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A B S T R A C T

Ecological threshold is an important concept to indicate the boundary of alternate states of ecosystems driven by
environmental conditions and to facilitate evaluation of ecosystem resilience. Sea-level rise (SLR) thresholds for
the stability of salt marshes, if studied in two dimensions, are generally derived based on total areas without
systematic accounting for spatial patterns related to edges, shapes, and contagions of patches. As these spatial
patterns are potentially important for functions and ecosystem services of salt marshes and they are likely to be
impacted by SLR in a different way from the total areas, it is necessary to study SLR thresholds based on these
spatial patterns to obtain a more comprehensive understanding of salt marsh resilience to SLR. This research
compares the SLR thresholds based on these spatial patterns of salt marshes to those based on total areas alone
across different spatial resolutions.

The spatial patterns of salt marshes were quantified by 26 commonly used landscape metrics, predicted from
a mechanistic wetland change model. At spatial resolutions of 2–100m, SLR thresholds were first derived using
individual landscape metrics and then the first principal component that explained>80% of total variance of
these metrics showing threshold responses to SLR. In order to separate the effect of spatial configuration from
composition, a neutral model which simulated the same amount of salt marsh change as the mechanistic model
but at the random locations was applied. The SLR thresholds were derived based on the simulations from the
neutral model and compared to those from the mechanistic model.

The results show that total area-based SLR thresholds do not comprehensively represent salt marshes’ resi-
lience to SLR. Particularly, I find 1) the derived SLR thresholds vary from 7.29 to 11.12mm/yr for 2100 based on
landscape metrics used, 2) the SLR threshold based on the first principal components (7.99mm/yr) is smaller
than that based on the total area only (8.40mm/yr), 3) the SLR thresholds are scale dependent, and 4) the spatial
configuration’ effect on SLR thresholds is smaller for smaller salt marsh areas compared to larger salt marsh
areas.

This study highlights the need to account for different spatial patterns of salt marshes and apply wetland maps
with a spatial resolutions of 30m or finer in deriving SLR thresholds, as using total areas alone or coarser-
resolution maps may provide a biased interpretation that salt marshes are more resilient to SLR than they
actually are.

1. Introduction

It is common for ecosystems to show nonlinear threshold responses
to natural and anthropogenic drivers (Scheffer et al., 2001; Foley et al.,
2015). In fact many ecosystems are subject to regime shift – abrupt
change from one state to another after crossing a threshold or tipping
point. An ecological threshold is a value or range of values of a driver or
an ecosystem state variable beyond which a rapid and nonlinear change
in ecosystem state, quality, property, or phenomena will occur
(Groffman et al., 2006; Halpern et al., 2015, 2008). The rapid change is
often irreversible leading to unwanted shifts in ecosystem state, altered

ecosystem function, and degradation of ecosystem services (Hughes,
1994; Folke et al., 2004; Foley et al., 2015). In order to maintain eco-
system stability, it is important to understand the ecological thresholds
and nonlinear response for better resource management (Foley et al.,
2015). If crossing thresholds is not avoidable, then corresponding mi-
tigation and adaption plans need to be in place to minimize the impacts
associated with regime shift.

Coastal wetlands provide a variety of ecosystem services including
high primary production, productive fisheries, habitats for many spe-
cies, water quality improvement, blue carbon sequestration, flood
control, storm protection, recreational opportunities, and cultural
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values etc. (Costanza et al., 1997; Engle, 2011). However, coastal
wetlands have been degraded or lost at an increasing rate, especially in
the last few decades. One important driver that coastal wetlands show
threshold response to is relative sea-level rise (RSLR), a combination of
sea-level rise (SLR) and subsidence. Stability of coastal wetlands de-
pends on whether accretion driven by sediment trapping from water
columns and organic sediment contribution from root growth can keep
up with RSLR, erosion driven by wave action, and decomposition of soil
organic matters (Neubauer, 2008). Due to the feedbacks among in-
undation, sedimentation, and vegetation productivity, coastal wetlands
may be able to keep up with low to moderate RSLR up to ∼12mm/yr
(Jankowski et al., 2017). If RSLR exceeds a threshold, the feedbacks are
interrupted and sedimentation rate is reduced to the point that the
elevation cannot keep up with RSLR, leading to the permanent loss of
coastal wetlands (Fagherazzi et al., 2006; Kirwan et al., 2010; Wang
and Temmerman, 2013). Concerns arise if SLR continues to accelerate
as predicted climate change will increase glacial and ice sheet melting
and contribute to heat expansion (Fasullo et al., 2016). Therefore, it is
important for resource managers to understand the SLR thresholds to
anticipate the vulnerability of coastal wetlands.

