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Coastal wetlands are globally important stores of carbon (C). However, accel-
erated sea-level rise (SLR), increased saltwater intrusion, and modified fresh-
water discharge can contribute to the collapse of peat marshes, converting
coastal peatlands into open water. Applying results from multiple experiments
from sawgrass (Cladium jamaicense)-dominated freshwater and brackish
water marshes in the Florida Coastal Everglades, we developed a system-level
mechanistic peat elevation model (EvVPEM). We applied the model to simulate
net ecosystem C balance (NECB) and peat elevation in response to elevated salinity
under inundation and drought exposure. Using a mass C balance approach, we esti-
mated net gain in C and corresponding export of aquatic fluxes (Faq) in the fresh-
water marsh under ambient conditions (NECB = 1119 +229gC m 2 year %
Faq = 317+£186 gC m 2 year ). In contrast, the brackish water marsh
exhibited substantial peat loss and aquatic C export with ambient
(NECB = —366415gC m “year '; Faq = 311430 gC m *year ') and elevated
salinity (NECB = —594494 gC m ° year '; Foq = 729+ 142 gC m * year )
under extended exposed conditions. Further, mass balance suggests a consid-
erable decline in soil C and corresponding elevation loss with elevated salin-
ity and seasonal dry-down. Applying EVPEM, we developed critical marsh
net primary productivity (NPP) thresholds as a function of salinity to simu-
late accumulating, steady-state, and collapsing peat elevations. The optimiza-
tion showed that ~150-1070gC m 2 year ' NPP could support a stable peat
elevation (elevation change ~ SLR), with the corresponding salinity ranging from
1 to 20 ppt under increasing inundation levels. The C budgeting and modeling
illustrate the impacts of saltwater intrusion, inundation, and seasonal dry-down
and reduce uncertainties in understanding the fate of coastal peat wetlands with
SLR and freshwater restoration. The modeling results provide management targets
for hydrologic restoration based on the ecological conditions needed to reduce the
vulnerability of the Everglades’ peat marshes to collapse. The approach can be
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INTRODUCTION

Coastal wetlands, one of the most valuable reservoirs of
blue carbon (C) (Mcleod et al., 2011; Windham-Myers
et al., 2018), are encountering a shift in C sink capacity,
vulnerability to submergence, and transformation of eco-
logical functionality due to accelerated sea-level rise
(SLR) and saltwater intrusion (Lovelock et al., 2015;
Rodriguez et al., 2017; Rogers et al., 2019). In a number
of coastal peatlands, SLR-driven hydrologic and biogeo-
chemical stresses are drastically altering the marsh com-
munity and subsequently reshaping the ability of marsh
ecosystems to maintain elevation to keep pace with SLR
(Morris et al., 2002; Neubauer et al., 2013). Sudden eleva-
tion loss in organic peat soils is referred to as peat col-
lapse and results in the subsequent conversion of
vegetated peat marsh to open water (Chambers
et al., 2019; Cooper & Zhang, 2020; Wilson et al., 2018).
In the Florida Coastal Everglades, peat collapse is
connected to a shifting hydroperiod due to hydrologic
interventions and decline in marsh productivity due to
increasing salinity (Charles et al., 2019; Wilson
et al., 2018). Because of the far-reaching adverse conse-
quences of peat collapse in coastal wetlands, estimation
of net C change in response to changing inundation and
salinity can provide improved assessments of the vulnera-
bility of coastal peatlands to SLR.

Mechanisms for peat collapse involve a multitude of
biological and physical processes. In general, the total ele-
vation loss (i.e., subsidence) in peat soil is the sum of peat
compression due to compaction/consolidation and organic
matter oxidation (Kool et al., 2006). The biological process
of peat loss involves a change in ecosystem C balance and
corresponding changes in productivity and decomposition,
which are strongly mediated by hydrologic and salinity
stresses in coastal systems. With ambient salinity and mod-
erate submergence, ecosystem productivity tends to be
higher than decomposition, resulting in a positive C bal-
ance. Although excessive flooding can cause a reduction in
plant productivity and higher mortality rates (Kirwan &
Megonigal, 2013; Troxler et al., 2014), elevated salinity is
known to reduce photosynthetic efficiency, growth rates,
root productivity, and nutrient uptake (Charles et al., 2019;

extended to other coastal peatlands to quantify C loss and improve understanding
of the influence of the biological controls on wetland C storage changes for coastal

elevation change, net ecosystem C balance, peat collapse, saltwater intrusion, sea-level rise,

Rejmankova & Macek, 2008; Richards & Olivas, 2020;
Solohin et al., 2020). Persistent or seasonal dry-down con-
tributes to release of C to the atmosphere in the form of
CO, and increases the rate of elevation loss because of
soil oxidation, which is also negatively influenced by
changing salinity (Chambers et al., 2014; Khasanah & van
Noordwijk, 2019; Wang et al., 2015). The physical process
of peat elevation (PE) loss includes drainage or soil distur-
bance that can cause higher compaction in peat soil; how-
ever, the degree of compaction has been found to decrease
with time as soil bulk density increases (Aich et al., 2013;
Kool et al., 2006). Based on a synthesis of experimental
work and observations, Chambers et al. (2019) linked peat
collapse to compaction of soil pore space during drought,
deconsolidation of submerged peats, degradation of roots,
and soil mineralization.

Peat collapse in coastal wetlands has been evident
around the United States, particularly in the interior
zones that have limited or no supply of mineral sedi-
ments (Chambers et al., 2019; DeLaune et al., 1994). An
ample portion of Louisiana marshes continues to
undergo peat loss due to SLR and saltwater intrusion
amid an inadequate supply of mineral sediments (Day
et al, 2011; DeLaune et al, 1994; Sapkota &
White, 2019). Hydrologic modifications and other distur-
bances have resulted in the conversion of marsh ecosys-
tems to open water in the Cape Sable area of Everglades
National Park in Florida, where ~2-4 m of peat was lost
(Wanless & Vlaswinkel, 2005). The Florida Everglades,
the largest subtropical wetland in the United States, is
currently experiencing saltwater intrusion from a combi-
nation of SLR and freshwater diversion (Dessu
et al., 2018; Pearlstine et al., 2010). Over the past
100 years, the Everglades has endured enormous hydro-
logic modifications through the creation of canals and
pumps to divert freshwater flows, resulting in annual
dry-down and gradual saltwater intrusion. At the inter-
face between the Everglades’ freshwater sawgrass
marshes and mangrove ecosystems, sawgrass marshes
are increasingly exposed to brackish water, making them
vulnerable to peat soil degradation due to changes in
plant productivity and decomposition that maintain peat
soil elevation (Wilson, 2018; Wilson et al., 2018).
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Although efforts have been made to increase upstream
freshwater flow to counterbalance saltwater intrusion
through Everglades restoration activities (Sklar et al., 2005;
Wetzel et al., 2017), projected SLR of 2-2.5 m by the end of
this century will continue to alter hydrological and ecologi-
cal regimes through inundation and saltwater intrusion
(Sweet et al., 2017). For instance, different landscape-scale
hydrobiogeochemical models predict an increase of inunda-
tion and saltwater intrusion within the coastal Everglades
(Flower et al., 2017) amid a considerably higher relative
SLR, particularly in sawgrass marshes (Meeder et al., 2017).
By balancing ecosystem productivity and loss rates, Troxler
et al. (2013) estimated net ecosystem C balance (NECB) for
different vegetation communities of the Everglades that pro-
vided estimates of C accumulation and lateral transport of
aquatic C flux. However, potential changes in NECB
because of SLR and increasing salinity in the Florida
Coastal Everglades remain unquantified. Therefore, direct
and model-based estimations of the marsh C budget and
subsequent elevation changes in response to SLR, saltwater
intrusion, and seasonal dry-down are important to support
comprehensive wetland restoration efforts.

In recent years, several experimental studies have
been carried out in freshwater and brackish water
sawgrass marshes in the Florida Coastal Everglades to
understand how salinity and changing inundation depths
(flooding/exposure) interact to drive C balance and PE loss
(Charles et al., 2019; Servais et al., 2020; Wilson et al., 2018,
2019). Based on these experimental manipulations, Wilson
et al. (2018) reported a decline in brackish water sawgrass
marsh productivity and C loss with elevated salinity under
flooding and exposed conditions. Charles et al. (2019)
found that leaf and root breakdown rates increased with
elevated salinity along with a decrease in belowground bio-
mass, resulting in soil C loss in brackish water marshes for
both periodically dried and inundated hydrologic treat-
ments. Servais et al. (2020) reported an enhanced root litter
decomposition rate and a corresponding loss of soil C based
on plant-soil monoliths from the brackish water marsh.
These studies have provided experimentally derived data
sets for freshwater and brackish water sawgrass peat
marshes under ambient and elevated salinity levels with
submerged, exposed, and extended-exposed peat surfaces.

Despite the growing observational and experimental
evidence of peat collapse, a limited number of studies have
applied models to simulate C balance and soil elevation
that incorporates the biological control of peat collapse
(Alizad et al., 2016; Braun et al., 2019; Reed et al., 2020;
White et al.,, 2019). Alizad et al. (2016) developed the
Hydro-MEM model to evaluate the impacts of SLR on
North Florida salt marshes by integrating a spatially
explicit hydrodynamic model and an ecological marsh
equilibrium model (MEM; Morris et al., 2002). Reed et al.

