Bannar-Martin, 2011). Species with lower wood den-
sity have shorter times to resprout (Paz et al., 2018), higher
growth rate (King et al., 2006), and shorter biomass recov-
ery times (Curran et al., 2008). The number of resprouts
of some species further varies with time since disturbance
(Brokaw, 1998). Less severe disturbances lead to a faster
recovery and a higher recovery of stem density and above-
ground biomass compared to the level observed prior to the
disturbance (Wang and Eltahir, 2000; Parker et al., 2018).
For example, observations on a tropical forest canopy in
western Mexico after two hurricanes — category 2 Jova and
category 4 Patricia — showed that Hurricane Jova destroyed
11 % of the aboveground biomass while Hurricane Patricia
destroyed 23 %; the recovery was more rapid after the less
intense Hurricane Jova (Parker et al., 2018). Although the
immediate mortality and subsequent recovery of tropical for-
est from hurricane disturbances have been thoroughly studied
via observations, the long-term effects of consecutive hurri-
cane disturbances on tropical forests have rarely been stud-
ied. Models that can simulate the immediate mortality and
subsequent recovery of an ecosystem can play a role in un-
derstanding potential mechanisms driving the mortality and
recovery of the ecosystems and studying the long-term ef-
fects of disturbances, particularly if the nature of the distur-
bances is changing with climate. Uriarte et al. (2009) im-
plemented hurricane disturbance in a forest simulator and
investigated the long-term dynamics of forest composition,
diversity, and structure. However, the biological and envi-
ronmental processes of the forest simulator used are not dy-
namic and thus the model cannot simulate the adaptation of
vegetation to the changes of environment (Jorgensen, 2008).
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Vegetation dynamics models can account for changes in the
ecosystem resulting from a changing environment (Medvigy
et al., 2009; Longo et al., 2019a) and further allow us to ex-
plore scenarios via synthetic experiments and thus emulate
what might happen in forests under novel environmental con-
ditions. For example, Feng et al. (2018) used the Ecosystem
Demography model (ED2) (Moorcroft et al., 2001) to study
the impact of climate change on the forest studied in Uri-
arte et al. (2009). The ED2 model is a process-based vege-
tation dynamics model; it represents the size and age struc-
ture of the forest, and thus the model can represent the ob-
served differential impact from disturbances (such as fire,
drought, insects, land use change, and natural disturbances)
across plants of different functional groups and size classes
(Medvigy et al., 2012; Zhang et al., 2015; Miller et al., 2016;
Trugman et al., 2016). However, the impacts of hurricane dis-
turbances have not been implemented in vegetation dynam-
ics models, and thus the long-term effects on the forest of a
changing hurricane regime have not been investigated.

As mortality and recovery vary with species, the species
composition of the forest is affected by hurricane distur-
bances. In modeling studies, it is impractical to incorpo-
rate each and every individual species (tens and hundreds).
To address variation in species diversity, there has been a
strong effort in the past decades to incorporate functional
diversity in vegetation dynamics models (Moorcroft et al.,
2001; Sakschewski et al., 2016; Fisher et al., 2018; Fisher
and Koven, 2020). This effort acknowledges the variabil-
ity in traits and trade-offs of species that exist in tropi-
cal forests (e.g., Baraloto et al., 2010). Three plant func-
tional types (PFTs) are identified for the species in trop-
ical forests during a secondary succession after a distur-
bance; they are early, mid, and late successional PFTs (here-
after Early, Mid, and Late PFTs), corresponding to the
three successional stages during the secondary succession
(Kammesheidt, 2000). Specifically, Early PFT dominates the
early successional stage of the recovery; it includes fast
growing pioneer species that have low wood density, estab-
lish and recruit in open gaps formed after disturbances, and
grow rapidly in the high light environment. Mid PFT domi-
nates the mid successional stage after a disturbance and in-
cludes species that have intermediate growth and are some-
what shade tolerant. Late PFT dominates the late succes-
sional stage and includes species that have slow growth and
are shade tolerant. Using three PFTs is also a compromise be-
tween representing a range of life strategies while not adding
too much complexity in model parameterizations (Moorcroft
et al., 2001; Medlyn et al., 2005).

One important and distinct species in tropical forests in
the Caribbean islands is the palm species Prestoea mon-
tana (Sierra palm). Many studies in the Luquillo Mountains
have either excluded palms from analysis (Zimmerman et al.,
1994) or treated palms separately from other trees (Zimmer-
man et al.,, 1994; Uriarte et al., 2009), as indeed they are
monocots, not dicots like the other trees in the forest. A pre-

https://doi.org/10.5194/gmd-15-5107-2022



J. Zhang et al.: The impact of hurricane disturbances on a tropical forest

vious study that simulates the response of the forests in the
Luquillo Mountains to climate change using the ED2 model
categorized the palm species as a Late PFT tree (Feng et
al., 2018). However, there are important differences: palms
are more resistant to hurricane damage as compared to trees
(Francis and Gillespie, 1993; Uriarte et al., 2019) and are
more resilient to hurricane disturbances due to their high fe-
cundity under open canopy (Lugo and Rivera Batlle, 1987,
Lugo et al., 1998) and have high tolerance to shade (Ma et
al., 2015). All those characteristics separate palms from other
trees and favor the survival of palms after hurricane distur-
bances. We believe palms cannot be categorized into one of
the existent PFT categories in the model, and hence we define
anew PFT — Palm.

In this paper, we describe the implementation of hurricane
mortality and recovery modules that account for the varia-
tion with disturbance severity, forest resistance state, PFT,
and diameter size of individual stems in the Ecosystem De-
mography model (ED2). The model is then used to study the
recovery of a tropical rainforest after hurricane disturbances.
The results indicate that a scenario with a single hurricane
disturbance has little long-term impact on forest structure
and composition but enhances the aboveground biomass ac-
cumulation of a tropical rainforest, relative to a scenario of
no hurricane disturbance.

2 Methods and materials
2.1 Census observations

Tree censuses were carried out at Bisley Experimental Water-
sheds (BEW) in the Luquillo Experimental Forest in Puerto
Rico starting in 1989, 3 months before Hurricane Hugo (pre-
Hugo 1989), and repeated 3 months after Hurricane Hugo
(post-Hugo 1989), and then every 5 years since then (1994,
1999, 2004, 2009, 2014). The census recorded the diame-
ter at breast height (1.3 m) (DBH) and species of each stem
with DBH > 2.5 cm and height (H) of selected stems in 85
permanent forest dynamics plots in the forest. Each plot is
a 10m diameter circle and plots are 40 m apart extending
13 ha. The last census was conducted 3 months after Hur-
ricane Maria and recorded auxiliary damage information of
each stem. The detailed description of the study site and the
census observations can be found in Zhang et al. (2022b),
the census data between 1989 and 2014 are from Zhang et
al. (2022a), and the post-Maria census data are from Zhang
et al. (2020). Following Zhang et al. (2022b), species are cat-
egorized into four PFTs according to their successional sta-
tus based on previous studies (Walker, 1991; Schowalter and
Ganio, 1999; Uriarte et al., 2005; Muscarella et al., 2013;
Heartsill Scalley, 2017; Feng et al., 2018): early, mid, and
late successional tropical trees and palms (Early, Mid, Late,
and Palm PFT, respectively). The stem density, DBH growth
rate, and basal area are calculated from the census data for

https://doi.org/10.5194/gmd-15-5107-2022

5109

each PFT in each census. The aboveground biomass (AGB)
of Early, Mid, and Late PFTs are estimated from DBH us-
ing the AGB—-DBH relationship from Scatena et al. (1993);
the AGB of Palm PFT is estimated from the AGB-height re-
lationship of P. montana from Scatena et al. (1993) and the
height-DBH relationship of Palm PFT from the census ob-
servations at our study site (Sect. 2.2.2).