SLR thresholds for stability of coastal wetlands are generally derived
from one-dimensional metrics, either based on vertical accretion
(Fagherazzi et al., 2006; Jankowski et al., 2017; Kirwan et al., 2010;
Kirwan and Murray, 2007; Marani et al., 2007; Morris et al., 2016;
Wang and Temmerman, 2013) or marsh length (Ratliff et al., 2015).
However, two dimensional wetland distribution maps based on the
vertical accretions under different SLR scenarios provide a more visual
tool for resource managers to understand wetlands’ resilience to SLR.
When SLR thresholds are derived in two dimensions, total area is the
most basic metric used (Wu et al., 2017). In fact, as total area is rela-
tively easy to calculate, it has commonly been used to evaluate the
conditions of coastal wetlands including the impact of sea-level rise on
coastal wetlands (Alizad et al., 2018; Bourne, 2000; Coleman et al.,
2008; Craft et al., 2009; Lin and Yu, 2018), and model values of coastal
wetlands’ services (Brander et al., 2012; Woodward and Wui, 2001).
Spatial patterns other than total area in real-world landscapes, in-
cluding the aspects of composition, shape, and arrangement, strongly
influence ecological processes and are linked to ecological values of the
landscapes (Uuemaa et al. 2013). Any changes in spatial patterns may
interfere with critical ecological processes and therefore affect land-
scape integrity and ecosystem resilience or ecological thresholds. For
example, patch shapes and connectivity are important in maintaining
ecosystem functions. Fragmentation, involving not only reduced area,
but also increased isolation and increased edge, degraded ecosystem
functions, including biodiversity, carbon and nitrogen retention, pro-
ductivity, and pollination (Haddad et al., 2015). Connectivity (Kukkala
and Moilanen, 2017; Mitchell et al., 2013), or more broadly spatial
composition and configuration (Lamy et al., 2016) are related to eco-
system services provided, such as hunting, fishing, carbon sequestra-
tion, and flood regulation etc. Therefore the relation between spatial
patterns of salt marshes and SLR thresholds needs careful investigation.

Landscape metrics are a common and effective approach to quantify
landscape patterns for categorical maps (Wu, 2000; Peng et al., 2010)
although the metrics may suffer from problems of scale dependence and
interpretability. They are frequently used in analyzing land use/land
cover changes and serve as indicators for ecosystem functions (Uuemaa
et al., 2009), but rarely applied to ecological thresholds. As many
landscape metrics are not linearly related to total area, it is important to
study how spatial metrics other than total area affect ecological
thresholds. Wu et al. (2017) showed that the SLR threshold based on
mean patch area was smaller than that based on total area at one ret-
rograding wetland on the Mississippi Gulf Coast of the US.

As landscape metrics show dependence on spatial scales, ecological
thresholds based on these landscape metrics are expected to show scale
dependence. The response of landscape metrics to changing spatial
scales fall into three categories: 1) predictable response with changing

scale which can be quantified by using simple scaling equations, 2) less
predictable staircase-like response, and 3) erratic response in response
to changing scale (Wu et al., 2002). Similarly, the response of SLR
thresholds to scale change likely falls into one of the three categories.
The threshold is also temporal dependent as Wu et al. (2017) showed
SLR thresholds differed when different years were targeted for main-
taining stability of coastal wetlands.

Analysis of ecological thresholds is not straightforward due to
nonlinear response of ecosystems to multiple environmental drivers
that interact at diverse spatial and temporal scales (Groffman et al.,
2006). A landscape model that accounts for these diverse environ-
mental drivers and nonlinear dynamics is important in deriving SLR
thresholds. Different types of models have been developed to predict
the response of coastal wetlands to SLR and they range from statistical
models to mechanistic models. Statistical models are generally simple
to apply and require fewer data as inputs so they are appropriate at
broad spatial scales, such as the entire northern Gulf of Mexico (Hardy
and Wu, in review). In contrast, mechanistic models account for im-
portant ecological feedback, usually require more detailed data, and are
appropriate to apply at narrower spatial scales.

This study aims to provide more accurate estimation of SLR
thresholds by examining SLR thresholds based on a variety of spatial
patterns of salt marshes at multiple spatial scales. Specific questions are

1) Is it necessary to account for spatial patterns other than total area in
deriving SLR thresholds?

2) How do spatial resolutions of wetland maps affect derivation of SLR
thresholds?

3) How does spatial configuration affect SLR thresholds derived?

It is not straightforward to identify the optimum landscape metrics
that link to ecosystem processes due to the complex ecological pro-
cesses and a large variety of metrics (Mander et al., 2005), and the
current study on how landscape patterns impact SLR thresholds directly
contribute to a better understanding of this key linkage in salt marsh
ecosystems.

2. Methods

A mechanistic model was applied to predict salt marsh change at the
Grand Bay National Estuarine Research Reserve (NERR), a retrograding
delta in Mississippi, United States, for 2050 and 2100 under the sce-
narios of a variety of SLR rates ranging from 4mm/year (current SLR
rate) to 20mm/year (an extremely high SLR rate) with an increment of
0.5 mm/year (Fig. 1). The RSLR is considered to be the same as the SLR
as the subsidence rate is negligible in this study area based on the
elevation change data and accretion data measured using the sediment
elevation table and feldspar marker horizon technique at the Grand Bay
NERR (personal communication with J. Pitchford). The model accounts
for vegetation productivity, sedimentation, and hydrodynamics.

To address Question 1 on whether landscape patterns other than
total area should be considered in deriving SLR thresholds, 26 com-
monly used landscape metrics (McGarigal et al., 2012) that indicate
different spatial patterns of salt marshes simulated from the mechan-
istic model were calculated. Then the SLR thresholds based on these
landscape metrics were derived. Furthermore, a principal component
analysis (PCA) on all landscape metrics that showed threshold re-
sponses to SLR was conducted. PCA was chosen to reduce the dimension
of the correlated landscape metrics and effectively integrate different
aspects of spatial patterns represented by the variety of landscape
metrics. Then, the SLR threshold was derived based on the first prin-
cipal component which explained>80% of total variance of these
landscape metrics.