(2020) utilized the wetland morphology change model
(ICM-Morph) to examine the spatial and temporal vari-
ability of Louisiana wetland loss and reported that saltwa-
ter intrusion is the most critical factor accounting for
wetland loss, although the model did not directly include
the influence of elevated salinity or modified hydrology on
vegetation productivity and decomposition rates.
Freshwater restoration is expected to preserve peat and
reduce wetland vulnerability (NASEM, 2018; Sklar
et al., 2005), yet the impact of salinity across the landscape
has not been systematically quantified. The overall goal of
this study was to understand changes in C balance and ele-
vation in coastal peatlands with elevated salinity and hydro-
logic alterations that would help to better comprehend
coastal vulnerability and inform management targets
for hydrologic restoration. We addressed two underlying
research questions. First, how much net C will coastal
peatlands release due to saltwater intrusion and hydrologic
modifications? Second, what is the estimated marsh plant
production (sawgrass) necessary to maintain and enhance
peat accretion under saltwater intrusion and SLR? To
address these questions, we estimated NECB and completed
C budget(s) in the Everglades marshes using measured
experimental data (biomass, productivity, decomposition
rates, net ecosystem exchange [NEE] of CO, and CH,, and
elevation change) from a freshwater and a brackish water
sawgrass (Cladium jamaicense) peat marsh. We used this
information to develop a mechanistic model to simulate the
wetland soil C balance and elevation change in response to
inundation and salinity (Figure 1). We synthesized the
experimental data (Charles et al., 2019; Servais et al., 2020;
Wilson, 2018; Wilson et al., 2018, 2019) representing
sawgrass-dominated freshwater and brackish water marshes
to empirically parameterize the associated model equations.
We used a system dynamics modeling tool (Stella, Isee
System, 2006) to develop and calibrate the model. Based on
the model simulation, we evaluated different critical pri-
mary productivity thresholds as a function of salinity for
accumulating, steady-state, and collapsing peats under
increasing levels of inundation. The developed model is a
novel tool for quantifying peat C balance and elevation
change as a function of primary productivity (above- and
belowground), water level (WL), and porewater salinity.
The model can be applied to (a) assess peat collapse vulnera-
bility, (b) simulate future scenarios with changing produc-
tivity, hydroperiod, and salinity, and (c) derive wetland
restoration targets under ongoing SLR and saltwater intru-
sion. Furthermore, as the comprehensive Everglades resto-
ration plan involves restoring more natural wetland
hydropatterns and minimizing the rate and extent of saltwa-
ter intrusion through upstream water management to mini-
mize ecosystem degradation, the developed model and
estimated C budget can inform restoration and management
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FIGURE 1

Work flow diagram illustrating how the collected experimental data at varying levels of salinity and inundations were

utilized to compute net ecosystem carbon balance and develop mechanistic modeling framework for parameterization and simulations of

peat stock and peat elevation change.

practices to reduce the peat collapse vulnerability of the
Florida Everglades in the face of accelerated SLR.

MATERIALS AND METHODS
Study sites

We assembled experimental data from a freshwater peat
marsh and a brackish water peat marsh located within the
Florida Everglades to estimate and simulate C balance
and PE change in response to saltwater intrusion and
level of inundation. The freshwater site (25°26'07.38"” N,
80°46'50.71” W) is a nontidal peat marsh that is subjected
to a long-hydroperiod regime and remains flooded for
almost 11-12 months in a year. The ambient soil bulk den-
sity (p,) of the freshwater soil was 0.08 +0.03gcm ™ * and
the soil C content (f.) was 41% within the top 10 cm
(Wilson, 2018; Wilson et al., 2018). The porewater salinity
of the site was <0.5 ppt. In contrast, the nontidal brack-
ish water peat marsh (25°13'13.74” N, 80°50'36.81" W) is
a relatively short-hydroperiod marsh (about 8-10 months
of flooding) that has experienced a gradual increase in
salinity over time due to SLR while also visibly experienc-
ing peat collapse, indicated by the presence of peat pedes-
tals (Wilson et al., 2018). The reported p;, and f within
the top 10 cm of soil in the brackish water site were
0.13+£0.01gem > and 43%, respectively (Wilson
et al., 2018). The mean ambient porewater salinity of the
site was around 9 to 10 ppt during the data collection
phase. The freshwater and brackish water marsh experi-
mental sites were dominated by C. jamaicense (sawgrass),
with Conocarpus erectus (buttonwood) and Rhizophora
mangle (red mangrove) also present at the brackish water
site. The depth of the peat soil is ~0.5 and 1.5-2.0 m
overlying a limestone bedrock in the freshwater and
brackish water marsh sites, respectively.

Description of experiments for C budgeting
and modeling

The data were collected from multiple outdoor laboratory
mesocosm experiments conducted at the Florida Bay

Interagency Science Center in Key Largo, FL, during
2015-2017 (Charles et al., 2019; Servais et al., 2020; Troxler
et al., 2022; Wilson, 2018; Wilson et al., 2018, 2019) using
sawgrass plant-peat monoliths from the freshwater and
brackish water marsh sites. In the experiment that focused
on the freshwater marsh, six monoliths were used; the
plots were kept inundated under ~1 cm of water relative
to the surface and ambient porewater salinity (~0.5 ppt)
for 1 year. In experiments focused on the brackish water
marsh, three experiments were carried out reflecting the
combined effect of salinity, inundation, and peat exposure
to air. The brackish water experiments were characterized
by submerged (SUB), exposed (EXP), and extended depth
of exposure of peat surface (EXTEXP) conditions, as we
varied water depth relative to the peat surface. Each exper-
iment was subjected to two salinity manipulations: (1)
ambient (~10 ppt) porewater salinity (AMB) and (2) ele-
vated (~20 ppt) salinity (SALT). The experimental design
included six (2 x 3) treatments: (1) submerged ambient
salinity (AMB.SUB), (2) submerged elevated salinity
(SALT.SUB.), (3) exposed ambient salinity (AMB.EXP),
(4) exposed elevated salinity (SALT.EXP), (5) exposed with
extended exposure/dry-down ambient salinity (AMB.
EXTEXP), and (6) exposed with extended exposure/dry-down
elevated salinity (SALT.EXTEXP). The WL was kept
4 cm above the peat surface for the brackish water SUB
treatments. Exposure for the EXP treatment was 4 cm
below the soil surface. In EXTEXP treatment, the expo-
sure of the peat surface varied from 0 to 20 cm for
~6 months in order to simulate drought, where the
length of the dry season was extended, relative to field
conditions at the brackish water marsh (Appendix SI:
Figure S1). From these experiments, data for productivity
and litter decomposition, soil physical properties, surface-
atmosphere CO, exchange, and change in PE were used
to estimate C balance and parameterize and develop the
Everglades peat elevation model.

Measurements and data sets

A detailed description of the measurements and processes
of productivity, decomposition rates, net exchanges of
CO, and CH,, and PE changes of the treatments applied
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can be found in several sources (Charles et al., 2019; Servais
et al., 2020; Wilson, 2018; Wilson et al., 2018, 2019).

Bimonthly measurements of plant height, culm
diameter, and stem density were used to calculate the
aboveground net primary productivity (ANPP; Childers
et al., 2006). Cylindrical mesh bags were used to esti-
mate the root productivity (belowground net primary
productivity [BNPP]; Vogt et al., 1998). We estimated
the aboveground and belowground turnover rates from
the ratio between average productivity and biomass
(Castaneda-Moya et al., 2011; Eissenstat & Yanai, 1997).
The leaf (kag) and root (kpg) litter decomposition rates
were estimated by regressing the proportion of ash-free
dry mass (AFDM) remaining with time assuming an
exponential function for all but the extended-exposed
treatments (Charles et al., 2019). We did not use expo-
nential regression to estimate the decomposition rates for
the EXTEXP treatments because only the final remaining
mass of the organic soil in the litterbag was measured with-
out the intermittent fractional time steps. As an alternative,
leaf and root decomposition rates (kag and kpg) for the
EXTEXP treatments were calculated from the ratio
between litter decomposition and production, where lit-
ter production was estimated by multiplying the biomass
by the corresponding turnover rates. We calculated the
degree of compaction, o as the percentage change of
pp due to experiments from baseline field p, for the brack-
ish water and freshwater peats. To measure the net eco-
system exchange of CO, (NEE) for each plant-soil
monolith, a sealed transparent chamber was used. We
measured the soil methane (CH,) fluxes from the mono-
liths for the freshwater, brackish water AMB.EXP, and
SALT.EXP treatments; however, CH, fluxes were not
measured for the brackish water EXTEXP treatments. PE
was measured 1year after the start of the experiments
from a fixed benchmark relative to the baseline peat sur-
face. From the full PE data set, we omitted three of six
experimental units from the freshwater experiment
due to errant values we attributed to an experimental
artifact or measurement error. Our rationale was
based on long-term field observations and radiocarbon
dating (e.g., Saunders et al., 2007; Troxler et al., 2013)
that an Everglades freshwater peat marsh under ambient
conditions accumulates C and gains elevation in a system
with high primary productivity and high CO, uptake
rates.