2.2 Model description

The Ecosystem Demography model (ED) is a cohort-based
model, and it describes the growth, reproduction, and mor-
tality of each cohort in each patch in a forest site. A cohort
is a group of stems with the same PFT and similar diameter
size and age. A patch is an area with the same environmen-
tal condition and disturbance history. A cohort accumulates
carbon through photosynthesis, and the net accumulated car-
bon (i.e., gross primary productivity minus respiration and
maintenance of living tissues) will be used for growth and
reproduction. When a cohort is mature, reaching the ma-
turity reproductive height (e.g., 18 m), the cohort will allo-
cate a portion of carbon to reproduction (e.g., 30 % of net
carbon accumulation to seeds, flowers, and fruits), and the
rest of the net accumulated carbon will be used for struc-
tural growth. Structural growth is quantified by the increase
in DBH through structural-biomass—DBH allometries; stem
height, leaf biomass, and crown area are then scaled given the
H-DBH, leaf-biomass—DBH, and crown-area—DBH allome-
tries. Each cohort will also experience mortality from mul-
tiple factors, including aging, competition, and disturbance,
which will be described in detail in Sect. 2.3.2.

The model simulates transient fluxes of carbon, water,
and energy during short-term physiological responses and
long-term ecosystem composition and structure responses to
changes in environmental conditions. The second version of
the ED model, ED2, modifies the calculations of radiation
and evapotranspiration of the original ED model, leading to a
more realistic long-term response of ecosystem composition
and structure to atmospheric forcing (Medvigy et al., 2009;
Longo et al., 2019a). Details of the ED and ED2 models can
be found in Moorcroft et al. (2001), Medvigy et al. (2009),
and Longo et al. (2019b). Here we add a new PFT (Palm) and
implement hurricane disturbance in the ED2 model, and we
name it ED2-HuDi V1.0.

2.2.1 Adding palm as a new PFT

The standard ED2 model represents a variety of broadleaf
trees, needleleaf trees, grasses, and lianas (Albani et al.,
2006; Medvidy et al., 2009; Longo et al., 2019b; di Porcia
e Brugnera et al., 2019). Yet, to date, none of the existing
PFTs describe the traits of palms, even though palms are a
globally abundant component of tropical forests (Muscarella
et al., 2020). We know that the palm species that occurs at
our study site (Prestoea montana) has a low wood density of
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0.31 gecm™3 (Swenson and Umana, 2015) and it grows fast
in open canopies like early successional tropical trees (Lugo
and Rivera Batlle, 1987; Lugo et al., 1998) and are tolerant to
shade like late successional tropical trees (Ma et al., 2015).
Hence, we assume that the physiological traits of Palm have
the same probability distributions as those of Late PFT ex-
cept for wood density which is assumed the same as that of
Early PFT. The allometries of Palm are discussed separately
in the next section.

2.2.2 Modifying the allometric relationship

The allometric relationships between stem height (H; m) and
diameter at breast height (DBH; cm) for four tropical PFTs
(Early, Mid, Late, and Palm) come from census data at BEW
in the Luquillo Experimental Forest in Puerto Rico (Zhang et
al., 2022a). The relationships take the form

H = aDBH?, )]

where a and b are PFT-specific scale and shape parameters
(Fig. 1). The diameter range for the Palm PFT is between
10 and 20 cm, while that for the tree PFTs is between 2.5
and 90 cm. The scale parameter a is 1.6388, 2.2054, 2.3833,
and 0.1628 for Early, Mid, Late, and Palm PFT, respectively.
The shape parameter b is 0.80, 0.64, 0.59, and 1.47 for the
four PFTs (Table S1 in the Supplement). Palm has a smaller
scale parameter and a significantly larger shape parameter,
demonstrating that palms are shorter than other PFTs given
the same DBH. The constrained diameter range and the H-
DBH allometry of Palm make it difficult for palms to access
sunlight and would normally prevent them from establishing
in the ED2 model. A previous study implementing liana to
the ED2 model also experienced similar issues (di Porcia e
Brugnera et al., 2019). They used an allometry for liana with
DBH between 3 and 20 cm, and then for lianas with DBH
less than 3 cm they used the allometry of early successional
trees (di Porcia e Brugnera et al., 2019). Following a simi-
lar approach and to make sure Palm has reasonable oppor-
tunity to compete with a reasonable diameter range, we as-
sume that the minimum height of Palm in the model is 4.8 m
(corresponding to 10 cm DBH of Palm; other PFTs have a
minimum height of 1.5 m for recruitment), and when Palm
grows to a height of 18 m (corresponding to 20 cm DBH) —
maximum height observed for the Palm in the forest (Fig. 1)
— they will allocate all the carbon to reproduction instead of
growth (relative allocation to reproduction is 1 for Palm, and
0.3 for other PFTs) (Table S1).

For other allometric relationships, such as leaf-biomass—
DBH, structural-biomass—DBH, and crown-area—DBH rela-
tionships, we used the model default for Early, Mid, and Late
PFTs and assumed that Palm has the same relationships as
Early (Fig. S1 in the Supplement).
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2.2.3 Implementing hurricane disturbance

The ED2 model accounts for several types of disturbances,
such as fires, land use, and logging (Albani et al., 2006;
Longo et al., 2019b), but not hurricane disturbance. To ac-
count for hurricane impacts, we implement a hurricane-
induced wind mortality module and a seedling recovery mod-
ule in the model. The wind mortality module consists of two
parts — the disturbance rate of the forest area (Aq) and the sur-
vivorship of each cohort (s¢) in the disturbed areas. For any
patch with pre-disturbance area A, the area that is affected by
disturbance (Aq) is proportional to A4, following Moorcroft
et al. (2001): Aq = A[l —exp(—AgAt)]. The disturbed area
(Ag) will be disturbed and become a new patch (age 0), and
the population within the new patch will be determined by
the survivorship to disturbance. The remaining area (A — Aq)
will remain undisturbed, and the stem density will remain
unchanged. The survivorship of each cohort (s.) is the ratio
of the cohort density that survived after the disturbance to the
cohort density before the disturbance, and it is cohort depen-
dent. The cohorts that survived in disturbed areas will make
up the new patch (age 0). In this study, we assume that the
forest is fully disturbed and Ag = 1. The survivorship of each
cohort s. is calculated as s = 1 — A, where A. is the mortal-
ity of each cohort. Based on previous analyses, A, varies with
hurricane strength, forest structure, the PFT category, and the
DBH size of the cohort (Zhang et al., 2022b). First, we im-
plement a binary model for the mortality with respect to hur-
ricane wind, where mortality occurs when hurricane wind
exceeds a threshold and no mortality otherwise. This binary
model is built on the binary relationship between hurricane-
induced forest damage and hurricane wind speed from nine
hurricane events at BEW between 1989 and 2017 (Sects. S2,
S3, and S4 in the Supplement). The wind speed threshold
was set at 41 ms~! because the strongest hurricane wind that
caused no damage to the forest at BEW was 40ms~! from
Hurricane Georges in 1998 and the lowest wind speed that
caused damage to the forest was 42ms~! from Hurricane
Maria in 2017 (Sects. S2, S3, and S4). If mortality occurs
(i.e., wind speed exceeds the threshold), the mortality rate of
each cohort (X.) is a continuous function of the size structure
of the forest, represented by the proportion of large stems
(DBH > 10 cm) to the total recruited stems (DBH > 2.5 cm).
Figure 2 shows the mortality of each PFT and DBH class dur-
ing two hurricane events (Hugo and Maria) based on census
observations at BEW (see Sect. 2.1). We fit a logistic func-
tion to the mortality—structure pair of each PFT and DBH
class based on the observed pairs of mortality and structure
from the two hurricane events.

