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ABSTRACT

Coastal tidal wetlands produce and accumulate significant amounts of organic carbon (C) that help to
mitigate climate change. However, previous data limitations have prevented a robust evaluation of the
global rates and mechanisms driving C accumulation. Here, we go beyond recent soil C stock estimates to
reveal global tidal wetland C accumulation and predict changes under relative sea level rise, temperature
and precipitation. We use data from literature study sites and our new observations spanning wide
latitudinal gradients and 20 countries. Globally, tidal wetlands accumulate 53.65 (95%CI: 48.52-59.01)
Tg Cyr !, which is ~30% of the organic C buried on the ocean floor. Modeling based on current climatic
drivers and under projected emissions scenarios revealed a net increase in the global C accumulation by
2100. This rapid increase is driven by sea level rise in tidal marshes, and higher temperature and
precipitation in mangroves. Countries with large areas of coastal wetlands, like Indonesia and Mexico, are
more susceptible to tidal wetland C losses under climate change, while regions such as Australia, Brazil, the
USA and China will experience a significant C accumulation increase under all projected scenarios.
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INTRODUCTION

Mangroves and tidal marshes are highly produc-
tive wetlands that photosynthetically sequester at-

has reached international prominence [7-9], sev-
eral questions remain unanswered in BC studies [7]:
what is the global extent and spatial distribution of
coastal wetland BC? What factors influence the BC

heric CO ic carbon (C) [1]. A vary-
mospheric CO, as organic carbon (C) (1. A vary burial rates? How does climate change impact C

ing fraction of this C is buried in tidally inundated o
accumulation in these BC ecosystems?

suboxic and anoxic sediments and thereby largely ) ) )
Feedback between vegetation and soil accretion

prevented from returning to the atmosphere [2].

Sediments within these wetlands do not become help mangroves and tidal marshes to remain within

the intertidal zone in the face of sea level rise [3,4]

saturated with C, because sea level rise expands soil ) ; i
through the accumulation of mineral and organic

volume and creates accommodation space, acceler- ) . ; ) )
. . . . sediments (i.e. the inland space available for sedi-
ating burial of organic matter, and ultimately en-

hancing the long-term preservation of sedimentary
C [3-5]. For a decade now, this coastal wetland C

has been regarded as blue carbon (BC), to describe

ments to accumulate and be colonized by wetland
vegetation) [3,10,11]. However, human activities
are imposing pressure on tidal wetlands, including
climate-change-induced accelerated sea level rise,

its disproportionately large contribution to global C

sequestration [6,7]. The preservation and restora- subsidence through groundwater as well as the ex-

tion of BC ecosystems such as mangroves and salt- traction of other substances, and the reduction of
marshes have been suggested as effective approaches

to mitigating climate change [1]. Although the role

sediment supply from the construction of systems
that reduce sediment flow such as dams. Further-

of BC in climate change mitigation and adaptation more, a lack of accommodation space, which is the
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space made available for organic and inorganic ma-
terial to deposit, in relation to an increase in relative
sealevel rise rate (RSLR), may limit the sediment ac-
cumulation rates in specific tidal wetlands [11,12].
As a result, there is growing concern that a lack of
space for inland migration brought about through
land use change or steep landward slopes may pre-
vent the adaptation of mangrove and tidal marsh to
fast rates of sea level rise [13,14].

BC accumulation in tidal wetlands is potentially
driven by climatic factors (e.g. temperature, rainfall
and evapotranspiration) [15-17], coastal oceano-
graphic processes (e.g. tidal amplitude, currents and
geomorphology) [13,14] and nutrient availability
[18]. Identifying the controlling factors of C ac-
cumulation dynamics is critical for understanding
the fate of the C buried by these wetlands under
future climate change scenarios on global and re-
gional scales. If climate change alters the fundamen-
tal drivers of organic C accumulation, the amount of
sequestered C may also be modified and provide a
different feedback to global warming.