Estimating net ecosystem C balance

The NECB represents the net change in C within the eco-
system and can be defined by the algebraic sum of the

input and outputs from all process pathways, including
net vertical ecosystem exchanges of CO, and CH, fluxes
and lateral exchanges of aquatic and particulate C fluxes
(Figure 2a; Chapin et al., 2006; Webb et al., 2019). Follow-
ing the concept of ecosystem mass balance, Webb et al.
(2019) approximated the ecosystem C budget as follows
(Equation 1):

NECB = —NEE — Fcpy — (Faq + Fpc) (1)

where NEE and Fcpy respectively refer to net ecosystem
exchange of CO, and CH,. A positive sign of NEE and
Fcpy indicates net loss to the atmosphere from the eco-
system. Faq represents hydrologic discharge-driven
lateral exchanges of total aquatic C fluxes consisting
of dissolved organic carbon (DOC), dissolved inor-
ganic carbon (DIC), particulate organic carbon
(POC), gaseous exchange of CO, and CHy, and soil C
accumulation or loss via hydrologic runoff. Fpc refers
to lateral exchanges of particulate C originated from soot
emission, loss (erosion) and accumulation (deposition)
due to disturbances that are not related to hydrologic dis-
charge (e.g., wind flow), and animal movement. A positive
Faq and Fpc refer to the net export of C, and a positive
sign of NECB indicates net accumulation within the
ecosystem.

The net C balance, NECB, can also be estimated based
on the ecosystem C-pool approach using a mass-balance
equation (Equation 2, Figure 2b; Lovett et al., 2006; Troxler
et al., 2013):

NECB = ANPP + BNPP + DG + Dg + ASc — Fcus  (2)

where Dag, Dpg, and ASc refer to aboveground leaf
decomposition, belowground root decomposition, and
change in soil C, respectively. A positive sign of ANPP
and BNPP indicates net input to the system, while a neg-
ative sign of Dag, Dgg, and ASc represents net loss. Dag
and Dy include heterotrophic respiration as well as com-
ponents of Faq (e.g., DOC). ASc, which is also a compo-
nent of Faq and Fpc, represents a change in soil C due to
organic accumulation/loss and leaching/export. Further,
ANPP and BNPP in Equation (2) combinedly represent
the net primary productivity (NPP).

Replacing C stock-based estimates of NECB in
Equation (1), we can compute the net residual C flux
(Fr) that represents the remaining components of the
budget (Equations 3 and 4) (Figure 2):

FR:FAQ+FPC (3)

NECB = —NEE — Fcps — Fr (4)
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(a) Combined land-water-atmospheric flux approach (b) Ecosystem C-pool approach
—-NEE = R,-GPP Fena Fena NPP = ANPP+BNPP
Faq=f(DOC,
Equating (a
POC, DIC, AS., qand S( ) Bre, B
ag-CO,, ag-CH,)
C Stock NECB = —-NEE—F,—Fg C Stock AS,

NECB = —~NEE-Fys~Faq—Fec

NEE = Net ecosystem exchange

R. = Autotrophic respiration

GPP = Gross primary production

Fcuq = Methane flux

Faq = Aquatic carbon flux

Fpc = Particulate Flux from nonhydrologic processes
DOC = Dissolved organic carbon

POC = Particulate organic carbon

AS¢ = Soil C accumulation/loss

aq-CO, = Aquatic CO, flux

aq-CH, = Aquatic CH, flux

NECB = Net ecosystem carbon (C) balance

FIGURE 2

Fr = FagtF,
FPC R AQ™" PC

Fg = Net residual flux

NECB = NPP=Dpo-DgctAS—F s

NPP = Net primary productivity

ANPP = Aboveground net primary productivity
BNPP = Belowground net primary productivity
D, = Aboveground decomposition

Dy = Belowground decomposition

Conceptual schematic showing balancing of ecosystem carbon (C) budget. The net residual C flux (Fg) is estimated by

equating (a) land-water-atmospheric flux and (b) ecosystem C pool-based C balance approaches. Fx represents remaining components of

C budget such as the fraction of Foq (e.g., dissolved inorganic carbon, dissolved organic carbon, particulate organic carbon), and Fpc that are

not incorporated in approach (b).

where a positive Fg represents net export and consists of
the missing components such as Fpc and fraction of Faq
(e.g., DIC, DOC, POC) those are not accounted for in
Equation (2). Assuming negligible Fpc in Equation (4),
Faq can be approximated as a sum of Fr and —ASc
(Equation 5):

Faq=Fr—ASc (5)

The ASc in Equation (2) was estimated from the total soil
mass (ASy), considering the fraction of C in the soil mat-
ter (fc), change in peat depth (APD) and degree of com-
paction (i.e., compression other than material loss), o
(Equations 6 and 7) (Khasanah & van Noordwijk, 2019).
ASr  represents the net change in  soil
from processes other than compaction/swelling and
aboveground/belowground decompositions. Bulk den-
sity of organic soil, p,, was used as a multiplication factor
to convert to flux units. Further, we subtracted Dag and
Dy while calculating ASy to avoid double counting total
mass exchanges:

ASC = AST Xfc (6)
ASt=(1—a)APD X p, — (Dag + Dsc) (7)

where the value of a ranged from 0 to 1, where 1 repre-
sents 100% compaction of soil.

Modeling framework

We present a system-level dynamic mechanistic modeling
framework to simulate variation in peat soil stock (depth
of soil over the bed rock), Mg (Equation 8), as a function
of salinity and inundation by balancing the total inputs
and outputs of mass across the system at a daily time
scale:

Ms(t)=Mgs (t—1) 4 Cac(t) + Cpg(t) + ASr(t) — Fcpa(t)
(8)

where Cag and Cpg respectively refer to the aboveground
and belowground contribution to the peat soil stock for a
time ¢, and —Fcpq represents loss from Mg. Ms(t —1) rep-
resents the soil stock in the previous time step of ¢ —1.
Cag, Cgg, and —Fcyy are in units of gC m~2day ', while
the unit of Mg and ASr is gm *day '. For the initial
condition, Mg(t)is the product of the initial depth of
peat soil above the bedrock, hy, and soil bulk density, p,
(Equation 9)

Ms(to) =ho X py (9)

where hy is in m and p, is in gm>. The simulated soil
stock, Mg(t) in Equation (8), is then converted to
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equivalent peat depth (PD,) from p, in each time step ¢
(Equation 10):

PD, (1) = (10)

PD, is then adjusted for soil compaction based on the
degree of compaction, a(t), to estimate the total change
in peat depth (PD,) (Equation 11). The input a can vary
with time to incorporate the impact of initial compaction
and long-term relatively slow consolidation:

a(t)
1—aft)

PD, (t) = PD,(t) — APD, (11)

where PD, is in meters, which is converted to centime-
ters, and then transferred to PE relative to a known eleva-
tion benchmark (EB) in centimeters of the North
American Vertical Datum of 1988 (NAVD 88) using
Equation (12):

PE(t) =PD(t) x 100+ EB (12)
Cac and Cpg in Equation (8) are determined based on

the litter production and decomposition for both above-
ground and belowground C (Equations 13 and 14):

C (t>_{LPAG(I)_DAG(t)’ when LPaq(f) > Dac()

Ac(l) = 0, when LPag(t) < Dag(t)
(13)

_ LPyg(t) — Dpg(t), when LPgq(f) > Dgg(f)

Cag(t) = {O, when LPpg(t) < Dpg(t)
(14)

where LP5g and LPgg respectively refer to aboveground
leaf litter production and belowground root litter produc-
tion in gCm™ 2 day '. LPog and LPpg respectively con-
tribute to the aboveground (LSag) and belowground
(LSgg) litter stocks. LSpg and LSpg are then multiplied by
the corresponding fractional decomposition rates
(kac and kgg) to calculate Dagand Dpg (Equations 15
and 16):

DAg(t) =LSag (t) X kag (t) (15)

Dgg(t) = LSBg(t) X kB(‘,(t) (16)

where the unit of LSyg and LSgg is gmfz, and that of
kac and kgg is day '. We fitted parametric equations

with the experimental data using the least-squares regres-
sion technique to estimate kag and kgg as a function of
porewater salinity (sal) for different inundation and
exposed conditions (Equations 17 and 18). For each itera-
tion, the system compares PE with corresponding WL to
determine whether the soil surface was submerged,
exposed, or extended exposed to  execute
the corresponding equations. The change in WL at time
tis defined as a function of the WL at time t — 1 and SLR
(rate of inundation/ponding) as shown in Equation (19):

Aq[sal(t)]* + By [sal(t)] + C1,
when WL (t) > PE(t)

A+ B, x Infsal(t)],
when WL (t) —PE(f) <0 and
WL (t) —PE(t) > — 5 cm

Az +B; x In[sal(t)],
when WL (t) —PE(t) <0 and
WL (t) —PE(t) < —5 cm

kac(t) =

Pyfsal()]* + Qy[sal(t)] + Ry,
when WL (¢t) >PE(t)

P, +Q, x In[sal(¢)],
when WL (t) — PE(¢) <0 and
WL (t) —PE(t) > — 5 cm

P34+ Qs x In[sal(t)],
when WL (t) —PE(t) <0 and
WL (¢) = PE(t) < —5 cm

kg (t) = (18)