Hurricanes not only cause immediate stem mortality, but
also affect the establishment of seedlings by opening the
canopy (Everham and Brokaw, 1996; Brokaw, 1998; Uri-
arte et al., 2009, 2012). Brokaw (1998) pointed out that hur-
ricanes promote germination and seedling establishment of
the early successional species C. schreberiana, and that the
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Figure 1. The height—diameter (DBH) relationship for the four PFTs: (a) Early, (b) Mid, (c) Late, and (d) Palm. The gray dots are observations
with outliers removed (Sect. S1), and the blue lines are the estimated height-DBH relationship based on these observations. The height—-DBH
model and the corresponding coefficient of determination (R?) and p value for each PFT are given at the bottom of each panel.
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Figure 2. The mortality as a function of the size structure of the forest for each PFT and DBH class. The size structure is represented as the
proportion of large stems (DBH > 10 cm) to the total number of stems in the forest (DBH > 2.5 cm). The dots represent observed mortality
and proportion of large stems pairs from Hurricane Hugo and Hurricane Maria (Zhang et al., 2022b). Four colors represent four PFTs. The
solid lines represent the estimated mortality as a logistic function of the proportion of large stems. The panel on the left is for small stems

and that on the right is for large stems.

seedling establishment ends shortly after the disturbance as
the canopy closes. The census data at BEW also show abun-
dant recruitments of the Early PFT in the first 20 years af-
ter Hurricane Hugo and decreasing recruitment with time
(Zhang et al., 2022a). Therefore, based on the recruitment
of Early PFT from the census data (Zhang et al., 2022a),
we implement a recovery module where the seedling den-
sity from seed rain (n,; individuals m~2 yr~ ') decreases with
time since the last disturbance, and the reduction varies with
PFT categories as follows:

ng =noexp(—at) , )

where ng is the seedling density ¢ years after the last hur-
ricane disturbance, and ny and « are PFT-dependent pa-
rameters. Specifically, Mid, Late, and Palm PFTs main-
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tain a low but constant seedling density (ng = 0.05 indi-
vidualsm~2 yr~! and & = 0yr~!). The Early PFT has high
seedling density (n9 = 0.2 individuals m—2 yr~!) shortly af-
ter a hurricane disturbance and the seedling rate decreases to
the same value as other PFTs about 20 years after the distur-
bance (@ = 0.06 ylr_1 ), and it continues to decrease thereafter
(Fig. 3).

2.3 Model calibration and validation

2.3.1 The GLUE approach

The concept of the generalized likelihood uncertainty esti-
mation (GLUE) (Binley and Beven, 1991; Beven and Bin-

ley, 1992; Mirzaei et al., 2015) has been widely used to cali-
brate parameters in complex hydrological models. The steps
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Figure 3. The seedling density from seed rain for each PFT as a
function of time since disturbance.

of GLUE include (1) generating a number of samples of the
parameter set from a prior distribution of the parameters,
(2) running the simulation for each parameter set, (3) choos-
ing a likelihood function (or weight function) to calculate the
weight of each simulation based on observations and the es-
timated outputs from the model simulation, and (4) selecting
the optimal parameter set and estimating the posterior distri-
bution of the parameters and the posterior distribution of the
output variables. Here we use GLUE, for the first time, to
calibrate the parameters in the ED2 model.

To obtain the prior distribution of parameters, we build
on a previous parameter sensitivity analysis using the ED2
model for a nearby forest in Puerto Rico by Feng et
al. (2018). They demonstrated that model simulations are
sensitive to 10 parameters, listed in Table 1, and provided the
posterior mean and 95 % confidence limits of the parameters
calibrated from plant traits observations using the Predictive
Ecosystem Analyzer (PEcAn; LeBauer et al., 2013). We se-
lect the same parameters and use the posterior distribution of
those parameters from Feng et al. (2018) as the prior distribu-
tion for the GLUE in our study. We cannot just use their pa-
rameter distributions as final results because our implementa-
tion has a site-specific set of allometric equations, explicitly
represents palms as a separate PFT, and considers hurricane
disturbances (Sect. 2.2). Feng et al. (2018) reported only the
mean and the upper and lower 95 % confidence limits of the
parameters (not the entire distribution); we assume that the
parameters have lognormal distributions. For the Palm PFT,
we assume that it has the same distributions as Late, except
that the woody tissue density of Palm has the same distribu-
tion as that of Early. From a different study system, Wang et
al. (2013) constrained the dark respiration factor from 0.01-
0.03 to 0.01-0.016 by assimilating observations of model
output variables. Following Wang et al. (2013), we restrict
the dark respiration factor to a smaller range with a uniform
distribution between 0.005 and 0.0175 for each PFT. Consis-
tent with Meunier et al. (2022), we found that model results
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are also sensitive to the parameter clumping factor (Fig. S2).
Therefore, we add the parameter of clumping to the set being
calibrated. Clumping factor is the ratio of effective LAI to
the total LAI and affects the transmission of radiation (Chen
and Black, 1992); it ranges from zero to one with zero rep-
resenting leaves clumped in a single point (0-area) and one
representing leaves uniformly distributed in the unit area. Be-
cause of tree crowns, branches, and subbranches, leaves of
the plant canopy are not uniformly distributed per unit area
nor clumped at a single point. We assume that the clumping
factor is the same for all PFTs, and the distribution of the
clumping factor is uniform between 0.2 and 0.8.

We sample 10000 realizations for the 41 parameters (10
parameters for each of the four PFTs and the 1 clumping pa-
rameter for all PFTs) using the Latin hypercube sampling
method embedded in MATLAB (Stein, 1987). We initialize
the model with the pre-Hugo 1989 observations and run the
model for 29 years, corresponding to 1989-2018. The first
25 years (1989-2014) are used to calibrate the model with
observations and the last 4 years (2015-2018) for validation.
We tested different calibration lengths (1989-1999, 1989-
2004, and 1989-2009). The 1989-2009 calibration period
gives the same optimal simulation as the 1989-2014 cali-
bration period (Fig. 4), but shorter calibration lengths 1989—
1999 (Fig. S3) and 1989-2004 (Fig. S4) throw away critical
recovery information and cannot give robust simulation in
the validation period. We calculate the mean squared errors
(MSEs) of each realization (j, j =1, 2, ..., 10000) for the
calibration period,

2
1 m n [ Xigj—Yis
MSE; = — . _—, 3
J nm 212121:1 ( %Z?:lyi,t

where X;, ; represents the jth model simulations for vari-
able i at time ¢, and Y;; represents observations for vari-
able i at time ¢. The variables used to calculate MSE are
stem density (individuals m~2), average DBH growth rate
(cm (5 yr)’]), and basal area (BA) (cm?m~2) for the four
PFTs (n = 12) (Fig. 4). Times are the six census years (m =
6) with observations before Hurricane Maria: post-Hugo
1989, 1994, 1999, 2004, 2009, 2014. Because BA is directly
calculated from the DBH of each cohort and weighted by
the stem density of the cohort, the size structure (distribu-
tion of stem DBHSs) of the forest is implicitly represented
with the variables overall stem density and total BA. More-
over, the PFT composition is explicitly represented with the
PFT-specific variables. Therefore, the MSE metric implicitly
measures the performance of a realization in describing the
observed time series of the forest’s size structure and PFT
composition.