To examine how SLR thresholds based on different landscape me-
trics respond to different spatial scales (Question 2), the cells of the
original wetland predictions at a spatial resolution of 2m were
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aggregated to generate maps of coarser resolutions of 10–100m with an
increment of 10m, and then the SLR thresholds were derived at dif-
ferent spatial resolutions following the methods addressing Question 1.

Finally, in order to separate the effect of spatial configuration (patch
shapes and spatial arrangements) from spatial composition (Question
3), a neutral model was applied to simulate the same amount of wetland
change as the mechanistic model but at the random locations, then the
SLR thresholds were derived, and the thresholds from both types of
models were compared.

2.1. Study area

The Grand Bay NERR (30.37°N, 88.43°W, see Fig. 2 in Wu et al.
(2017)) is located in southeastern Mississippi, United States, with an
area of about 3000 ha of extensive salt marshes dominated (> 90%) by
Juncus roemerianus and a small area of Spartina alterniflora at the fringe
of marshes. The Grand Bay delta started to form in the late Holocene at
the mouth of the Escatawpa River but it stopped growing when the
Escatawpa river changed its course westward toward the Pascagoula

River (Otvos, 2007). Adjacent to the salt marshes is a shallow estuarine
area of about 2800 ha and a mean water depth of 0.6–0.9 m influenced
by diurnal astronomical tides with an annual mean range of about 0.6m
and a maximum range during the summer months of 0.6–0.9 m. The
climate is subtropical with hot and humid summers and mild winter
conditions (Peterson et al., 2007).

2.2. Mechanistic model to simulate coastal wetland change under SLR

The mechanistic model (Wu et al., 2017), adapted from the Marsh
Equilibrium Model (MEM) (Morris et al., 2002) and a simplified hy-
drodynamic model (Dean and Dalrymple, 1991; Fagherazzi and
Furbish, 2001; Friedrichs and Aubrey, 1996; Kirwan and Murray,
2008), simulates elevation change of salt marshes at the annual step
driven by SLR, accretion, and erosion. The accretion is contributed by
organic matters from root growth and mineral sediments in water col-
umns settling on marsh platforms with or without aboveground bio-
mass’ trapping. The erosion is assumed to be driven by depth-limited
waves. When elevation of salt marsh platform is below mean low water
level, the model converts salt marshes to open water.

This model was applied to predict wetland change by 2050 and
2100 under a variety of SLR rates ranging from 4 to 20mm/year with
an increment of 0.5 mm/year. These SLR scenarios are based on global
SLR scenarios without considering local subsidence variability. The
initial wetland map is based on the 1988 national wetland inventory
(NWI) data (Shirley and Battaglia, 2006), classified to salt marshes,
estuarine open water, and other land types. More details on the model
and its application at the Grand Bay NERR can be found in Wu et al.
(2017).

2.3. Landscape metrics

To represent the spatial pattern of salt marshes, 26 commonly used
landscape metrics at the class level that do not require extra inputs
other than wetland maps were calculated using Fragstats (McGarigal
et al., 2012). All the available landscape metrics were selected initially
as it was not clear which ones should be omitted due to limited
knowledge and lack of guidance on relation between landscape metrics

Fig. 1. Flow chart of analyses conducted in this study, including model simulations to predict salt marsh distributions in 2050 and 2100, calulations of landscape
metrics of salt marshes, resampling to change cell size of salt marsh distributions, first principal component analysis to combine landscape metrics, and sigmoid
model fitting on landscape metrics or the first principal component (PC1) versus SLR to derive SLR thresholds.

Fig. 2. The sea-level-rise (SLR) thresholds based on the first principal compo-
nents at different spatial resolutions (cell sizes) from 2m to 100m for 2050 and
2100. The SLR thresholds at the cell sizes of coarser than 30m are larger than
those at the cell size of 30m and finer, showing coarser resolutions may lead to
the misconception that salt marshes are more resilient to SLR than they actually
are.
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and SLR thresholds. The landscape metrics fall into three categories: 1)
area/density/edge metrics, 2) shape metrics, and 3) aggregation/con-
tagion/ interspersion metrics. The first category includes total area
(CA), percentage of coastal wetlands (PLAND), number of patches (NP),
patch density (PD), total edge (TE), edge density (ED), landscape shape
index (LSI), normalized landscape shape index (NLSI), largest patch
index (LPI), mean patch area (AREA_MN), and mean radius of gyration
(GYRATE_MN). The second category includes perimeter-area fractal
dimension (PAFRAC), mean perimeter-area ratio (PARA_MN), mean
shape index (SHAPE_MN), mean fractal index (FRAC_MN), mean re-
lated circumscribing circle (CIRCLE_MN), and mean contiguity index
(CONTIG_MN). The third category includes percentage of like ad-
jacencies (PLADJ), clumsiness index (CLUMPY), aggregation index (AI),
interspersion and juxtaposition index (IJI), landscape division index
(DIVISION), splitting index (SPLIT), effective mesh size (MESH), patch
cohesion index (COHESION), and mean Euclidean nearest neighbor
distance (ENN_MN). The description of these metrics are available in
Fragstats documents (https://www.umass.edu/landeco/research/
fragstats/documents/fragstats.help.4.2.pdf, last accessed on January
26, 2019).

Then the landscape metrics which showed typical threshold

responses to SLR and can be described as following a sigmoid curve
were selected. The landscape metrics which did not show an asymptotic
value or monotonic response (e.g., quadratic function) were removed. If
the correlation between two landscape metrics was larger than 0.999,
the thresholds based on them were very similar, so only one landscape
metric was kept. Similar numbers of metrics remained in each category
of the landscape metrics when the selection was made. The rest of the
landscape metrics may still be correlated but the ecological thresholds
based on them were different so they remained in the following ana-
lyses.