WL(t) =WL(t—1) +SLR(¢) (19)

where A, B, C, P, Q, and R are model parameters. The
unit of WL is cm NAVD 88 and SLR is in cmday .
Water depth (WD) relative to the peat surface (cm) is
approximated from the difference between WL and PE
(Equation 20). LPsg and LPpg in gm > day ' are
approximated from the corresponding ANPP and
BNPP as a function of their respective turnover rates
(TRag and TRpg) (Equations 21 and 22):

WD(f) = WL(t) — PE(f) (20)
LPA(;(t) = ANPP (t) X TRaG (21)
LPBg([) = BNPP (t) X TRBG (22)

Similar to the estimation of litter breakdown rates, the last
term in Equation (8), ASris calculated as a direct function
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of salinity for different inundation conditions (Equation

23) using the experimental observations as follows:

ASC(t) =

ASr(t) x fc (25)

Implementation of modeling framework
in Stella

We employed the software package Stella version 1.9.2 to
implement the modeling framework termed Everglades
peat elevation model (EvPEM; Figure 3). Stella is a user-

X1+Y; x In[sal(t)],

when WL (t) > PE(t)
X>,4+Yyx1In [sal(t)],

when WL (t) —PE(t) <0 and

AST=13 " Wi, ()~ PE(f)> —5cm (23)

X3+4Y; xsal(t),

when WL (t) —PE(t) <0 and

WL (t) —PE(t) < — 5 cm

where X and Y are model parameters.
Finally, NECB is computed by balancing the C in th
model following Equation (24):
NECB(t) = ANPP(t) + BNPP(¢)
— ASC(I) — FCH4(t)

— DAg(I) —DBG(I>

where the units is gC m~* day . ANPP(t), BNPP(¢), an

Fcna(t) are model inputs, and Dag(t) and Dgg(t) are esti-
mated using Equations (15) and (16), respectively. ASc(¢
is determined from the model estimated ASr(t) by
adjusting for the fraction of C in soil matter, f, that

varies between 0 and 1 (Equation 25):

(24)

friendly, flexible tool that offers robust simulations of the
framework through the incorporation of different stocks,
flows, connectors, and converters (Feng et al., 2013;
Appendix S1: Section S1, Figure S2). The model was
developed with six stocks and 11 internal and external
flows to store, transfer, and quantify inflows and out-
flows. The required inputs to simulate the model are
listed in Table 1. The simulation time unit is in days, and
a fractional delta time (DT) is set at 0.125 to run Stella;
DT specifies how many times per the unit time the
model’s numerical values are recalculated. All the
inputs of the model were linearly downscaled from
year to day to facilitate the daily time step. In each iter-
ation, the Stella model determines the inundation level
of the system by simultaneously comparing the PE and
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FIGURE 3 Diagram of system dynamics Everglades peat elevation model (EVPEM) used to simulate change in peat stock (M) and

peat elevation (PE). Adj, AG, ANPP, BG, BNPP, NECB, and SLR refer to adjusted, aboveground, aboveground net primary productivity,
belowground, belowground net primary productivity, net ecosystem carbon balance, and sea-level rise, respectively.
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TABLE 1
units required to simulate change in peat stock (Ms) and elevation
(PE) using EVPEM.

Input variables, types of Stella building block, and

Stella
building
Input variable blocks Unit
Aboveground net primary Flow gCm 2 day "
productivity (ANPP)
Belowground net primary Flow gCm >day *
productivity (BNPP)
Methane flux (Fcps) Flow gCm 2 day’
Initial aboveground litter Stock gCm 2
stock (LSag,)
Initial belowground litter Stock gCm™2
stock (LSgg,)
Aboveground turnover Converter day !
rate (TRaG)
Belowground turnover Converter day ™!
rate (TRpg)
Initial peat elevation (PE,) Converter cm NAVDSS
Initial peat stock Stock gm™?
Soil bulk density (p;) Converter gm?
Degree of compaction («) Converter unitless
Soil C fraction (f,) Converter unitless
Porewater salinity (sal) Converter ppt day !
Water level (WL) Converter cm NAVDS88 day
Sea-lever rise (SLR) Flow cm day *

Note: Initial peat stock is the product of initial peat depth and soil bulk density.

WL specified in the modeling framework. The WL is
also linked to the option of including SLR (or rate of
increase in inundation), a separate sea-level stock
connected with the WL converter to adjust to sea-level
change.

Upon parameterizing the model using measured data,
we simulated EVPEM for a single year using treatment-
specific data. We upscaled the daily model-predicted PE
change to the yearly scale for each treatment for
calibration.

Statistical analyses and NECB estimates
from measured data

Synthesizing the experimental measurements, we analyzed
the variation in ANPP and BNPP with increasing salinity
for different inundation levels and parameterized them
using nonlinear equations. We used one-way analysis
of variance (ANOVA) to compare the differences
among the experiments (between salinity treatments
and among inundation treatments) for ANPP, BNPP,

TRag, and TRgg at a 95% level of confidence using mea-
sured data. We calculated the treatment-specific means
of all the components listed in Equation (2) with mea-
sured data to estimate corresponding NECB and Faq. We
also statistically compared the mean change in kg, kpc,
ASt, AS., Fg, and NECB due to the salinity and inunda-
tion manipulations.

Model parameterization and evaluation

Upon setting up the EvPEM in Stella (Figure 3), we
parameterized Equations (17), (18), and (23) using
least-squares regression for the SUB treatments across
the salinity levels as a function of salinity by combin-
ing all the treatment-specific freshwater and brackish
water data. However, because of the unavailability of
freshwater drought/exposed treatment data, we param-
eterized Equations (17), (18), and (23) only using two
brackish water AMB and SALT salinity levels for EXP and
EXTEXP treatments. We used measured kag, kpg, and
AS7 (ASt is computed from the observed change in peat
depth using Equation 7) for the parameterization. We
linearly converted their time dimensions from yearly to
daily before parameterizing the model at the daily
scale.

We adopted the functional forms that provided the
best model fits and minimum uncertainty under each
hydrologic treatment. We fitted kac and kgg with a poly-
nomial function for the SUB condition; however, we used
the semi-logarithmic function to fit kag and kg for the
EXP and EXTEXP experiments. Similarly, we parameter-
ized a semi-logarithmic equation for SUB and EXP and a
linear equation for EXTEXP to derive the mathematical
expressions for ASr.

Finally, after implementing the model equations in
Stella, we simulated and calibrated EVPEM for each treat-
ment where we compared the model-estimated elevation
change and NECB with the observations. We set the ini-
tial elevation at zero during calibration and assumed
1.5 m of peat soil layer underlying a limestone bedrock
during model implementation. We used observed/
measured treatment-specific ANPP, BNPP, Fcpy, salinity,
WL, TRag, TRgg, pp, and o as inputs for each of the
baseline treatment simulations. We obtained the model-
simulated elevations after 1year of model run as eleva-
tion change over a year to compare with the measured
PE change. The model calculates the daily simulated NECB
(gC m? day ') for each treatment, where Dag, Dgg, and
ASc (ASc was calculated from simulated ASr by
adjusting for a fraction of C in the soil mass) were simu-
lated, and ANPP, BNPP, and Fcys were model inputs
(Equation 24). We computed the annual sums
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(gC m 2 year ') from the daily simulated NECB values 1400
. . . OSUB
to compare with the observations. We estimated the stan- 1200 SEXP
dard errors of the model predictions by simulating the _ © AEXTEXP
model with the standard errors of the estimated model § 1000 A o
parameters. q; 200
We used Nash-Sutcliffe efficiency (NSE) and mean O ANPP=—17Z§ 1ﬂ0(;a61inity)+696~5
) =0U.
bias error (MBE) indexes to evaluate the EVPEM simula- & 600 A A
[a}
tions (Equations 26 and 27). We combined all seven treat- <Zc 400 _O A
ment (n = 7) simulations for a combined overall model
evaluation: 200 -
n 2 0
2 (yi,obs _yi,sim) 180
i=
NSE=1— | — ; (26) 160 A
Z (yi,obs _yrnean,obs) 2~ 140 A
i=1 L 9
5 120 O A
E 100 R
Z (yi,obs _yi,sim) %
MBE=Z2L (27) &
n Ay
zZ
m
20 1 BNPP =-0.4 (salinity)? + 3.5 (salinity) + 78.9
. . . . R2=0.52
Scenario simulations with EVPEM 0 0 T o M 20

Based on the EVPEM model simulations, we optimized
marsh PE change to develop threshold levels of annual
NPP (sum of annual net aboveground and belowground
productivity) as a function of increasing salinity
(1-20 ppt) and inundation (3 mm year ') for accumulat-
ing (stable), steady-state (no change), and collapsing
peats. We ran three example scenarios to determine the
annual NPP necessary to represent the (1) accumulating,
(2) steady-state, and (3) collapsing peat by varying NPP,
salinity, and WL (Appendix S1: Table S1). The scenarios
were simulated for 30 years with a daily time step.