We select the simulation with the smallest MSE as the op-
timal simulation and the corresponding parameter set as the
optimal parameter set. To obtain the posterior distribution of
parameters, we first calculate the weight (likelihood) of each
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realization following Binley and Beven (1991),
wj =MSE; ¥, )

N
which is then rescaled to sum to one (w;/ > w;), where K

=1
is the parameter that controls the weight 0% each realization.
When K = 0, every simulation will have equal weights, and
when K = 0o, the single best simulation will have a rescaled
weight of 1 while all others will be zero. We select K such
that the weighted standard deviations from simulations are
within and overlap as much as possible with the standard
deviations of observations, indicating that the parameters in
those weighted simulations are reasonable given the uncer-
tainty of the observations (Freer et al., 1996). The weighted
standard deviation of variable X is calculated as

O‘X:\/Z;v:le(Xj—mx)z, (5)

where mx = Z;-V:lw ;X is the weighted mean of the sim-
ulated variable. We find that K =8 has the best perfor-
mance on the posterior estimates of output variables stem
density, aboveground biomass, basal area, proportion of each
PFT, and proportion of large stems (Figs. 4, S5, and S6).
Lastly, the posterior empirical cumulative distribution func-
tion (CDF) of the parameters is obtained as

F(P=p)=3) ., Wi (©)

The posterior empirical CDFs are then fit to lognormal dis-
tributions.

2.3.2 Non-hurricane mortality

The non-hurricane mortality of Palm is not well represented
in the model (Fig. S7), as initially calibrated. The observed
non-hurricane mortality is an overall mortality regardless of
the cause of the death and is calculated from non-hurricane
censuses, whereas the non-hurricane mortality in model sim-
ulations includes aging mortality, competition mortality, and
disturbance mortality. We turned off all disturbances except
for hurricane disturbance and treefall disturbance. The dis-
turbance mortality includes the background exogenous mor-
tality and treefall disturbance rate. Background mortality rate
is 0.014 yr~! for small trees and zero for large stems because,
following Moorcroft et al. (2001), this mortality is accounted
for in the treefall disturbance rate (i.e., the background mor-
tality of large trees is what causes the treefall disturbance).
The treefall disturbance rate mortality is a combination of
the area impacted by treefall disturbance and the survivorship
of this disturbance. By default, in ED2, it is assumed that the
treefall disturbance rate is 0.014 yr~!, survivorship to treefall
disturbance is zero for large trees and 10 % for small trees,
and thus overall treefall mortality is 0.014 yr~! for large trees

https://doi.org/10.5194/gmd-15-5107-2022

5113

and 0.0126 yr—! for small trees. Competition mortality is re-
lated to carbon starvation (i.e., negative net carbon accumu-
lation) due to light and water limitation and varies with co-
horts. Aging mortality is the reciprocal of the longevity of
the cohort without any biotic and abiotic influences, and it
is modeled as a constant for each PFT depending on the
wood density of the PFT (pppr) relative to the wood den-
sity of the Late PFT (ppLate): 0.15 x (1 — pprr/pLATE) (MOOTI-
croft et al., 2001). Since Palm has a much lower “wood” den-
sity (0.31¢g cm_3; Swenson and Umana, 2015) than the Late
PFT (model default 0.9 g cm™3), the aging mortality of Palm
is ~0.1yr~!, or the longevity of palms would be equiva-
lent to ~ 10 years. However, this is in contrast to the average
age of the palm species in the Luquillo Experimental Forest,
which was found to be 61.1 years and the oldest palms were
more than 100 years old in 1982 (Lugo and Rivera Batlle,
1987). This suggests that the aging mortality of Palm calcu-
lated from its woody tissue density is a drastic overestima-
tion. Therefore, we assume that the aging mortality of Palm
is independent of its woody tissue density and is 0yr~!, the
same as that of Late.

With a lower mortality (decreasing aging mortality from
~ 0.1 to 0), the density of Palm increases continuously in
the forest because of continuously recruiting seedlings, while
the density of other PFTs and the AGB of all PFTs are
less affected (Fig. S8). A previous study showed that hur-
ricane disturbance can result in an increase in seed produc-
tion in the palm species (Gregory and Sabat, 1996). There-
fore, we calibrate the seedling recovery module of Palm that
we implemented in Sect. 2.2.3. Specifically, we test sev-
eral recovery seedling densities (Eq. 2) for Palm, assum-
ing that the seedling density of Palm is similar to that of
Early — decreasing with time since disturbance — but with
different starting seedling level (ng) and decaying factor
(o). We tested 36 combinations of np varying from O to
0.05 individuals m~2 yr~! with an interval of 0.01 individu-
alsm~2 yr~! and o varying from 0 to 0.05 yr~! with an inter-
val of 0.01 yr~!. We found that five of them lead to a smaller
MSE (Eq. 3) than the GLUE optimal simulation (0.1678,
0.1662, 0.1642, 0.1646, and 0.1691 for the five experiments
and 0.1803 for the GLUE optimal), and the five combina-
tions have the same starting seedling density (no = 0.02 in-
dividuals m~2 yr—!) but different values of the decaying fac-
tor (o = 0.01, 0.02, 0.03, 0.04, and 0.05 yr’l, respectively)
(Fig. S9). To choose from the five decaying values, we com-
pared the recovery density schemes with the observed re-
cruitment of Palms (stems entering the census with DBH
>25cm and H > 1.5m each year). As we do not have
seedlings but only recruited stems in our census data, we as-
sumed that seedling density has the same response (varying
with time since disturbance) as recruitment, but not neces-
sarily the same magnitude (density) as recruitment. Based
on the census data, there were 37, 64, 50, 34, and 32 palms
recruited in the 85 plots (78.5 m? each plot) in 1994, 1999,
2004, 2009, and 2014 censuses, respectively, which corre-
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sponds to 0.0011, 0.0019, 0.0015, 0.0010, and 0.0010 in-
dividuals m~2 yr~! after 5, 10, 15, 20, and 25 years of the
Hugo disturbance. In other words, the recruitment decreases
to half of the starting level in 20-25 years, or a decaying
factor a ~ 0.03yr~!. We assume that the seedling density
has the same decaying rate as the recruitment density and
thus we select the seedling density scheme no = 0.02 indi-
viduals m~2 yr~! and & = 0.03 yr~! as the seedling recovery
scheme for Palm.