2.4. Threshold derivation

The mechanistic model predicted salt marsh distributions under 33
different SLR rates for 2050 and 2100, and from these, the SLR rate
thresholds for stability of salt marshes were derived. Beyond the SLR
thresholds, salt marshes would transit to a less desirable state with
much smaller and fragmented salt marsh landscape due to loss of salt
marshes to open water.

To identify the ecological thresholds based on the landscape me-
trics, a sigmoidal regression approach (Osland et al., 2013) was applied

Table 1
First principal component related metrics at multiple spatial resolutions in 2050: The variances explained, the sea-level rise (SLR) thresholds (unit: mm/yr), the lower
and upper boundaries of sea-level rise rate for areas of maximum rate of change (unit: mm/yr), and the landscape metrics with the largest three absolute values of
correlation with the first principal component (there may be more than three landscape metrics due to tie correlations). The numbers in the parentheses indicate the
categories each landscape metric falls into: 1 - area/density/edge metrics, 2 - shape metrics, and 3 - aggregation/contagion/ interspersion metrics.

Spatial
resolution

Variance
explained (%)

SLR threshold Low range for maximum
change rate zone

High range for maximum
change rate zone

Landscape metrics with the largest correlations with PC1

Largest correlation Second largest
correlation

Third largest
correlation

2m 86.81 10.62 7.00 14.50 LPI (1) CA (1) DIVISION
10m 83.15 9.38 6.50 13.00 DIVISION (3) PAFRAC (2) CA (1)
20m 86.36 10.44 6.00 15.00 CA (1) DIVISION (3) LPI (1)
30m 84.92 10.18 6.00 15.00 SHAPE_MN (2) DIVISION (3)

CA (1)
LPI (1)

40m 86.12 11.14 7.50 15.00 CONTIG_MN (2) PARA_MN (2) GYRATE_MN (1)
50m 90.08 12.03 7.50 16.50 CA (1)

LPI (1)
SHAPE_MN (2)

GYRATE_MN (1) AI (3)

60m 87.38 11.84 7.50 16.50 CA (1) PARA_MN (2) GYRATE_MN (1)
70m 89.77 11.86 7.50 16.00 SHAPE_MN (2) CA (1) CONTIG_MN (2)
80m 87.53 12.97 8.00 18.00 SHAPE_MN (2) CONTIG_MN (2) PAFRAC (2)
90m 90.95 12.58 8.00 18.00 SHAPE_MN (2) CONTIG_MN (2) CA (1)
100m 88.68 12.30 7.00 17.50 SHAPE_MN (2) CA (1) GYRATE_MN (1)

Table 2
First principal component related metrics at multiple spatial resolutions in 2100: The variances explained, the sea-level rise (SLR) thresholds (unit: mm/yr), the lower
and upper boundaries of sea-level rise rate for areas of maximum rate of change (unit: mm/yr), and the landscape metrics with the largest three absolute values of
correlation with the first principal component (there may be more than three landscape metrics due to tie correlations). The numbers in the parentheses indicate the
categories each landscape metric falls into: 1 - area/density/edge metrics, 2 - shape metrics, and 3 - aggregation/contagion/ interspersion metrics.

Spatial
resolution

Variance
explained (%)

SLR threshold
(mm/yr)

Lower boundary for
maximum change rate
zone

Upper boundary for
maximum change rate
zone

Landscape metrics with the largest correlations with PC1

Largest correlation Second largest
correlation

Third largest
correlation

2m 91.44 7.99 7.00 9.00 DIVISION (3) CA (1) PAFRAC (2)
10m 92.24 8.07 7.00 9.50 CA (1)

DIVISION (3)
PAFRAC (2) LPI (1)

20m 89.76 8.23 7.00 9.50 CA (1) DIVISION (3) PAFRAC (2)
LPI (1)

30m 94.3 8.23 7.00 9.50 SHAPE_MN (2) CONTIG_MN (2) CA
40m 93.64 8.73 7.00 10.50 CONTIG_MN (2) SHAPE_MN (2) GYRATE_MN (1)
50m 91.09 8.88 7.00 10.50 SHAPE_MN (2) CONTIG_MN (2) AI (3)
60m 93.02 8.71 7.00 10.50 CONTIG_MN (2) SHAPE_MN (2) CA (1)DIVISION (3)
70m 91.23 8.72 7.50 10.00 SHAPE_MN (2) PLAD (3) CA (1)
80m 89.33 9.04 7.00 11.00 CONTIG_MN (2) PARA_MN (2) AI (3)
90m 95 8.79 7.50 10.00 SHAPE_MN (2) AI (3) PARA_MN (2)
100m 92.15 8.73 7.50 10.00 SHAPE_MN (2) CONTIG_MN (2) CA (1)
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to model the relation between a particular landscape metric and SLR
rate, and then, the inflection point on the fitted sigmoid curve was
determined as the threshold. The analysis was done using the 4-para-
meter function package “drc” available in R (https://cran.r-project.org/
web/packages/drc/drc.pdf, last accessed on January 26, 2019). Ad-
ditionally, the SLR threshold based on the first principal component
which explained a majority of variance of these landscape metrics was
also derived. Principal component analysis was conducted using the R
package “FactoMineR” (https://cran.r-project.org/web/packages/

FactoMineR/FactoMineR.pdf, last accessed on January 26, 2019).
Finally, the area of maximum rate of change for salt marshes’ spatial

patterns, represented by the first principal component of the landscape
metrics, was identified, and the lower and upper boundaries of SLR
rates for the area were determined using the “features” package in R
(https://cran.r-project.org/web/packages/features/features.pdf, last
accessed on February 7, 2019). The area of maximum rate of change
lies between the local maxima and minima peaks of the second deri-
vative of the sigmoidal model (Osland et al., 2014).