Here, we estimate global tidal wetland BC
accumulation rates in different regions and
countries. We rely on literature (n = 564) data
supplemented by new (n = 49) soil core data
from previously unaccounted-for areas in Indone-
sia, tropical South America and Africa (Fig. 1).
Soil cores were dated with the radiometric
geochronologies (**’Cs, 2Py and *!°Pb) or
Sediment Elevation Table (SET) methods cov-
ering timescales of sub-decade to decades. Both
methods account for surface and subsurface
processes, including organic and mineral sedimen-
tation, sediment compaction and organic matter
decomposition [19,20], and are widely used for
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Figure 1. The spatial distribution of tidal wetlands and the observed C accumulation rate (CAR) points. The right panel indicates the arithmetic average
CAR at every 10-degree band of latitude.

sediment and carbon accretion rate measurements
[21]. We first evaluate the spatial patterns and
drivers of global soil accretion and C accumula-
tion building on recent work focusing on C stocks
[22,23]. We then predict C accumulation rates
(CARs) in global tidal wetlands under differing
emission scenarios based on Coupled Model Inter-
comparison Project Phase 5 (CMIPS) projections.
We further combine projected CARs with a future
global tidal wetland area change dataset [11] to de-
velop the first projections of how global tidal wet-
land C accumulation will change in response to an-
thropogenic CO, emissions. This approach focuses
on a centennial timescale of anthropogenic climate
change and prevents bias from other methods op-
erating at different timescales [20]. Previous stud-
ies have shown that C accumulation increases with
RSLR at specific locations [12,15], but there are
no projections of how RSLR will drive global tidal
wetland C accumulation.

RESULTS AND DISCUSSION
Global coastal C accumulation rates

The arithmetic average CARs were estimated to
be 194 + 15 ¢ C m % y ! for mangroves and
168 =7 g Cm~% yr ! for tidal marshes, based on
all compiled coastal wetland sites worldwide. The
tidal marsh CAR in this study was much lower than
the value in previous report by Ouyang and Lee
[24], who estimated the global coastal marsh CAR
to be 245 ¢ C m~? yr ! based on data from 143
global sites. The mangrove CAR in our study was
similar to a previous estimate of 163 g C m™* yr™!
by Breithaupt et al. [2] based on 66 mangrove
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Figure 2. National C accumulation rates worldwide. The 20 countries listed here where
observations are available account for 62% of global tidal wetland distribution. Dia-
mond is the mean value, box is the interquartile range, error bar is the largest and
smallest value within 1.5 times interquartile range above 75% and below 25%, re-
spectively. Black points indicate outside values.

sites, but much lower than an earlier estimate
(210 g C m™? yr ') by Chmura et al. [25], likely
due to the increased dataset in more recent studies
(Fig. 1).

Tidal wetland CARs in the northern and south-
ern hemispheres were not significantly different
(p < 0.05). However, pooling the data into broad
latitudinal bands revealed that tropical mangroves
between 0° and 10° had the highest C accumula-
tion per unit area (428 £ 7 g C m > yr! for the
northern hemisphere and 384 = 11 g C m > yr !
for the southern hemisphere) and temperate tidal
marshes between 30° and 40° had the lowest (144 +
6 ¢ C m % yr! for the northern hemisphere
and 88.7 £ 3.5 g C m? yr ! for the southern
hemisphere) (Fig. 1). Mangroves located in the
0° to 10° latitudinal band, where ~50% of mangrove
living biomass occurs [26], were under-represented
in previous global datasets [2,24,25]. Our new ob-
servations in Brazil, Indonesia and India help to fill
this gap (Fig. 2). For example, Indonesian man-
groves had the highest soil accretion rate (SAR,
36 £ 22 mm yr ') and CAR (Fig. 2, 1722 =+
183gCm 2yr ') [27].