After changing the aging mortality of Palm to zero and
the seedling density to a lower and slowly decreasing value,
we did not repeat the GLUE. This is because Palm has con-
strained DBH size (between 10 and 25 cm) and decreasing
the aging mortality increases its density while decreasing
seedling reproduction decreases its density, which maintains
the overall density of Palm, without affecting other variables
of Palm nor variables of other PFTs (Fig. S9). Therefore, we
use the parameter set found from the GLUE (Table 1) but
with 0-aging mortality and a lower seedling density recov-
ery (ng = 0.02 individualsm=2yr~! and & = 0.03 yr~!) for
simulations in the following studies.

2.4 Parameter sensitivity analyses and variance
decomposition

Using a similar approach to PEcAn (LeBauer et al., 2013),
we analyze the sensitivity of model simulations to the pa-
rameters and the contribution of the parameters to the vari-
ances. Specifically, we set up nine experiments for each of
the 41 parameters, corresponding to the nine quantiles (10th,
20th, ..., 90th) of the posterior distribution of each param-
eter, while all other parameters remain constant at their op-
timal. For the total 369 sensitivity experiments, we initialize
the model with the pre-Hugo observation and run each ex-
periment for 25 years (1989-2014).

To study the stability of the optimal parameter set, we cal-
culate the MSE of each experiment and compare it with the
MSE of the optimal. To quantitatively study the sensitivity of
output variables to the parameters, we calculate the standard-
ized cubic regression coefficient (8),

a~ (0] (o)
p= xa(” )Xo %)
Po Po

where p and x are a specific parameter and the corresponding
output variable. x is the cubic regression function of x on p:
% = ap>+bp*+cp+d, estimated from the pairs of parameter
p and variable x along the nine quantiles of the posterior
distribution of parameter p. %pﬁ‘)) is the partial derivative of
X on p at p,, where p, and x, are the optimal value of the
parameter and the corresponding output variable. Only when
the R? metric of the regression function is significant at a
99 % confidence level via a Student’s ¢ test is 8 calculated.
We calculate 8 for 20 variables (stem density, BA, AGB, and
leaf area index (LAI) of each PFT and of all PFTs) and for the
41 parameters. The g for the variables at the first and the 25th

Geosci. Model Dev., 15, 5107-5126, 2022

J. Zhang et al.: The impact of hurricane disturbances on a tropical forest

simulation years are selected to represent the short-term and
long-term response of modeled variables to the parameters,
respectively.

To quantitatively study the uncertainty of the simulated
variables (stem density, AGB, BA, LA, etc.) from the uncer-
tainties of the parameters, we calculate the coefficient of vari-
ation () for each variable resulting from experiments with
different parameters:

0 =—, 3)
N

where o and u are the standard deviation and the mean value
of the variable from the nine experiments of the parameter.
To study the contribution of each parameter to the uncertain-
ties of the simulated variables, we calculate the total variance
from all the sensitivity experiments (Vary) and the variance
from experiments of each parameter (Var,) and decompose
the total variance as follows:

Varr = Z;szlVarp +ow, 9)

where Var), is the variance of model outputs from experi-
ments with different values of parameter p, Nj is the total
number of parameters (N, = 41), and o represents the vari-
ance from the interaction among parameters.

2.5 Experiments with different initial conditions

To study the impact of the initial condition of the forest on
the recovery, we set up two experiments with different ini-
tial forest states (pre-Hugo state and pre-Maria state) with
a hurricane disturbance in the first simulation year (experi-
ment ThugoH1 and experiment ImariaH1, hereafter), and one
control experiment with pre-Hugo state and no hurricane
disturbance in all simulation years (experiment ThugoHn,
hereafter). The three experiments run for 112 simulation
years (corresponding to years 1989-2100). The meteorolog-
ical drivers between 1989 and 2017 are observations from
meteorological towers at BEW (Gonzdlez, 2017), and the
meteorological drivers between 2018 to 2100 are randomly
sampled from the observations between 1989 and 2017. Hur-
ricane disturbance is turned off in all simulation years for
experiment ThugoHn and in all but the first simulation year
for experiments ThugoH1 and ImariaH1. Thus, experiment
ThugoHn represents the succession of the forest without hur-
ricane disturbances for more than a century. Experiments
ThugoH1 and ImariaH1 represent the recovery of the forest
from a hurricane disturbance given different initial condi-
tions of the forest.
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3 Results
3.1 Model assessment
3.1.1 Optimal simulation and optimal parameter set

Figure 4 shows the optimal model simulation along with cen-
sus observations for years 1989-2018. The simulated stem
density of Early increased from 0.0027 individualsm~ in
1990 to 0.0324 individualsm~2 in 1994 (1100 % increase)
and to 0.0748 individuals m~2 in 1999 (131 % increase) and
decreased steadily thereafter, consistent with observations
(0.0030 individuals m~2 in post-Hugo 1989, 1673 % increase
in 1994 and 84 % increase in 1999). The simulated stem den-
sity of Mid is overall underestimated by 47 % compared to
the mean from the 85 plots of observations but is within
1 standard deviation of the observations. The simulated stem
density of Late and Palm are also within 1 standard de-
viation of the observations although the model predictions
suggest 25 % underestimation and 38 % overestimation, re-
spectively. The optimal simulation overestimates the growth
rate of the Early PFT by 133 % for years between 2000 and
2014, but it generally captures the decrease in growth rate
with time since the hurricane disturbance for all PFTs. Fur-
thermore, the optimal simulation agrees well with the obser-
vations for the overall stem density (—21 % relative bias),
basal area (—12 % relative bias), and aboveground biomass
(—15 % relative bias), and captures well the PFT composi-
tion (4+1 %, —8 %, —2 %, and +9 % differences in the per-
centages of Early, Mid, Late, and Palm PFTs, respectively)
and size structure (4-0.8 % differences in the percentage of
large stems) (Fig. 5).

In the verification period between 2015-2018, the sim-
ulated overall stem density, basal area, and aboveground
biomass have a relative bias of +24 %, +23 %, and +17 %,
respectively, compared to the mean of the observations. The
simulated percentages of the four PFTs have a difference of
+3 %, —7 %, —4 %, and 8 %, respectively, and the simulated
large stem percentage has a difference of 0.3 % compared
to the mean of the observations. Overall, the simulated vari-
ables between 2015-2018 are within the standard deviations
of the observations (Figs. 4 and 5), suggesting that the pa-
rameters found using the data between 1989-2014 are valid
for the 2015-2018 period.

Table 1 shows the optimal set of the parameter values. The
clumping factor (0.34) is lower than that from other stud-
ies in different locations (~ 0.7; He et al., 2012). Other pa-
rameters are reasonable and are consistent with reported val-
ues. For example, the leaf turnover rate of Late (0.16yr™')
is consistent with a previous study (~ 0.1; Gill and Jackson,
2000). The leaf turnover rate of Palm (0.42 yr_l) is consis-
tent with previous observations of 0.36 yr~! at BEW (Lugo et
al., 1998). The woody tissue density of Palm (0.24 gcm™3) is
consistent with previous observations of 0.31 gcm™3 (Swen-
son and Umana, 2015).
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3.1.2 Posterior distribution of parameters

Figure 6 shows the posterior and prior probability distribu-
tion functions (PDFs) of the parameters. The most significant
differences between the posterior and the prior distributions
are for the parameters of clumping factor (CIf) and dark res-
piration rate (Rdf). The posterior PDFs of some parameters
(i.e., carboxylation rate, specific leaf area, leaf width, stom-
atal slope, and wood density), which are well constrained by
observational trait data (Feng et al., 2018), do not change
much from the priors (the maximum difference between the
prior and posterior CDFs is generally less than 0.1). The
posterior PDFs of other parameters (e.g., leaf turnover rate,
quantum efficiency, and fine root allocation), especially for
the Early and Mid PFTs, with few observational trait data
(Feng et al. 2018), changed greatly from the prior distribu-
tions (the maximum difference between the distributions is
around 0.3).