Fig. 3. Salt marsh distributions predicted from the mechanistic model (A: left column) and the neutral model (B: right column) in 2050 at the spatial resolution of 2m
under the sea-level rise rate of 10.0 (1), 10.5 (2), 11.0 (3), 11.5 (4), and 12.0mm/yr. Total area-based SLR thresholds are 11.88 mm/yr for 2050 from both models.
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2.5. Spatial scale’s impact on SLR derivation

My model simulations were based on the spatial inputs with a fine
spatial resolution of 2m; therefore, the predicted salt marsh distribu-
tions had the same fine spatial resolution. In order to investigate how
spatial resolution affected threshold derivations, the cells of the pre-
dicted salt marsh maps were aggregated to 10–100m with an increment
of 10m using the majority rule. Then Step 3 and 4 noted above were
repeated to obtain the SLR thresholds based on the landscape metrics
and first principal components at different spatial resolutions. Due to
the less predictable behavior of landscape metrics’ response to different
spatial extents, how the change of spatial extent affected SLR thresholds
was not examined.

2.6. Neutral model

To separate the effects of spatial configuration from spatial com-
position of salt marshes on SLR thresholds, a neutral model called the
random constraint match model (RCM) (Hagen-Zanker and Lajoie,
2008; Wu et al., 2015) was applied to simulate salt marsh change. The
RCM simulated the same amount of changes of salt marshes as the
mechanistic model but it chose random locations for the changes in-
stead of basing the changes on underlying ecological processes as in the
mechanistic model. Therefore, the spatial configurations of the pre-
dicted salt marsh distributions from the two types of models differed
while their spatial compositions stayed the same.

3. Results

The results show that total area-based SLR thresholds do not com-
prehensively represent salt marshes’ resilience to SLR. Particularly, I
find 1) the derived SLR thresholds vary by spatial patterns considered
and landscape metrics used, 2) they are scale-dependent and the change
across spatial resolutions for each individual landscape metric-based
threshold is different, 3) the derived SLR thresholds based on the first
principal components are smaller than those based on the total areas
only for both 2050 and 2100 when spatial resolutions are finer than
30m, 4) the derived SLR thresholds based on the first principal com-
ponents show scale dependence and they increase with cell size for both
2050 and 2100 in general, and 5) the spatial arrangements’ effect on
SLR thresholds is smaller under the smaller marsh areas compared to
under the larger marsh areas.

3.1. SLR thresholds based on a variety of landscape metrics at different
spatial resolutions

The SLR threshold of ∼8mm/yr based on the total area in 2100 at

each spatial resolution is comparable to the threshold derived for the
similar estuaries (e.g., microtide and similar suspended sediment con-
centrations) (Kirwan et al., 2010), slightly larger than SLR threshold of
∼7mm/yr based on the model derived from the first principle (Morris
et al., 2016).

The SLR threshold based on each individual landscape metric for
2100 is smaller than for 2050 (Tables S1 and S2), showing the target
year for stability of salt marshes needs to be explicitly considered when
it comes to SLR thresholds as wetland change is a dynamic process that
requires a larger stress level to collapse in the nearer future compared
to the more distant future.

The SLR thresholds vary by landscape metrics used, larger or
smaller than total area-based thresholds, indicating SLR thresholds
based on total areas represent only a partial aspect of resilience of salt
marshes to SLR and other spatial patterns quantified by different
landscape metrics need to be considered.

The landscape metrics that show threshold responses to SLR fol-
lowing sigmoid curves differ at different spatial resolutions; some
consistently show this type of threshold response to SLR across all the
resolutions. I particularly examined the 13 landscape metrics which
remained in at least seven spatial scales out the eleven (2, 10, 20, …,
100m) investigated. For 2050 salt marsh predictions, the majority of
landscape metrics generate larger values of SLR thresholds as the spatial
resolutions become coarser, including AREA_MN, GYRATE_MN,
SHAPE_MN, PARA_MN, CONTIG_MN, FRAC_MN, and CIRCLE_MN
(Table S1). Four landscape metrics generate the SLR thresholds that do
not vary much with the spatial resolutions, include CA, CLUMPY,
COHESION, and AI. The thresholds based on CA remain similar across
all the spatial resolutions, while the thresholds based on CLUMPY,
COHESION, and AI fluctuate but are maintained around a certain value
across all the resolutions. In addition, two landscape metrics, LPI and
DIVISION, lead to smaller SLR thresholds as the spatial resolutions
become coarser. The change across scales are similar for 2100 (Table 2).
The exception is that COHESION shows a declining trend with coarser
resolution for 2100. For the spatial resolutions finer than 30m, SLR
thresholds based on the shape metrics are unanimously smaller than the
total-area based thresholds.