For the stable scenario simulation, NPP was changed
from ~130 to ~440 gC m™ > year ' over the 30 years with a
corresponding salinity change from 1 to 20 ppt. Similarly,
NPP was varied from ~160 to ~1070 gC m > year ' for the
1-20 ppt salinity gradient to simulate an accumulating peat
condition. For the collapsing peat, we assumed a declining
NPP from ~140 to 40 gC m 2 year ' over the simulated
period. The WL for the first year of simulation was set to
represent the seasonal hydropattern—with 8 months of
complete submergence, 3 months of moderate, and
1 month of high exposure of the peat surface. We then
imposed a 3 mm year ' (a proxy for mean global rate of
SLR; Chen et al., 2017) increase rate in WL over the 30-year
simulation to represent the impact of SLR. We further
assumed TRxg = 1.5year !, TRpg = 0.5year ', p, = 0.13
gem 2, o = 0.1, Fepy = 0, and initial PE = 0 cm NAVDS8
to simulate the scenarios.

Porewater salinity (ppt)

FIGURE 4 Decline in sawgrass (Cladium jamaicense)
aboveground net primary productivity (ANPP) and belowground
net primary productivity (BNPP) with increasing porewater salinity
for submerged (SUB), exposed (EXP), and extended depth of
exposure of peat surface (EXTEXP) hydrologic treatments.

RESULTS

Aboveground and belowground
productivity

The experimental measurements showed that ANPP
decreased with salinity across inundation levels (Figure 4).
BNPP decreased substantially with the increase of salinity
from 10 to 20 ppt but increased marginally with the
increase in salinity from 0.5 to 10 ppt. However, combined
across inundation levels, mean ANPP (F,3; = 60.95,
p < 0.001) and BNPP (F,3; = 21.94, p < 0.001) were sig-
nificantly lower with increased salinity. Furthermore,
when ANPP and BNPP were compared across inundation
levels for the three salinity levels, the null hypothesis of no
significant differences in ANPP (F,3; = 1.86, p > 0.05) or
BNPP (F,3; = 0.48, p > 0.05) could not be rejected. There-
fore, we expressed ANPP and BNPP as a sole function of
salinity relative to the hydrologic conditions of the experi-
ments employed. Nonlinear logarithmic and polynomial
equations respectively best represented the variation in
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ANPP (NSE = 0.76) and BNPP (NSE = 0.52) as a function
of salinity (Equations 28 and 29):

ANPP = 696.5—177.4 In(sal) (F3 =122.1, p <0.001, R* =0.76)
(28)

BNPP = 78.9+3.5(sal) — 0.4(sal)? (F3y = 21.4, p <0.001, R* =0.52)
(29)

Turnover and decomposition rates

Leaf turnover rate (TRag) was higher in the freshwater
marsh compared to the brackish water marsh. However,
TRagdid not vary significantly across salinity
(F14 = 0.50, p = 0.52) or inundation levels (F,; = 2.90,
p = 0.20) in the brackish water treatments. Leaf turnover
rate declined from the AMB to SALT treatment for sub-
merged (23%) and exposed inundation levels (40%)
(Table 2). We found a significant (F,; = 17.95, p = 0.02)
difference in root turnover rate (TRpg) among inundation
levels in the brackish water experiment, while TRpg did
not vary (F; 4 = 0.33, p = 0.60) between salinity levels. In
particular, TRps was higher under EXTEXP (1.3-
1.5year ') compared to SUB (0.54-0.28 year ') and EXP
(0.56-0.25year ') for AMB and SALT treatments,
whereas we computed very low TRpg (0.2year ') in
freshwater treatment.

We found significant variation in leaf decomposition rate
(kag) (F>3 = 18.69, p = 0.02) among inundation levels in
the brackish water experiment, although no mean differ-
ences (F; 4 = 0.01, p = 0.97) were observed between the
salinity levels. For root decomposition rate (kpg), the rate
did not vary across the salinity (F; 4 = 0.71, p = 0.44) or
inundation levels (F,3 = 1.91, p = 0.29), although kgg
was higher under higher salinity in the brackish water

marsh under EXP and EXTEXP inundation levels. How-
ever, the rate remained relatively similar for the SUB
inundation levels. We found a five-fold higher kgg for the
SALT.EXTEXP than that of the AMB.EXTEXP treatment
(Table 2).

Peat elevation change, degree of
compaction, and soil C

The measured changes in PE decreased with inunda-
tion level (F,3; = 7.19; p = 0.01) but did not vary sig-
nificantly between salinity levels (F;4 = 0.07;
p = 0.80; Table 3, Appendix S1: Table S2). The eleva-
tion decline was higher for the brackish water EXP
treatments—particularly for the EXTEXP, where the
measured elevation loss increased to 3.73-4.37 cm year '
compared to the SUB and EXP treatments. The measured
soil p, for the freshwater treatment was
0.10+0.01 gcm > (Wilson et al., 2018), which was 25%
higher than the freshwater field density of
0.08 +0.03 gcm >, the resulting degree of compaction, o
=0.25. For the brackish water treatments, p, did not sig-
nificantly vary across the varying levels of inundation
and salinity (Wilson et al., 2018), although it increased
substantially compared to the brackish water field mea-
surement. Therefore, we computed o« =0.67 from the
average measured p, of 0.224+0.03gcm > across
brackish water treatment levels and a field p;, of 0.13 +
0.01 gcm for the brackish water experiment.

Similar to PE, both ASrand AScdeclined consider-
ably with drought (ASy = F,5 = 41.25; p = 0.01; ASc =
F, 3 = 38.35; p = 0.01) across salinity levels. In particular,
the soil C loss was many-fold higher for the EXTEXP
treatments (Table 3). The brackish water marshes lost
1790 = 305, 466494, and 197+102gm > of ASr in a
year, respectively, for EXTEXP, EXP, and SUB inunda-
tion levels under elevated salinity.

TABLE 2 Average + 1 standard error of sawgrass (Cladium jamaicense) aboveground turnover (TR ) and fractional decomposition
(kac) rates, and belowground turnover (TRpg) and fractional decomposition (kgg) rates for the seven hydrologic and salinity treatments

representing freshwater and brackish water marshes.

Brackish water
Freshwater
Rate (yearfl) AMB.SUB AMB.SUB SALT.SUB AMB.EXP SALT.EXP AMB.EXTEXP SALT.EXTEXP
TRaG 2.89 + 2.1 1.08 £ 0.6 0.83 £ 0.7 1.46 £0.8 0.88 +1.2 1.50 + 1.8 1.68 £2.5
TR 0.20 £+ 0.2 0.54 + 1.4* 0.28 + 0.7% 0.56 + 0.6* 0.25 + 0.5% 1.54 + 0.8% 1.29 + 0.5%
kag 0.41 + 0.01 0.38 + 0.05% 0.53 + 0.06% 0.59 + 0.07% 0.50 + 0.04* 0.14 + 0.4% 0.10 + 0.02%
kgg 0.27 + 0.02 0.24 + 0.01 0.25 + 0.01 0.25 + 0.01 0.28 + 0.01 0.85 + 0.1 395+ 1.6

Note: SALT = elevated porewater salinity of ~20 ppt, AMB = ~0.5 ppt for freshwater and ~10 ppt for brackish water. SUB, EXP, and EXTEXP, respectively,
refer to submerged, exposed, and extended exposed treatments for different salinity levels. Estimations are based on the data reported in Charles et al. (2019),
Wilson et al. (2018), and Wilson (2018). Letter a represents significant difference (p < 0.05) in means among the inundation treatments (SUB, EXP, and
EXTEXP) for brackish water experiments obtained from one-way analysis of variance (ANOVA). We found no significant differences in means (p > 0.05)
between AMB and SALT treatments across inundation manipulation for brackish water experiment.
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TABLE 3 Average + 1 standard error of sawgrass (Cladium jamaicense) net ecosystem carbon balance and complete carbon budget of
the freshwater (FW) and brackish water (BW) marsh.

Brackish water

Freshwater
Variables AMB.SUB AMB.SUB SALT.SUB AMB.EXP SALT.EXP AMB.EXTEXP SALT.EXTEXP
PE* 1.67 £ 0.58 —0.75 £ 0.22 —0.58 £ 0.26 —0.46 £ 0.28 —1.29 £ 0.24 —3.73 £0.35 —4.37 £0.78
ANPP? 850 + 80 242 + 39 89 + 33 313 £ 50 164 + 43 275 + 65 247 £+ 42
BNPP* 81 +13 70 £ 19 20+ 6 68 £ 10 21+9 106 £ 15 15+5
Dpc? —347 £ 2 —92+2 —47 £ 2 —183 £ 3 —81+2 —27+1 20+ 1
Dpg® —22+1 —-16+1 —5+1 —-17+1 —-6+1 —72+9 —65+ 8
AST? 1371 £+ 351 —214 + 86 —197 £ 102 3 4+ 108 —466 + 94 —1501 + 192 —1790 + 305
AScH 562 + 144 —92 £ 37 —85+ 44 1446 —200 £ 40 —645 £+ 83 —770 £ 131
P 5+£2 1.21 + 0.8 —0.30 £ 0.7 2.31 £ 0.7 1.29 + 0.8 2.31 £0.7 1.29 + 0.8
NECB 1119 + 229 111 £ 17 —27+8 180 £ 100 —104 + 7 —366 + 15 —594 £+ 94
NEE* —2003 + 189 32 + 69 215 4+ 26 123 + 124 401 £+ 55 698 £+ 127 633 £+ 83
Fgr 879 + 42 —144 £+ 87 —187 £ 18 —305 £ 225 —298 + 63 —334 + 113 —40 £ 10
Faq 317 £+ 186 —52 + 50 —103 £ 26 —306 £ 271 —98 + 23 311 £ 30 729 £ 142

Note: SALT = elevated porewater salinity of ~20 ppt for BW, AMB = ~0.5 ppt for FW and ~10 ppt for BW. SUB, EXP, and EXTEXP, respectively, refer to
submerged, exposed, and extended exposed treatments for different salinity levels. ANPP, BNPP, Dag, Dgg, ASt, ASc, Fcus, NECB, NEE, Fg, and Faq
represent aboveground net primary productivity, belowground net primary productivity, aboveground decomposition, belowground decomposition, net change
in soil material, net change in soil C, methane flux, net ecosystem carbon balance, net ecosystem exchange of CO,, net residual flux of C, and net aquatic flux,

respectively. Units of PE and ASy are cm year ' and gm 2

year™ !, respectively, while the remaining C balance components are in gC m™

2 year ', Fcyy for the

AMB.EXTEXP and SALT.EXTEXP treatments were filled from the corresponding AMB.EXP and SALT.EXP measurements, respectively. A negative sign in
Dyg, Dgg, ASt, ASc, and NECB refer to net loss from the system, whereas a negative sign in NEE, Fg, and Fq refer to net gain in the system.
“Based on data reported in Charles et al. (2019), Wilson et al. (2018), and Wilson (2018).