Drivers of global coastal C accumulation

A variety of environmental factors can drive wet-
land soil C sequestration [15-17]. We collected
climatic and environmental factors for each site,
including mean annual temperature (MAT), mean
annual precipitation (MAP), tidal range, eleva-
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tion, RSLR, total suspended matters (TSM) and
tropical cyclone frequency, to attempt to discover
the principal environmental factors that drive soil
C accumulation in tidal marshes and mangrove
forests (see details in Materials and Methods sec-
tion). Our study contains a robust dataset to
assess the main drivers of CARs on a global
and local scale. We developed linear mixed-effect
models (see Materials and Methods section and
Table S1) that provide results for the detected
main environmental factors on CARs (Table S2)
as standardized coefficients (Fig. S1). These coeffi-
cients indicate the proportional change in CARs in
response to one standard deviation change in an en-
vironmental factor. The model fit to observations is
good (Fig. $2) and the residuals were normally dis-
tributed without obvious bias (Figs S3 and S4).

The linear mixed model using RSLR and MAT as
covariate effects totally explained 51% of the variabil-
ityin CAR in tidal marshes (Table S1), which is con-
sistent with model and regional field evidence link-
ing CAR with these environmental factors [12,15].
In mangroves, MAT and MAP explained 57% of
the variation in CAR (Table S1, and the detailed
model section listed in the Materials and Methods
section). The positive relationship between man-
grove CAR and temperature (Fig. SS) supports re-
cent studies demonstrating how warming increases
plant production, soil C stocks and soil surface eleva-
tion [5,16]. Precipitation is another important driver
of soil C accumulation in warmer climate mangrove
soils, but not in tidal marshes found in cooler re-
gions (Fig. SS). This finding was also consistent
with recent reports on how precipitation controls
canopy height, aboveground biomass C and func-
tion of mangrove forests [30,31]. In mangrove soils,
precipitation regulates organic C decomposition by
modifying the oxygen supply to the soil [9,32,33]
and increases plant productivity and growth by pro-
viding freshwater and nutrients [34]. Soil inun-
dation following rainfall also increases mangrove
belowground biomass [35]. Therefore, increasing
precipitation in tropical coastal regions due to cli-
mate change [36] should also increase the C ac-
cumulation capacity in some of the world’s largest
mangrove systems including in the Indo-Pacific and
tropical South American regions.

Local scale environmental factor like tidal range,
marsh elevation and tropical cyclone frequency are
also regarded as critical factors that affect the CAR
in coastal wetlands. In this study, we extracted
tidal range for each site from a recently devel-
oped global tidal range dataset [35,36]. However,
the tidal range variables did not significantly af-
fect the CAR in either tidal marshes or mangroves

globally (Table S1 and Fig. S6).
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Table 1. Top ten countries in median annual tidal wetland C sequestration rate under current conditions and projected sce-
narios in 2100. Tidal wetland C sequestrations are displayed in the moderate-emission RCP4.5 and high-emission RCP8.5
scenarios under two assumed human activity scenarios as defined by Schuerch et al. [11]: inhibition of wetland inland mi-
gration in the regions with a population density of over 5 people km~2 and in the regions with a population density of over

300 people km=2.

Current RCP4.5 Pop. 300 RCP8.5 Pop. 300 RCP4.5 Pop. 5 RCP8.5 Pop. 5

Country (CTg) (CTg) (CTg) (CTg) (CTg)
Indonesia 14.7 19.22 19.10 15.06 10.35
Australia 6.86 12.71 26.63 12.25 25.29
USA 4.11 6.06 7.07 4.50 4.71
Brazil 3.26 4.24 S.51 3.83 4.36
Malaysia 2.01 3.54 3.28 3.23 2.56
Papua New Guinea 1.96 2.31 2.78 1.98 221
Mexico 1.56 1.85 7.43 0.97 0.73
Nigeria 1.33 1.03 0.61 0.99 0.15
China 1.24 1.87 3.64 1.82 3.45
Thailand 112 111 1.00 113 0.84
Others 15.45 17.66 22.95 13.04 12.85
Total 53.65 71.6 100 58.8 67.5