Though the SLR thresholds based on the landscape division index at
the spatial resolutions between 2 and 30m differ slightly, the values of
the index at the SLR thresholds for any given resolution at 30m and
finer in 2050 and 2100 are all 0.974 (Tables S1 and S2), indicating that
larger index values than 0.974 would lead to rapid salt marsh collapse.
In addition, the values of salt marsh area at the SLR thresholds are
around 1020–1030 ha for any wetland maps of 50m and finer, in-
dicating that any areas smaller than that could lead to rapid salt marsh
collapse.

Fig. 3. (continued)
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3.2. SLR thresholds based on the first principal components

The first principal component, which is combinations of the land-
scape metrics, explains more than 80% of their total variance, and
therefore comprehensively represents landscape patterns and salt
marsh conditions at each spatial resolution. Based on the correlations of
each individual landscape metric and the first principal components
(Tables S3 and S4), area, shape and aggregation related landscape
metrics all play important roles in determining SLR thresholds. The

total area of salt marshes is among the top three landscape metrics that
relate to the first principal components across the majority of the spatial
scales, though it may not have the largest correlation. The landscape
division index is among the top three landscape metrics that correlate
to the first principal components at the spatial resolutions of 30m and
finer, and it is also the only landscape metric in the aggregation/con-
tagion/interspersion metrics category that leads to smaller SLR
thresholds than the total area-based thresholds across all the spatial
resolutions. For the resolutions coarser than 30m, mean shape index

Fig. 4. Salt marsh distributions predicted from the mechanistic model (A: left column) and the neutral model (B: right column) in 2100 at the spatial resolution of 2 m
under the sea-level rise rate of 7.0 (1), 7.5 (2), 8.0 (3), 8.5 (4), and 9.0 mm/yr. Total area-based SLR thresholds are 8.40mm/yr for 2100 from both models.
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(indicating shape complexity) shows high correlation with the first
principal components. At the finest spatial resolution (cell size of 2m),
larger total area and smaller landscape division index of salt marshes
produce larger scores of the first principal components for both 2050
and 2100. Therefore, the larger scores of the first principal components
represent better conditions of salt marshes in general.

The derived SLR thresholds based on the first principal components
(Fig. 2), are smaller than those based on the total areas alone at the
spatial resolutions of 30m and finer for both 2050 and 2100. In general,
the SLR thresholds increase with cell sizes, and the increase is parti-
cularly pronounced beyond 30m (Fig. 2). As larger SLR thresholds
mean higher resilience of salt marshes to SLR, marsh distribution maps
coarser than 30m could lead to the misconception that salt marshes are

more resilient to SLR than they actually are. On the other hand, the
areas of maximum rate of change are similar across the spatial resolu-
tions for a particular year (Tables 1 and 2 ), and the lower boundaries of
the areas are similar for 2050 (6.0–7.0 mm/yr) and 2100 (7.0mm/yr)
for the maps finer than 30m, and the upper boundaries of the areas are
larger for 2050 than for 2100 (Figs. 3A and 4A).

3.3. The effect of spatial arrangements on SLR thresholds

At the original resolution of 2m, the SLR threshold based on the first
principal component from the neutral model is smaller than that from
the mechanistic model based on the 2050 simulations, whereas the
thresholds for 2100 are similar from both models (Table 3). As the total
areas of salt marshes from both types of models are the same, the dif-
ference of SLR thresholds is mainly the effect of spatial configuration.
Here it is mainly the effect of spatial arrangements as no shape-related
metrics are maintained in deriving SLR thresholds from both types of

Fig. 4. (continued)

Table 3
Sea level rise (SLR) thresholds (unit: mm/yr) for individual landscape metric
and first principal component based on the simulations from the mechanistic
and neutral models for 2050 and 2100 at the spatial resolution of 2m, lower
and upper boundaries of sea-level rise rate for areas of maximum rate of change
(unit: mm/yr), and the values of the landscape division index at the SLR
thresholds. The numbers in the parentheses of Column 1 indicate the categories
each landscape metric falls into: 1 - area/density/edge metrics, 2 - shape me-
trics, and 3 - aggregation/contagion/ interspersion metrics. NA=A particular
landscape metric not selected in the final analysis for the SLR thresholds at any
given spatial resolution.

Landscape metrics Mechanistic
model – 2050

Neutral
model –
2050

Mechanistic
model – 2100

Neutral
model –
2100

CA (1) 11.88 11.88 8.40 8.40
LPI (1) 12.15 11.43 NA 8.09
PAFRAC (2) 8.72 NA 7.58 NA
CLUMPY (3) 13.27 10.79 NA 8.10
COHESION (3) 16.49 14.10 11.12 9.15
DIVISION (3) 10.36 10.47 7.96 7.95
AI (3) 13.67 NA 9.22 NA
AREA_MN (1) 7.79 NA 7.29 NA
GYRATE_MN (1) 8.14 8.49 7.39 7.47
SHAPE_MN (2) NA 9.17 NA 7.69
PARA_MN (2) NA NA NA NA
CONTIG_MN (2) NA 8.34 NA 7.44
FRAC_MN (2) NA NA NA 7.80
CIRCLE_MN (2) NA NA NA 8.37
ENN_MN (3) NA 8.02 NA NA
IJI NA 8.93 NA NA
PC1 10.62 9.59 7.99 7.98
Lower boundary 7.0 7.5 7.0 7.0
Upper boundary 14.5 12.0 9.0 9.0
DIVISION at the