3.1.3 Parameter sensitivity and uncertainty

Among the 369 sensitivity experiments with different param-
eter values, 57 of them have slightly smaller-than-optimal
MSEs, but the simulated variables (stem density, AGB, PFT
composition, and size structure) from those experiments are
very close to optimal (Fig. S10), indicating that the optimal
simulation we found from GLUE is stable given the uncer-
tainties of the parameters.

In terms of the sensitivity of simulated variables on the pa-
rameters, the magnitude of standardized cubic regression co-
efficients (B) is generally low (~ 0.2) in the first simulation
year (Fig. 7a), indicating that the parameters do not have a
strong effect on the variables. LAI is the most sensitive vari-
able in the short term, and it is sensitive to both the specific
leaf area (SLA) of its own PFT and the clumping factor (CIf).
Furthermore, each PFT is mainly sensitive to the parameters
of its own PFT, and vice versa (Fig. 7a). After 25 years of
simulation, the sensitivity of the variables on the parameters
becomes more complex (Fig. 7b). First, the magnitude of 8
increases significantly, indicating that the parameters show
stronger impacts on the variables in the long term. Second,
the variables are sensitive to different parameters in the short
term and in the long term. For example, SLA and clump-
ing factor are the most important parameters to LAI in the
first simulation year, but not after 25 years of simulation. In-
stead, quantum efficiency (Qef) and dark respiration (Rdf)
are the most important parameters to LAI after 25 years of
simulation. Third, besides the sensitivity of variables to the
parameters of their own PFT, variables of a specific PFT also
show sensitivity to the parameters of other PFTs. For exam-
ple, the variables of Early and Mid PFTs are not only sensi-
tive to Early and Mid PFTs parameters, but are also sensitive
to Late PFT parameters. Specifically, the quantum efficiency,
wood density, and specific leaf area have significant positive
effects on the variables of its own PFT, but significant nega-
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Figure 4. Time series of variables from observation (dots and error bars) and the optimal simulation (red lines). (a—d) Stem density of all
trees (n; DBH > 2.5 cm) (individuals m_z) for Early, Mid, Late, and Palm PFTs, respectively. (e~h) Diameter growth rate (GR; cm (5 yr)™ 1)
for the four PFTs. (i-1) Basal area (BA; cm? m_z) for the four PFTs. The dots and the error bars represent the means and 1 standard deviation
from the means across the 85 plots. Period between 1989-2014 is for model calibration and period between 2015-2018 is for model validation
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Figure 5. The standard deviation of the estimated variables with K = 8§ in Eq. (4), along with the optimal simulation and observation. The
figure shows (a) stem density of all stems with DBH > 2.5 cm (individuals m~2), (b) stem density proportion of large stems with DBH
> 10cm, (c) basal area (BA; cm? mfz), (d) aboveground biomass (AGB; kngfz), and stem density proportion of (e) Early, (f) Mid,

(g) Late, and (h) Palm PFTs.

tive effects on other PFTs. The Palm PFT is sensitive to its
own parameters, but also to the specific leaf area of the Early
PFT (Fig. 7b).

The stem density has a larger variation than LAI, BA, and
AGB after 25 years of simulation (Fig. 8). Given that large
stems contribute more to LAI, BA, and AGB, larger variation
of stem density than LAI, BA, and AGB indicates that small
stems are more variable than large stems. The variation of
those variables also varies with PFTs. For the stem density,
Late PFT has the largest variation, followed by Early, then
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Mid, and Palm has the smallest variation, indicating that stem
density of small Late is the most sensitive to the uncertainty
of the parameters. For BA, AGB, and LAI, Early and Mid
PFTs show the highest variability, followed by the Palm PFT,
and the Late PFT has the lowest variation, indicating that
large stems of Early and Mid PFTs are more sensitive to the
uncertainty of the parameters than large stems of Late and
Palm PFTs.

The variance decomposition analyses reveal that 50 % of
the uncertainty of the stem density comes from the quantum
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Table 1. The optimal parameter set obtained from the GLUE method.

Parameter name Units Early Mid Late Palm
Clumping factor (CIf) proportion 0.34
Fine root allocation (FRA) ratio 0.64 1.2 0.95 1.85
Leaf turnover rate (LTR) yr1 1 0.83 0.16 0.42
Leaf width (LWd) m 0.1 0.07 0.16 0.13
Quantum efficiency (Qef) molco, moll;hlOtorl 0.055 0.069 0.038 0.05
Dark respiration rate (Rdf) proportion 0.0071 0.0144 0.0143  0.0088
Growth respiration rate (Rgf)  ratio 0.44 0.595 0.421 0.401
Specific leaf area (SLA) m? kg_1 23.26 22.28 13.19 14.15
Stomatal slope (SSp) ratio 6.17 8.02 5.35 5.07
Carboxylation rate (Vm0) pmolco, m~2s~1 2332 2173 9.29 12.24
Wood density (WDe) 103 kgm™3 032 06 077 024
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Figure 6. The prior (solid line) and posterior (dashed line) probability density functions for the four PFTs (colors) of the 11 parameters. The
first 10 parameters are PFT-dependent, and the last one leaf clumping factor (CIf) is PFT-independent. Palm has the same prior distribution
as Late for all parameters except that the wood density (WDe) of Palm has the same prior distribution as that of Early. The long name of each

parameter is shown in Table 1.

efficiency of Late (QefL) (Fig. 9). However, QefL explains
less than 10 % of the uncertainty in BA, AGB, and LA, in-
dicating that QefL has significant effects on the density of
small stems, but fewer effects on the density of large stems.
In other words, QefL impacts the recruitment and establish-
ment of stems more than the growth of stems. The uncer-
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tainty of the growth of stems comes from the growth respi-
ration factor (Rgf), which explains about 10 % of the uncer-
tainty. The interaction among parameters accounts for 21 %
of the uncertainty of the stem density, and more than 50 % of
the uncertainty of the BA, AGB, and LAI
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parameters. The variables include stem density (nplant), basal area (BA), aboveground biomass (AGB), and leaf area index (LAI) for each

PFT. The parameters include 10 PFT-dependent parameters and one PFT-independent parameter listed in Table 1.

0.8 , the forest experiences a decrease (—17 %) in stem density in
S [ Early the first 10 years due to the self-thinning process of the forest
Sosr % L"";i’e (Fig. 10a). The decrease is mainly attributed to mortality of
T I Paim small stems of Mid and Late PFTs (Fig. S11b and c), which
S I AL leads to an increase (5 %) in the proportion of large stems
E 047 (DBH > 10cm) (Fig. 10b), but BA and AGB remain steady
é (Fig. 10c and d). After 10 years, a large number of Early
02 PFT stems recruit with DBH less than 10 cm (Fig. S11a), de-
3 creasing the overall large stem proportion. After 30 years,

0 Mid trees recruit and grow (Figs. S11b and S12b), increas-
nplant BA AGB LAI

Figure 8. The coefficient of variation () for the variables of each
PFT at the 25th simulation year.