NECB, NEE, Fcpuy, and Fyq

The response of NECB to elevated salinity varied by
inundation/drought treatments (F,3; = 8.80; p = 0.05)
(Table 3; Appendix S1: Table S2). NECB was positive for
brackish water SUB (111 + 17 gC m ™ year ') and EXP
(180 + 100 gC m™? year ') treatments under ambient
salinity, although we estimated a considerable amount of
net C loss with ambient salinity for the EXTEXP treat-
ment (—366 £ 15 gC m 2 year !). In contrast, NECB
became negative with the elevated salinity—NECB
decreased by 75%, 156%, and 63%, respectively, for SUB,
EXP, and EXTEXP inundation levels as salinity increased
from 10 to 20 ppt. Further, we estimated a net gain in NECB
in the freshwater treatment (1129 + 229 gC m™? year V).
Concerning NEE, the brackish water marsh acted as a net
source of C with a substantially higher CO, release in the
atmosphere for both AMB and SALT treatments
(Table 3). The measured Fcy4 Was considerably lower for
the brackish water SUB and EXP treatments across
salinity levels (—0.3 to 2.3 gC m™ 2 year '), while Fcpy,
representing the freshwater AMB.SUB treatment (5= 2
gC m~? year '), was 2-3 times higher than the brackish
water measurements. However, since Fcps was not

available for the brackish water AMB.EXTEXP and
SALT.EXTEXP treatments, we supplemented the missing
data with values from the corresponding EXP treatments
to balance the C for the EXTEXP treatments.

In the brackish water experiment, net residual flux
(Fg) varied from —40 to —334 gCm™? year ' across salin-
ity and inundation levels, although they did not signifi-
cantly vary between salinity treatments and among
varying levels of inundation (Appendix S1: Table S2). We
estimated net aquatic flux (Faq) from the algebraic sum
of Fr and ASc using Equation (5) (Table 3). The
brackish water EXTEXP treatments for two salinity levels
were the net export of Faq (311 and 729 gCm ™ year '),
but we estimated the net import of Faq (—52 to —306
gCm ™2 year ') for the SUB and EXP treatments across
salinity levels. The estimated Faq was positive in the
freshwater treatment (3174 186gCm > year '), which
was ~28% of the corresponding estimated NECB.

EvPEM parameterization and calibration

The fitting efficacy of AS;y was better for the SUB
(NSE = 0.62) compared to the EXP (NSE = 0.41) and
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TABLE 4 Everglades peat elevation model equations fitted as a function of salinity (sal) to estimate factional aboveground (kac) and
belowground (kgg) decomposition rates and net change in peat soil (ASt).

Hydrologic condition Model equations as a function of salinity NSE Statistical significance
Submerge kac = 5.14 x 107%(sal)* — 6.14 x 1075 (sal) +1.47 x 10™% 0.33 Fy14=34,p=0.06
(WD 20 cm) kpg =1.02 x 10~%(sal)® — 2.36 x 1075 (sal) + 8.67 x 10~ 0.15 Fr13=11,p=035
AST=6.85x10""1n(sal) —1.10 0.62 F11,=19.5p=0.01
Exposed (WD < 0 kac = —9.99 x 10~%In (sal) +4.87 x 10~ 0.14 Fi10=17,p=023
and WD 2 —5 cm) kpg =1.65 x 10%1n (sal) 4 3.99 x 10~ 0.43 Fi10=6.7,p=0.03
AS7 =1.40 In(sal) — 2.83 0.41 Fi10=71,p=0.02
Extended exposed kac =—1.75x 10~%In (sal) +7.77 x 10~% 0.08 Fi10=08,p =040
(WD < —5 cm) kpg = 2.43 x 10~°21n (sal) — 5.41 x 10° 0.54 Fy10=11.9, p = 0.01
ASt=1.09 x 107! x (sal) +2.81 0.21 F110=263,p=0.13

Note: kag and kgg are in day ', sal is in ppt, and ASy is in gm 2 day . NSE refers to Nash-Sutcliffe efficiency, and WD refers to water depth.
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FIGURE 5 Everglades peat elevation model calibration plot showing comparisons between mean =+ 1 standard error experimental
observed and simulated changes in (a) peat elevation and (b) net ecosystem carbon balance (NECB) over 1-year period across the seven
treatments representing freshwater (FW) and brackish water (BW) marshes. SALT = elevated porewater salinity of 20 ppt, AMB = 0.5 ppt
for FW and 10 ppt for BW. SUB, EXP, and EXTEXP respectively refer to submerged, exposed, and extended exposed hydrologic treatments
for different salinity levels. Minus sign refers to loss of elevation and NECB.
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FIGURE 6 Simulated peat elevations (PEs) in sawgrass marsh under mean global 3 mm year ' sea-level rise showing examples of
accumulating, steady-state (no change), and collapsing peats in response to annual net primary productivity (NPP), porewater salinity, and
hydrology. The inset shows different threshold levels of NPP as a function of salinity used to simulate the corresponding PEs. Ratios of
above/below primary productivity, turnover rates, and soil bulk density remained constant during the simulation period. NPP represents the
sum of aboveground and belowground net primary productivity. Water level (WL) at the beginning of the simulation (year 1) includes
seasonal variability with 8 months of peat soil surface submergence, 3 months of moderately exposed peat soil surface, and 1 month of
highly exposed peat soil surface. The WLs of the remaining simulated years were subject to seasonal variability in addition to the overall

3-mm rise in each year.

EXTEXP (NSE = 0.21) experiments (Table 4). Similarly,
the NSE of kag was higher for the SUB than that of the
EXP, but the fitting performance was low in the EXTEXP
experiment. The kgg model reasonably explained the data
variability for EXP (NSE = 0.43) and EXTEXP (0.54)
compared to the SUB (NSE = 0.15) condition. Because
only two to three levels of salinity treatments were used
for parameterizations, some of the models were not sta-
tistically significant (p > 0.05) and not well constrained
with higher uncertainty estimates.

The EvPEM calibration showed a good comparison
between the observed and simulated mean PE change
(NSE = 0.93; MBE = —0.05cm year ') and NECB
(NSE = 0.91; MBE = 76.5 gC m * year ') combining all
the treatments (Figure 5a,b). The simulated elevation
changes underestimated the observations within a range
of 0.0-1.1 cm year ', where the maximum and minimum
deviations in the simulated rates were observed in fresh-
water AMB and brackish water AMB treatments, respec-
tively. Subject to the brackish water NECB simulations,
the prediction error ranged between 50 and
359 gC m 2 year ' across the treatments. The standard
errors of the predictions were rather large; in particular,
we observed higher uncertainty in NECB for the EXP
and EXTEXP treatments.

EvPEM-based scenario optimization for
accumulating, steady-state, and subsiding
peat marsh

The example scenario-based analysis indicated that
~420-435, 300-420, and 130-300 gC m ™~ year ' of NPP
could reasonably maintain the initial sawgrass PE over
time (steady-state) under lower polyhaline (18-20 ppt),
mesohaline (5-18 ppt), and oligohaline (1-5 ppt) condi-
tions, respectively (Figure 6). Under the collapsing sce-
nario, the marsh could potentially drop ~3.5cm in
elevation within 30 years if net productivity declines with
increasing salinity. In contrast, the accumulating sce-
nario simulation illustrated the annual NPP required
to support peat accumulation (positive elevation change)
to avert permanent submergence under continuous salinity
exposure. Salinizing marshes would need ~150-550, 550-
1030, and 1030-1070 gC m > year ' of NPP respectively
under oligohaline, mesohaline, and lower polyhaline
regimes to maintain a constant peat accumulation rate
of 3 mm year .