Besides tidal ranges, elevation was also regarded
as a local environmental factor directly related to
the tidal wetland CAR. As a result of the appar-
ent elevation distribution, compiled tidal marsh data
can be further divided into high and low marsh in
some sites. However, when we compared the CAR
differences between upper tidal (high) marsh and
lower tidal (low) marsh no significant difference was
found (Fig. S7), which was similar to our previous
observations in the USA [S]. Similarly, there were
some mangrove sites that reported the relative loca-
tion; we thus separated these sites into high and low
tidal sites with apparent elevation difference. How-
ever, no significant difference between these tidal
areas were observed (Fig. 7). As most of our com-
piled studies did not report site elevations, we fur-
ther extracted the elevation data for each site from
the CoastalDEM database, which is a digital terrain
model providing bare earth elevations for coastal ar-
eas with 90 m horizontal resolution [37]. Again, we
found that the elevation did not affect the CAR in ei-
ther tidal marshes or mangroves (Fig. S6b).

Astropical cyclones have been reported to greatly
affect the mangrove aboveground biomass and plant
height [29], we also evaluated the tropical cyclone
effect on mangrove CARs based on the Global
Cyclone Hazard Frequency and Distribution, vl
(1980-2000) [38]. Our results (Table S1 and
Fig. S6¢) also suggested that the tropical cyclone fre-
quency did not significantly affect mangrove CARs.
Although higher tropical cyclone frequency was re-
ported to damage the mangrove canopy height and
reduce the aboveground biomass [29], the soil C
accumulation in mangroves was a balance between
biomass C inputs and soil C decomposition. It
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was therefore reasonable that tropical cyclone fre-
quency has a limited influence on the mangrove
soil CAR.

Global extrapolation and projection

The global extrapolations were based on the 12 148
coastline segments from the Dynamic Interactive
Vulnerability Assessment (DIVA) modeling frame-
work [39], in which the existing coastal wetlands, as
reported by the United Nations Environment Pro-
gramme World Conservation Monitoring Center
(UNEP WCMC), were combined [40]. Our global
extrapolations show that tidal wetland accumulates
53.65 (95%Cl: 48.52-59.01) Tg Cyr ! (Fig. 1 and
Table 1), which is comparable to the carbon burial
in global lakes [41], 30% of the carbon burial in
the oceans [42] and 0.5% [43] of the current rate
of anthropogenic carbon dioxide emissions. We fur-
ther separated the data between vegetation types
(Table S3), and found that tidal marsh contributed
12.63 Tg Cyr~'. The value was comparable to previ-
ous reports for the global tidal marsh. For example,
Ouyangand Lee [24] estimated ~10.6 Tg Cyr " se-
questrated in global 41 657 km? salt marsh, based on
data from 143 sites. However, our global mangrove
estimation (41 Tg Cyr~') was generally higher than
previous estimates (18.4 to 34 Tg Cyr™ ') [25,44],
likely because the new soil core data from tropical
mangroves contain some of the highest mangrove
CARSs on the globe (Fig. 1). In terms of C seques-
tration per country, Indonesia was found to con-
tain the greatest with 14.7 Tg C yr !, and Australia
the second greatest at 6.86 Tg C yr~! (Table 1 and
Table S3).
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Figure 3. Projected global change in tidal wetland C sequestration. Results are dis-
played for moderate-emission scenario (RCP4.5) and high-emission scenario (RCP8.5)
under the most restricted human adaptation scenario defined by Schuerch et al. [11]
(i.e. population density threshold set as 5 people km~2; higher population density than
this value would have no lateral accommodation space for tidal wetlands), giving the
most conservative predicted increases in the global CARs found in this study. The col-
ored shadings represent the 95% range (2.5%—97.5%) of the projected C distribution
in global tidal wetlands. The solid lines denote the median of the distribution.