DIVISION-based
SLR threshold

0.9736 0.9748 0.9739 0.9745

Fig. 5. The relation beween normalized landscape division index and sea-level
rise (SLR) rate for 2100 at the spatial resolution of 2 m. The SLR thresholds
(black) and upper and lower boundaries (red) of SLR rate for the area of
maximum rate of change are indicated by the vertical lines. The corresponding
stages of fragmentation including dissection, dissipation, and shringage are
shown.
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models for both years. Due to the nature of the neutral model, its si-
mulated landscape is more fragmented than the landscape derived from
the mechanistic model. This is shown in smaller SLR thresholds for
CLUMPY and COHESION based on the neutral model simulations
compared to the mechanistic model simulations. The spatial arrange-
ments due to ecosystem processes play a more important role in af-
fecting SLR thresholds as the wetland areas are larger (2050 vs. 2100;
Figs. 3B and 4B). Ecosystem processes tend to increase patch connec-
tion through different mechanisms, such as root expansion and bio-
hydro-geomorphological feedback that facilitate the maintenance of
salt marshes, serving to improve the resilience of salt marshes. They
may not effectively do so when the total area of salt marshes becomes
smaller, especially considering that salt marsh landscape is naturally
fragmented due to the environment’s geomorphology and hydro-
dynamics, inferred from the similar SLR thresholds for 2100 from both
types of models. In addition, both neutral and mechanistic models show
that DIVISION larger than 0.974 would lead to rapid salt marsh collapse
(Table 3).

4. Discussion

The most important finding of my research here shows that we will
likely overestimate the salt marshes’ resilience to SLR if we base the SLR
thresholds on total areas alone, therefore landscape patterns other than
total areas should be considered in studying SLR thresholds for salt
marshes’ stability.

4.1. Spatial patterns and landscape metrics

Spatial patterns are mainly classified into five components: 1)
number of patch types, 2) proportion of each patch type, 3) spatial
arrangements of patches, 4) patch shape, and 5) contrast between
neighboring patches (Li and Reynolds, 1994; Peng et al., 2010). Gen-
erally, the first three are more important than the latter two in de-
termining landscape patterns. This is consistent with my research re-
sults that the total area and landscape division index, which represent
proportion of patch type and spatial arrangements of patches, respec-
tively, are consistently selected among the top three landscape metrics
that correlate to the first principal components when spatial resolutions
are 30m and finer for both 2050 and 2100 landscapes. The number of
patch types is the same for all the landscapes.

The research results show that the SLR thresholds vary with the
landscape metrics they are base on, but which landscape metric should
be used for SLR thresholds is not straightforward. In fact, the optimal
metrics for individual studies will be unique, depending on both bio-
logical processes and statistically robust metrics that are appropriate for
study objectives, so no single landscape metric is superior than the
others all the time (Wang et al., 2014). Furthermore, the landscape
metrics are generally highly correlated (Peng et al., 2010). For example,
the high correlation between spatial composition and configuration
makes it difficult to separate habitat amount from habitat configuration
that drives variation in a changing landscape. The high correlation
likely leads to the conclusion that habitat fragmentation has negligible
effect on biodiversity after habitat amount is accounted for (Fahrig,
2003). This is controversial to many other studies that show the ne-
gative or mixed effects of patch isolation, edge effects, and other factors
(Bailey et al., 2010; Didham, 2010). To resolve this and set a general
guideline on how to apply the large variety of landscape metrics in
relating to ecological processes, the multivariate analysis which takes
advantage of correlated variables should be considered. The principal
component analysis applied in this study offers an effective and con-
venient approach to comprehensively account for different spatial
patterns simultaneously and is transferrable to other studies on links
between spatial patterns and ecological processes.

4.2. Modeling techniques to link landscape metrics to ecological thresholds

Despite some research that illustrates that the ecological relevance
of many landscape metrics is unproven, questionable, and inconsistent
(Corry and Nassauer, 2005; Kupfer, 2012; Tischendorf, 2001), the
landscape metrics will continue to be used as simple and intuitive tools
for assessing and monitoring changes in landscape patterns and un-
derlying processes (Chen et al., 2008; Kupfer, 2012). They have been
used in the research of biodiversity and habitat analysis (Tscharntke
et al., 2012), water quality, hydrological processes (Yuan et al., 2015),
urban road network, aesthetics of landscape and its management,
planning and monitoring (Schröder, 2006; Uuemaa et al., 2009). In
different landscape patterns, total area of habitats and fragmentation or
connectivity of landscapes are particular of interests as habitat loss and
fragmentation are among the main causes for changes in biodiversity
and distribution of organisms, degradation of ecosystem functions such
as decreasing biomass and altering nutrient cycles (Taylor et al., 1993;
Andrén and Andren, 1994; Baillie et al., 2004; Wu, 2013; Haddad et al.,
2015; Niebuhr et al., 2015; Hu et al., 2016; Wilson et al., 2016; Nichol
et al., 2017; Desmet, 2018). In order to improve the use of landscape

Fig. 6. Negative of landscape division index and total area (normalized to the
similar ranges) vs. sea-level-rise (SLR) rate for 2050 (A) and 2100 (B) simulated
from the mechanistic model at the spatial resolution of 2 m.
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patterns to illuminate ecological processes, mechanistic models like
what was applied here are key (Kareiva and Wennergren, 1995) to
enhancing our understanding because these models contain key pro-
cesses that drive landscape change. Therefore, the landscape patterns
are directly the result of the underlying processes. This provides the
foundation that landscape patterns can be used to infer relevant eco-
logical processes such as wetlands’ threshold response to SLR. Fur-
thermore, the neutral models applied are clearly an important tool to
distinguish the effect of spatial configuration due to ecosystem pro-
cesses from spatial composition.