Because the assumed rate of inundation (3 mm year ')
under the steady-state PE scenario exceeds the simulated
rate of PE change (~0.5 mm year ') over the 30 years with
an approximate relative inundation rate of 2.5 mm year

El
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the peat marsh in this scenario would potentially experi-
ence a lengthened hydroperiod (from 245 days in year 1 to
325days in year 30) and would eventually become
completely inundated (or close to full ponding) after
~29-30 years. The collapsing scenario simulation indi-
cates a decline in PE at a rate of 1.2 mm year * as
annual NPP decreases with increasing salinity and
WL. The relative rate of ponding for the collapsing sce-
nario is nearly 4.2 mm year ', implying the likelihood
of an unstable peat system. For example, the model sim-
ulation showed that the combined impact of declining
productivity and increasing relative ponding for this col-
lapsing scenario would result in total submergence after
21-22 years with a substantially prolonged hydroperiod
(33% increase of the number of wet days in a year)
within the first 10-12 years of the simulation period.

In contrast, the accumulating PE scenario (Figure 6)
represents an elevation growth rate of 3 mm year ' with
an assumed increase in annual NPP amid increasing
salinity. The growth rate is approximately equal to the
assumed mean global rate of SLR of 3 mm year .
Further, the hydroperiod of the accumulating marsh
remains unchanged, in contrast to the notable increase in
estimated wet days in the steady-state and collapsing sce-
narios. Therefore, if the productivity growth profile could
be maintained (green line in Figure 6), the accumulating
peat would maintain a stable accumulation rate by keep-
ing pace (elevation change ~ inundation rate) with the
increasing level of inundation as the relative inundation/
ponding rate approaches ~0 mm year '. However, under
field conditions, the simulated optimization scenario could
differ as a recent estimate suggests up to 9 mm year ' of
SLR in southeast Florida (Wdowinski et al., 2016).

DISCUSSION

Recent experimental studies (Charles et al., 2019; Servais
et al., 2020; Wilson et al., 2018, 2019) helped to better
understand the mechanisms of peat collapse in salinizing
areas of Florida Everglades. However, little is known
about how the overall peat C budget would respond to
saltwater intrusion and varying inundation levels and
what amount of primary productivity would be necessary
to support accumulation of soil C with saltwater intrusion.
We developed a system-level mechanistic modeling frame-
work to estimate and simulate NECB and corresponding
peat loss as a function of salinity and WL and applied the
model to determine sawgrass productivity necessary to
maintain and increase peat accretion under increasing rate
of saltwater intrusion. This study elucidated important res-
toration insights on how reducing salinity through

upstream freshwater deliveries could potentially facilitate
C accumulation in these collapsing peats by maintaining/
increasing the sawgrass primary productivity under accel-
erated SLR and associated stresses.

Marsh productivity and
decomposition rates

Our analysis indicates that the Everglades sawgrass peat
marsh C budget is strongly modulated by saltwater intru-
sion and dry-down, which contribute to peat loss. We
found a negative trend in ANPP with increasing salinity
that varied from freshwater to lower polyhaline regimes
(Figure 4); the finding is similar to those of previous stud-
ies that reported a decline in sawgrass ANPP with ele-
vated salinity in coastal ecosystems, including the
Everglades (Childers et al., 2006; Fuller & Wang, 2014;
Lorenz, 2014; Troxler et al., 2014). We did not find a sig-
nificant influence of submergence or drought on
sawgrass productivity. However, the levels of submer-
gence applied to experiments used in this study were low
compared with field observations that showed excessive
waterlogging and timing of freshwater input impacting
aboveground biomass and productivity (Iwaniec et al.,
2006; Troxler et al., 2014; Wichern et al., 2006). Despite
loss of soil elevation and fine root biomass in salinity
treatments, aboveground biomass and NPP of sawgrass
were not significantly impacted in freshwater and
approximately continuous oligohaline conditions (salinity
<7 ppt; Charles et al., 2019); sawgrass can also survive in
zones that reach mesohaline conditions (5-18 ppt;
Troxler et al., 2014). Long-term field measurements from
the Everglades coastal ecotone show that the number of
days of salinity exceeding 30 ppt, discharge, and precipi-
tation can explain 55%-83% of the variation in sawgrass
ANPP (Troxler et al., 2014). Based on our application of
experimental studies, the polynomial model explained
~76% of the variability of ANPP as a function of
salinity alone (Equation 28). The developed models
(Equations 28 and 29) can be used to generate ANPP and
BNPP profiles along a salinity gradient as inputs for
model simulations. However, additional experiments
with salinity levels in the range of 0-7 ppt, along with
model recalibration, and field validation across a broader
range of sites and soil conditions (e.g., marl-forming
marshes and marshes co-dominated by other plant spe-
cies) would expand the applicability of the model to dif-
ferent locations across the landscape.

The decrease in leaf and root turnover rates with salin-
ity (Table 2) is consistent with the observed negative corre-
lation between salinity and productivity, contributing to the
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decrease in soil C stock (Chiang et al., 2000). The decrease
in turnover rate would reduce leaf and root litter produc-
tion, which in turn would have negative feedback on
NECB. Subject to the litter decomposition rates, we esti-
mated five-fold higher root decomposition rates for the
EXTEXP treatments, which could be due to the indirect
estimation of decomposition rates when compared to the
SUB and EXP treatments. However, because water-holding
capacity in highly organic soil is comparatively higher, in
general, decomposition rate declines with increasing inun-
dation in peatlands through a positive feedback loop, which
in turn contributes to C accumulation (Belyea &
Baird, 2006; Ise et al., 2008; Waddington et al., 2015).

Compaction and soil loss estimation

A sizable fraction of measured elevation loss in the
brackish water treatments was attributed to soil com-
pression. Because some areas of the brackish water
marsh were already collapsing when we collected the
plant-soil monoliths, a higher subsidence rate was
expected. Because organic soils have high porosity and
low bulk density, coastal peatlands are vulnerable to soil
subsidence, autocompaction, and consolidation (Day et al.,
2011; Van Asselen et al., 2009), particularly after distur-
bance (Xiong et al., 2019). The estimated higher compaction
for brackish water treatments (o« = 0.67) is likely due to the
initial higher compaction of the already collapsing soil
after disturbance, as we extracted the collapsing soil
monoliths from the field and moved to the experimental
facility. The lower compaction in the freshwater experi-
ment (o« =0.25) could be because of the stable soil struc-
ture and root system in the absence of salt stress, with the
estimated soil accumulation in the freshwater experiment
driven by the biomass productivity and CO, uptake
(Table 3).

The high oxidation of peats is mainly attributed to
the loss of soil C under exposed conditions (Table 3;
Appendix S1: Table S2) because C loss is three- to four-fold
higher in the EXTEXP treatments. The estimated ASc
from the brackish water peat was ~15%
(fc x (1 —a) x 100) of the total measured elevation loss.
Multiplying estimated ASc by the conversion factor of
3.67, we further calculated the CO,-equivalent of the C
loss. We found that extended drought exposure
(EXTEXP) resulted in ~2.5 to 3 times higher potential
CO,-equivalent emissions under ambient and elevated
salinity conditions (24 +3 MgCO, ha ' year ! and 28 + 5
MgCO, ha™ ' year ', respectively) than for drained tropi-
cal peatland secondary forests (10 MgCO, ha' year '
emission threshold; Hiraishi et al., 2014; Khasanah & van
Noordwijk, 2019).

C balance and aquatic fluxes in response
to salinity and inundation levels

There is a wide range of net C exchanges and flux rates
in wetlands due to variation and uncertainties associated
with drivers of productivity, ecosystem respiration, meth-
ane, and aquatic fluxes across spatial and temporal scales,
resulting in high variability in NECB (Lu et al., 2017;
Waletzko & Mitsch, 2013; Webb et al., 2019). The esti-
mated NECB in previously reported wetland studies that
included tropical and temperate coastal freshwater and
brackish water wetlands ranged between —393 and
265gC m 2 year ' (Webb et al., 2019); the reported
range of NECB was smaller than our estimated range of
—594 to 1119 gC m ™2 year ' across the brackish water
and freshwater treatments. Further, the aforementioned
span of estimated NECB from our experiments exceeded
the NECB range (457 + 61 to 1038 + 88 gC m ™~ year ')
that was reported by Troxler et al. (2013) for marsh and
mangrove ecosystems within the Florida Everglades.

The observed variability in estimated NECB across
freshwater and brackish water treatments resulted from
the corresponding variability in NEE, soil C, and produc-
tivity (aboveground and belowground) in response to
changes in salinity and inundation levels (Table 3). The
measured NEE in the brackish water treatments indi-
cated that the marsh was acting as a net source of CO,
because of the coupled effect of higher CO, efflux and
reduced photosynthesis due to elevated salinity (Negrao
et al., 2017; Herbert et al., 2018; Wilson et al., 2018). In
contrast, the C-pool-based estimates of NECB indicated
that the brackish water marsh under ambient salinity
was a sink of C for SUB and EXP treatments that
converted to a net source when salinity was doubled.
A relatively higher primary productivity contributed to
the net C gain under ambient salinity condition. On the
contrary, the salinity-driven decline in ANPP and BNPP
led to a net loss of C irrespective of the level of inunda-
tion. For example, although the peat surface was moder-
ately exposed (4 cm below the surface) in the brackish
water AMB.EXP treatment, we estimated a net gain of C
under the ambient salinity condition. However, we found
a net loss of C in the brackish water SALT.EXP treatment
as the total productivity declined by 71% due to elevated
salinity (Table 3). Further, though inputs for primary pro-
ductivity for the AMB.EXTEXP treatment was approxi-
mately equivalent to AMB.SUB and AMB.EXP for the
brackish water marsh, high oxidation due to extended
exposure contributed to the larger negative NECB for this
treatment. Therefore, consistent with our understanding of
the sawgrass C dynamics in response to SLR and salinity,
the NECB estimates render two important implications:
(1) SLR-driven saltwater intrusion can transform the
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Everglades sawgrass peat marsh landscape from a net sink
to a source of C because of decreasing primary productivity
and increasing CO, efflux and (2) drought, combined with
water management limitations and human water supply
needs, can reduce the number of wet days and exacerbate
peat oxidation and net loss of C.