3.1.4 Impact of initial condition on forest recovery
Figure 10 shows the 112-year simulations of the forest ini-
tialized with different forest states (pre-Maria state and pre-

Hugo state) with or without hurricane disturbance at the first
simulation year. Without hurricane disturbance (IhugoHn),
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ing the total BA and AGB (Fig. 10c and d). As small Late
trees recruit frequently after 20 years (Fig. S11c), the stem
density increases steadily, and the proportion of large stems
decreases steadily. Because small stems contribute little to
BA and AGB, BA and AGB have a slower increase with time
(Fig. 10c and d) than stem density (Fig. 10a).

After 80 years, the PFT composition reaches a steady state
(the change of 30-year moving average is less than 1 % com-
pared to the previous year; Fig. S13), where the Early, Mid,
Late, and Palm PFTs account for 11.8 %, 10.6 %, 65.3 %,
and 12.3 % of the total stem density, respectively (Fig. 10
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Figure 9. The variance explained by each parameter for variables (a) stem density, (b) basal area, (c) aboveground biomass, and (d) leaf area
index. The variance explained by the interaction among parameters are given in parentheses.

e, f, g, h). This state is significantly different from the ini-
tial state and exhibits a 16 % reduction in the proportion of
the Mid PFT. It exhibits increases on all other PFT propor-
tions (+0.7 %, +11.4%, and +4.1 % for Early, Late, and
Palm, respectively). The Early PFT has stems of all DBH
classes (Fig. S11a), while Mid PFT has mostly small stems
with DBH less than 5cm and a small cohort (2 individu-
alsha™!) of large stems with DBH around 200 cm (Fig. S14b
and f), which contributes a significant portion to the total
AGB (Fig. S12b). The Late PFT is the most abundant PFT
(Fig. S1lc) and contributes the most to the total AGB in
the forest (Fig. S12c). The stem density of Late decreases
with DBH (Fig. S11c), and the largest-DBH cohort reaches
180 cm (Fig. S14c), which is smaller than that of Mid but
has a higher density (7 individualsha™!) (Fig. S14g). The
maximum DBH is far larger than that we observed (89 cm in
2017), which could be an overestimation due to no nutrient
limitation. Palm recruits with DBH between 10 and 15 cm,
the DBH grows slowly after recruitment, and DBH growth
stops after they reach the reproduction height (18 m, and
25cm in DBH correspondingly) and allocate all carbon to
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reproduction (Sect. 2.2.2); hence palms do not exceed 25 cm
DBH (Fig. S14d), and most of them are between 10 and
20cm (Figs. S11d and S12d). This is in agreement with the
maximum reported values of DBH (Lugo and Rivera Batlle,
1987).

Compared with the experiment without hurricane distur-
bance in the first simulation year (IhugoHn), the experi-
ments with hurricane disturbance in the first simulation year
(ThugoH1 and ImariaH1) reach higher BA and AGB lev-
els after 60 years of succession from the hurricane distur-
bance (Fig. 10c and d). This is due to the carbon accu-
mulation of large Late PFT in disturbed forests (Fig. S12¢g
and k). Large Late trees in disturbed forest (IhugoH1 and
ImariaH1) have a higher growth rate and lower background
mortality rate compared to those in the undisturbed forest
(IhugoHn) (Fig. 11) because of the decreased competition to
reach the open canopy. As the disturbed forest recovers, the
BA and AGB increase to the level of the undisturbed for-
est (Fig. 10c and d), the growth rate decreases (Fig. 11a),
and the mortality rate increases to the levels of those in the
undisturbed forest, especially for severely disturbed forest
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(IhugoH1) (Fig. 11). With lower mortality and higher growth
rate in the first 60 years, there will be more large Late trees
in the canopy at the end of the simulation (12 vs. 8 individ-
ualsha=1) (Fig. S14g) even though the maximum DBH will
be smaller (Fig. S14c).

The recovery is different with different initial states. With
pre-Hugo state (IThugoH1), the forest takes 25 years to re-
cover to the pre-disturbance BA and AGB levels (Fig. 10c
and d), but with pre-Maria state (ImariaH1), it takes only
10 years to recover to the pre-disturbance BA level (Fig. 10c)
and 5 years to the pre-disturbance AGB level (Fig. 10d). The
succession dynamics are different, too. With pre-Hugo state,
the hurricane-induced mortality is very high, and thus the
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canopy opens, Early and Palm PFTs recruit greatly in the
first 20 years (Fig. S1le and h), and then it is taken over
by the Late PFT (Fig. S11g). With pre-Maria initial state,
the hurricane-induced mortality is low, the canopy is not sig-
nificantly changed after the hurricane, and Early PFT does
not recruit as much as it does in the pre-Hugo state initial-
ized simulation (Fig. S11i and e). The PFT composition after
100 years is similar for the two simulations, but the BA and
AGB are not (Fig. 10). The BA and AGB with the pre-Maria
initialization are higher than those with the pre-Hugo initial-
ization throughout the 110 years of simulations, even though
the initial BA and AGB levels in the pre-Maria state are lower
than those in the pre-Hugo state (Fig. 10c and d). This is be-
cause of the higher mortality in the first year with pre-Hugo
state, leading to a larger reduction in the density of large
stems. With the succession following the disturbance, there
are more large stems, especially Late and Palm, in the pre-
Maria simulation than in the pre-Hugo simulation (Fig. S14),
contributing to the higher AGB and BA in the pre-Maria sim-
ulation (Fig. S12g, h, k, and ).

4 Discussion

We developed a hurricane module (including a mortality
module and a recovery module) for the ED2-HuDi model,
based on census observations. We then applied a parameter
estimation algorithm, GLUE, to calibrate important parame-
ters in the model and selected the optimal parameter set for
the final model simulation. However, because the observa-
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tions are limited to only two hurricane events, the hurricane
module may be biased toward the two observations. The sim-
ulation results show some discrepancies with observations,
and these discrepancies could be in part due to the GLUE
approach and parameter uncertainties. Here we discuss the
uncertainty associated with the developed hurricane module,
the limitations and advantages of the GLUE framework, and
the uncertainties of model outputs.

4.1 Uncertainty of the hurricane module

We included a hurricane mortality module and a hurricane
recovery module for hurricane disturbance. Crown damage
is also an important part of hurricane disturbance and could
have important impact on forest structure and carbon accu-
mulation (Leitold et al., 2021), but we did not include crown
damage in the hurricane disturbance module because the cen-
sus data used to develop and calibrate the module do not
include crown damage information. The hurricane mortal-
ity module was developed based on observations from two
hurricane events at the study site. The relationship between
mortality and forest size structure (proportion of large stems)
was fitted to a logistic function (Fig. 2) for each PFT and
DBH class. Generally, Palm PFT has a lower mortality than
other PFTs, but Palm mortality was higher (11 % for Palm,
9 % for Mid, and 3 % for Late) when the forest was domi-
nated by large stems (e.g., large stem proportion is 0.6, ex-
cept for the high mortality of 39 % for Early; Fig. 2b). This
was due to the high mortality of Palm during Maria, which
was aresult of plant pathogens (Zhang et al., 2022b; Heartsill
Scalley, 2017). The mortality of large-stem Early PFT is sig-
nificantly different from other PFTs, and this difference was
due to the significantly higher mortality of large-stem Early
during Hurricane Maria compared to other PFTs. Such high
mortality of large-stem Early may be a result of other factors
besides hurricane disturbance, and it could be further studied
if there were more observations. Future work could include
observations from other study sites to improve the hurricane
disturbance module.