4.3. Spatial scales

Scale dependence of landscape metrics has been a focus in land-
scape ecology and scale is comprised of both cell size and spatial extent.
In general, high-resolution landscape maps are preferred as they reveal
detailed spatial patterns. However, the high-resolution maps may not
be available or necessary, and there exists tradeoff between spatial
resolution and computation time. Therefore, the selection of an ap-
propriate scale depends on availability of data and ecological questions.
The choice directly affects the results of ecological studies (Mayer and
Cameron, 2003; Purtauf et al., 2005). Current coastal wetland maps are
mainly derived from aerial photographs and satellite images and the
most commonly used medium-resolution and free images are Landsat
images, so the wetland maps derived from those have a spatial re-
solution of 30m and finer, for example, both national land cover da-
taset and NOAA-coastal change analysis program data have a spatial
resolution of 30m. They are suitable for landscape pattern analysis and
can serve as appropriate base maps to derive SLR thresholds. This study
takes a step further to study how the landscape metrics at different cell
sizes affect the derivation of SLR thresholds, beyond the impact of
scales on landscape metrics themselves (Wu et al., 2002).

Total area-based SLR thresholds do not comprehensively represent
salt marshes’ resilience to SLR. Nevertheless, the SLR thresholds based
on total areas of salt marshes are not sensitive to spatial resolutions,
making total area a useful metric to apply for fine to medium resolu-
tions.

4.4. Ecological thresholds

Ecological threshold is a useful concept to help understand ecolo-
gical functions, and the threshold responses represent important and
common ecosystem processes. Therefore it is important to apply a
mechanistic model in the real-world and derive the SLR thresholds
based on a variety of landscape patterns more than total areas alone
from the model predictions to understand salt marshes’ resilience to
SLR comprehensively and accurately, as done in this study.
Furthermore, how ecological processes relate to spatial patterns re-
mains among the key questions in landscape ecology but the linkage is
largely unfulfilled (Li and Wu, 2004; Wu, 2013; Wu and Hobbs, 2002).
The derivation of the SLR thresholds based on different landscape
metrics offers improved understanding of the fundamental questions of
how landscape process and patterns are correlated (Jaeger, 2000), as
the threshold values and the areas of maximum rate of change can re-
late to different phases of ecological processes. For example, the
threshold and the area of maximum rate of change of the landscape
division index in this study can represent different stages of the frag-
mentation processes, which include perforation, incision, dissection,
dissipation, shrinkage, and attrition based on geometric characteriza-
tion (Forman, 1995; Jaeger, 2000). Within the area of maximum rate of
change for the division index, the range between the lower boundary
and threshold represents the stage of dissection. The threshold value
represents the largest increasing rate of the division index, corre-
sponding to the stage of dissipation, and the range between the
threshold value and the upper boundary of the area of the maximum
rate of change represents the shrinkage phase (Fig. 5).

The thresholds of the landscape division index are closest to the
thresholds based on the first principal components at the spatial re-
solutions of 30m and finer (Tables 1 and 2, S1 and S2). Compared to
the total areas, the negatives of the landscape division index values
show a steeper decline with increasing SLR (Fig. 6). After SLR exceeds
the thresholds, it will take some time before the salt marshes are locked
into a less desirable new state (Wu et al., 2017). This lagging effect
offers a window of opportunity for the salt marshes to return to pre-
viously more desirable conditions (Hughes et al., 2013). However, the
steeper slope of the landscape division index makes the window of
opportunity narrower and ecosystems less likely to recover. This also
highlights that both landscape configuration and landscape composi-
tion need to be accounted for when it comes to deriving SLR thresholds
for salt marsh stability.

From the derivation of the areas of the maximum rate of change and
threshold values, any SLR rate larger than 7mm/yr would pose a po-
tential threat to the salt marshes in the Grand Bay NERR. The 7mm/yr
falls into the very likely range of SLR predictions in 2100 in the RCP 3
climate change scenario (Horton et al., 2014). Therefore, SLR will likely
cause salt marshes in the Grand Bay NERR to disappear quickly even
under the most conservative climate change scenario.

5. Conclusion

This study highlights the need to account for spatial patterns in
addition to total area in analyzing salt marshes’ resilience to SLR, as the
derived SLR thresholds vary by spatial patterns considered. The re-
search recommends a multivariate analysis on the landscape metrics to
reduce dimensionality and account for spatial patterns comprehen-
sively in deriving SLR thresholds. At the finest spatial resolution, the
SLR threshold based on total area for 2100 is 8.40mm/yr, larger than
the threshold based on the first principal component (7.99mm/yr). The
sea-level rise thresholds based on other landscape metrics range from
7.39 to 11.12mm/yr. This study also recommends the application of
spatial resolution of wetland maps be 30m or finer in deriving SLR
thresholds as maps with coarser resolutions may provide biased pre-
dictions that salt marshes are more resilient to SLR than they actually
are. Furthermore, the spatial arrangements’ effect on SLR thresholds is
smaller under the smaller marsh areas compared to under the larger
marsh areas.

The study provides methods that allow for more accurate and
comprehensive estimation of SLR thresholds and directly contributes to
the enhanced understanding of the key question of linking ecological
processes to spatial patterns.
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