The computed residual flux Fg, as a balance of NECB,
NEE, and Fcny, represents the horizontal flow of C in
Everglades marshes. We approximate Fg+ (—ASc) as a
proxy of Faq assuming an absence of particulate C (Fp)
in our experiments. Here, Fp. represents particulate C
coming from soot and other nonhydrological processes
but does not include particulate C originating from peat
collapse. The derived aquatic export in the freshwater
AMB.SUB treatment (317 4 186 gCm ™~ year ') is slightly
lower than the range of export of the Everglades marshes
(407+63 to 6664+61gCm > year '), as reported in
Troxler et al. (2013), although our brackish water Faq
estimates (—306+271 to 7294142 gCm > year ')
exceeded the Troxler et al. (2013) reported range. Further,
our brackish water Faq estimations indicated a net export
of Faq for the EXTEXP treatments, though we estimated
negative aquatic fluxes for the remaining SUB and EXP
treatments (Table 3). As our experimental system could
only be an export of aquatic C because the plot design
allowed the drainage of liberated mass through a pipe,
some of the estimated negative fluxes could be biased by
measurement uncertainties. If we consider the lower bound
of the standard errors of those treatments that had negative
aquatic fluxes, NECB almost balances out NEE with a
smaller range of negative Faq (—3 to —75 gCm™ > year ).
Because net ecosystem exchange of CO, (—NEE) in
brackish water marshes is moderately correlated with
Faq in our study (R® =0.63) and brackish water treat-
ments are a net source of CO,, net export of Fpq can be
feasible when —NEE is higher than NECB. Therefore,
some of the estimated negative Fpq values suggest the
likelihood of underestimation in the measurement of the
loss components in Equation (2) as well as the uncer-
tainty in a and f. estimates. It can be a reasonable
assumption that the minimum measurement uncertainty
of the loss components could be roughly equal to the
aquatic flux offset that we derived from NECB and NEE.

Our C balance and budgeting approach included the
major components of organic C exchanges (i.e., exchanges
of CO,, exchanges of CHy, burial/loss of C in soil, fraction of
DOC) pertinent to a wetland subsystem described in the
integrated C balance estimation method proposed by
Hopkinson (2018). However, the method proposed in
Hopkinson (2018) included fluxes such as transport of
particulate and dissolved C, DOC, POC, and DIC. We
represented these aforementioned fluxes as residual and
aquatic fluxes for C balance closure in our C budget

estimation because of the unavailability of direct measure-
ments. Therefore, the C budgeting complexity, uncertainty,
and error range underline the value of direct estimation of
aquatic C fluxes through the measurements of DOC, DIC,
and POC, along with a cross-site validation for reasonable
assessments of C balance combining aquatic and terrestrial
C fluxes (Najjar et al., 2018; Troxler et al., 2013; Windham-
Myers et al., 2018). Overall, the estimated C balance and
budget across salinity and inundation levels supplement our
understanding of the global-, regional-, and local-scale
coastal C budgets (Czapla et al., 2020; Herrmann
et al., 2015; Najjar et al., 2018; Regnier et al., 2013; Shen
et al., 2019) and contribute to multisite and multiscale
C data synthesis efforts (Hales et al., 2008). Further-
more, the aquatic export potentials of the marshes sug-
gest a significant transport of flocculent materials and
DIC to estuarine and marine ecotones, which has
important relevance for estuarine, oceanic, and global C
budgets (Alongi, 2020; Najjar et al., 2018).

Model caveats and future improvement

We used experimental data representing three salinity
(~0.5, 10, and 20 ppt) and three inundation (SUB, EXP,
and EXTEXP) levels to parameterize the different compo-
nents of the modeling framework to simulate elevation
change. Although we had all three salinity level data for
the SUB hydrologic experiment, ~0.5ppt salinity
representing the freshwater domain was not available for
EXP and EXTEXP treatments. Therefore, regression-
based parameterizations involving kag, ksg,and ASr for
EXP and EXTEXP only incorporated ambient (~10 ppt)
and elevated (~20ppt) salinity conditions of brackish
water marshes. Further, because of limited levels of salin-
ity thresholds, some of the parameterizations are not sta-
tistically robust and warrant further improvement using
multilevel and multisite data.

Our EXTEXP experiment represents 6 months of sub-
mergence and 6 months of drought ranging from —10 to
—20 cm of peat soil exposure (Appendix S1: Figure S1);
however, the seasonal dry-down could vary with space
and possibly introduce uncertainty into model simula-
tions. The current version of the model did not incorpo-
rate the effect of nutrients (e.g., phosphorous), which
might stimulate soil C dynamics, plant growth, and turn-
over rates. The model cannot simulate a positive feed-
back effect that might impact the rate of C loss. Our
model parameterization also included only a short-term
(1-year) change in sawgrass peat soil, which could be
another source of uncertainty in the model. Because of
the unavailability of long-term field measurements of soil
surface elevation change via surface elevation tables from
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sawgrass-dominated regions of the Florida Everglades, it
was not possible to validate model predictions. Future
improvements of the model would involve incorporation
of multilevel salinity and hydrologic data to increase the
range of parameterized model variables by establishing
more data collection sites, inclusion of the effect of nutri-
ent enrichment and vegetation dynamics, sensitivity
analysis with the robustly fitted model equations, and
multisite comparison-based model validations.

Conclusions and applications of EVPEM for
coastal management

In this study, we estimated NECB and its components for
different salinity and inundation levels using experimen-
tal data and completed the total C budget for freshwater
and brackish water sawgrass marshes. We found that
brackish water sawgrass peats transitioned from a net
sink to source of C with elevated salinity and lower dura-
tion and level of inundation (e.g., drought), whereas the
freshwater marsh accumulated C under ambient salinity
and submerged conditions.

The simulated C balance and elevation change using
the EVPEM was positively related to productivity and nega-
tively linked with loss components, where salinity and level
of inundation dictated the estimation of the loss compo-
nents. The sensitivity of the aboveground and belowground
turnover rates depended on both primary productivity and
decomposition rates as their balance would eventually con-
tribute to the C stock. Although the model did not incorpo-
rate the direct effect of swelling, a negative o can reflect
the swelling effect. The presented cell-scale modeling
approach enables a number of features to support water
management decisions. It (1) requires a reasonable set of
input variables (Table 1) for simulations, (2) utilizes a
user-friendly modeling environment, (3) incorporates the
seasonality in WL, (4) accounts for the degree of compac-
tion in peat soil, and (5) enables flexibility in inputs (con-
stant value or time series).

The EvPEM can be used to simulate peat collapse
under different inundation/drought and saltwater intru-
sion scenarios, providing critical information on salinity
and productivity thresholds and water management deci-
sion support. Applying the model to scenario simulations,
we defined annual NPP (sum of ANPP and BNPP) levels
required for a stable peat that can keep pace with the
inundation rate. Appropriating the productivity optimiza-
tion, a series of diagrams can be generated by varying dif-
ferent input variables to show the impacts of inundation
and saltwater intrusion on Everglades sawgrass peat
marshes (Figure 6). Applying these results, we can then
define the freshwater delivery protocols required, based

on hydrologic and ecologic controls, which can reduce
the porewater salinity to maintain or increase primary
productivity in Everglades sawgrass peat marshes. A reg-
ulated augmentation in freshwater flow into the Ever-
glades that decreases salinity levels is one of the feasible
alternatives to inhibit peat loss as outlined in the compre-
hensive Everglades restoration plan (NASEM, 2018; Sklar
et al., 2005; Stabenau et al., 2011). EVPEM represents a
significant advancement that enables the exploration of
those limiting freshwater thresholds required to maintain
a healthy peat through productivity optimization.

The study highlighted the severe susceptibility of
coastal wetlands in the Florida Everglades to elevated
salinity and hydrologic alterations. SLR-driven saltwater
intrusion, combined with extended dry-down and climate
change, limits the capacity of the wetlands to
accumulate C, leading to accelerated elevation loss. Over-
all, the EVPEM simulations illustrated the importance of
plant productivity for maintaining PE in the face of
increasing SLR and can be used to develop important sus-
tainable and comprehensive hydrologic and ecological res-
toration actions. Further, the proposed modeling
framework and primary parameterizations with experi-
mental data representing the Everglades sawgrass marsh
ecosystem is a useful tool for simulating NECB and eleva-
tion change. Specifically, the tool can be applied to similar
freshwater-fed coastal wetlands to derive hydrologic man-
agement alternatives to reduce vulnerability of coastal peat
marshes in response to SLR and saltwater intrusion. More-
over, the presented approach and model improves our
understanding of the sensitivity of biological feedback on
coastal wetland change.
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