There are four critical parameters associated with the hur-
ricane disturbance module, including disturbance rate of for-
est area (Aq) and survivorship of each cohort (s.) from the
mortality module, initial seedling density (n), and decay fac-
tor of seedling density with time since disturbance («) from
the recovery module. We tested the sensitivity of the parame-
ters of the recovery module but did not test the uncertainty of
the parameters of the mortality module because the values are
from observations at the study site. For future studies using
this module, either testing the uncertainty of the parameters
or using site-specific values are encouraged.

4.2 Limitations and advantages of GLUE

GLUE samples from continuous distributions, but the sam-
pled parameter sets are in a discrete space; therefore, the
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GLUE approach may not lead to the true optimum due to
the finite number of samples. To justify the sample size of
10000 for 41 parameters in this study, we repeated GLUE for
a larger sample size (20 000). The optimal simulation from
20 000-sample GLUE (Fig. S15) is very similar to that from
the 10 000-sample GLUE (Fig. 4), and the optimal parame-
ter sets from the two GLUEs are similar, suggesting that the
two GLUEs found an optimum around the same local opti-
mum and 10 000 samples are sufficient for the 41 parameters.
However, given the nature of equifinality, there may be mul-
tiple parameter sets that can lead to the same observed state
(Beven and Freer, 2001), and thus the optimal parameter set
we found from GLUE may be one of many possible solu-
tions.

Although GLUE may not guarantee the global optimum,
it implicitly handles any effects of model nonlinearity, model
structure errors, input data errors, and parameter covariation
(Beven and Freer, 2001). Moreover, GLUE allows us to op-
timize parameters using any variables of interests in the cost
function. For example, in our study, we want to make sure the
model captures the size structure and PFT composition of the
forest community, and thus we utilized forest stand variables
including stem density, growth rate, and BA of each PFT in
the cost function. Note that we did not calibrate the param-
eters using plant trait observations in this study, because the
parameters we use are already calibrated with plant traits ob-
servations in Feng et al. (2018) and we adopted their cali-
brated parameters in our study (see Sect. 2.3.1).

4.3 Uncertainty of model outputs from parameters

To be consistent with census observations, we included stems
with DBH > 2.5cm in the analyses. The large variation of
simulated stem density (Fig. 8) could be due to the tim-
ing of cohorts exceeding the 2.5 cm threshold, and thus can
be minimized by averaging stem density over several years
(Massoud et al., 2019). The optimization is sensitive to light-
related parameters, such as clumping factor, quantum effi-
ciency, and dark respiration (Fig. 9). This is possibly because
light limitation is the most important limitation in the model,
as water is not limited in this tropical site, and we turned
off nutrient limitation. This is consistent with Meunier et
al. (2021), who found that light limitation contributes partly
to model uncertainties. The clumping factor we calibrated for
our study site is lower than that from other locations (He et
al., 2012), which could be due to uncertainties of the allome-
tries and estimates on the leaf area index (LAI). LAl is gener-
ally underestimated in the vegetation dynamics models (e.g.,
Xu et al., 2016). As discussed in Shiklomanov et al. (2021),
the ED2 model has a less robust estimation on LAI because
of structural errors in representing direct radiation backscat-
ter. Both LAI and the clumping factor are rarely measured,
and LAI estimated from satellite remote sensing data often
have variable quality, especially in tropical forests (Xiao et
al., 2016, 2017). Future census practices should include LAI
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and the clumping factor. Even though the LAI measured from
the ground may be different from the LAI measured from
above the canopy (with airborne lidar or satellites), ground
measurements could provide useful information for both the
vertical structure of the forest and the quality of satellite
remote sensing and airborne lidar data. Furthermore, accli-
mation to understory light is not considered in this model;
however, traits respond strongly to light environments (Lloyd
et al., 2010; Keenan and Niinemets, 2017), and therefore it
needs to be considered in future developments (Xu and Trug-
man, 2021).

Our results that modeled variables have different responses
to parameters in the short term (e.g., first simulation year)
and in the long term (e.g., 25th simulation year) agree with
a previous study (Massoud et al., 2019). Furthermore, we
showed that variables of a specific PFT are most sensitive
to the parameters of the same PFT, but also sensitive to pa-
rameters of other PFTs. Those interactions between variables
and parameters indicate the competition among PFTs. For
example, Palm is sensitive to its own parameters, but also
to Early SLA. This can be explained by the competition for
light between Early and Palm, where a higher SLA of Early
PFT leads to a higher LAI of Early allowing Early to pho-
tosynthesize more efficiently and thus be more competitive
in the community. Those competitions are important for the
co-existence of PFTs in model simulations and critical to the
PFT composition and succession.

5 Conclusion

Hurricanes are a major disturbance to tropical forests, but
hurricane disturbance had not been implemented in any
model of vegetation dynamics. In this study, we implemented
hurricane disturbance in the Ecosystem Demography model
(ED2) and calibrated the model with forest stand observa-
tions of a tropical forest in Puerto Rico. The calibrated model
has good representation of the recovery trajectory of PFT
composition, size structure, stem density, basal area, and
aboveground biomass of the forest. We used the calibrated
model to study the recovery of the forest from a hurricane
disturbance with different initial forest states and found that
a single hurricane disturbance changes forest structure and
composition in the short term and enhances AGB and BA
in the long term compared with a no-hurricane situation.
Forests with wind-resistant initial state will have lower mor-
tality, recover faster, and reach a higher BA and AGB level
than forests with a less wind-resistant initial state.

The model developed and results presented in this study
can be utilized to understand the fate of tropical forests un-
der a changing climate. Hurricanes are likely to become more
frequent and severe in the future with global warming (IPCC,
2021). With frequent hurricane disturbances in the future,
forests will not have enough time to reach a steady state, and
the structure and composition will be constantly changing,
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which provides different initial states for future hurricane
disturbances and thus different recovery trajectories. Climate
change with changing temperature, precipitation, and CO,
concentration, etc. will also have an impact on the growth
of individual trees and thus the structure and composition of
forests (e.g., Feng et al., 2018). The ED2-HuDi model devel-
oped in this study will be a beneficial tool to understand the
effects of frequent hurricane disturbances on forest recovery
in the future under the changing climate.

Code and data availability. The ED2-HuDi software is
publicly available. The most up-to-date source code is
available at  https://github.com/zhjiay5/ED2  (last access:
27 June 2022). The exact version used in this paper is
archived on Zenodo (https://doi.org/10.5281/zenodo.5565063;
Zhang et al., 2021). Input tree census data are available at
https://doi.org/10.2737/RDS-2022-0025 (Zhang et al., 2022a)
and https://doi.org/10.2737/RDS-2020-0012 (Zhang et al., 2020).
Meteorological data are available at http://www.hydroshare.
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27 June 2022) and https://doi.org/10.2737/RDS-2017-0023
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