To estimate changes in global CAR under
projected Representative Concentration Pathway
(RCP)4.5 and RCP8.S scenarios by 2100, we
applied the linear changes in CAR that is a function
of MAP, MAT and RSLR for tidal marshes and
mangroves (Models 1 and 2, see details in Mate-
rials and Methods section). The coastal wetland
area changes under corresponding scenarios were
extracted from a recent integrated global model
developed by Schuerch et al. [11]. The model
considered both the ability of coastal wetlands to
vertically build up through sediment accretion, and
the accommodation space indicated by population
density, namely, the vertical and lateral space
available for fine sediments to accumulate and be
colonized by wetland vegetation under different
climate change scenarios [11]. We estimate that
global tidal wetland C accumulation (Fig. 3) will
increase by at least 35%, i.e. from 53.65 to 67.5
(95%CI: 60-83.7) Tg C yr~' in 2100 under the
high-emissions RCP8.5 scenario (Table 1), even
though the total area will decrease by 30% as a result
of highly limited accommodation space [11]. Under
the moderate-emissions RCP4.5 scenario, total C
accumulation will increase from 10% to 34% relative
to current values, i.e. from 58.8 to 71.6 Tg C yr™*
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in 2100, depending on the projected total wetland
area regulated by population density [11] (Table 1
and Figs 3 and 4). We thus suggest that even with a
decrease in wetland area, the total C accumulation
in tidal wetlands will keep increasing until the end
of the 21st century due to increased temperature
and precipitation in mangroves, and higher RSLR
in tidal marshes. Our estimated increases in soil C
accumulation would have numerous implications
for coastal C budgets and the assessment of their
sink potential. Given increasing atmospheric C and
global temperatures, our modeling implies that the
soil organic C accumulation and wetland extent
will be more resilient to sea level rise by 2100 than
previously suggested [3,11].

Atthe national scale, Australia will have the great-
est C sequestration in 2100, ranging from 12 to
27 Tg C yr~! depending on scenario assumptions
(Table 1 and Table S3). Our projections indicate
that Indonesia, Malaysia and Mexico are vulnerable
to climate change under the most limited lateral ac-
commodation space [11], while countries such as
Australia, USA, Brazil and China will have signifi-
cant gains in tidal wetland C sequestration capaci-
ties under the RCP4.5 and RCP8.5 scenarios due to
expanding wetland area [11,45].

Most of the C that accumulated in the tidal wet-
land sediments was derived from autochthonous
organic matter, particularly root material [46,47].
However, the methods used in this study do not ac-
count for the C that accumulates along the active
root zone. The changes in C attributed to root mass
increases can be important to the ecosystem scale
C stocks of coastal wetlands, which is outside the
scope of the sediment dating techniques employed
in this study [48,49]. Furthermore, much of the or-
ganic material produced in tidal wetlands can be
exported to the ocean or buried in adjacent areas
such as tidal flats [2] and the coastal ocean [49].
For instance, mudflats near tidal wetlands may have
comparable sediment CARs for which tidal vege-
tated wetlands are often a major source of organic
matter [2,50]. In addition, lateral exports of bicar-
bonate from tidal marsh [51] and mangrove [49]
soils into the coastal ocean can exceed soil accu-
mulation and represent an overlooked C seques-
tration mechanism on timescales of thousands of
years. Under warming conditions, mangrove forests
are migrating in a poleward direction, encroach-
ing on tidal marshes and thereby increasing the
C accumulation capacity of global tidal wetlands
[17,52,53]. Therefore, our global C sequestration
predictions are conservative since they do not in-
clude C that accumulates in active roots, exported
to nearby ecosystems, and the increased C seques-
tration due to the ongoing poleward extension of
mangroves.
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Figure 4. The projected 2100 spatial distribution of tidal wetland C sequestration changes. Relative changes in tidal wetland C sequestration are
displayed for the RCP4.5 (a and c) and RCP8.5 (b and d) scenarios under two assumed human activity scenarios by Schuerch et al. [11]: inhibition of
wetland inland migration in the regions with a population density of over 5 people km~? (a and b) and over 300 people km~? (c and d).

Our global extrapolations and projections of lit-
erature and new data under RCP4.5 and RCP8.5
contextualize the empirical relationships between
CAR and environment factors [54]. The projec-
tion of global tidal wetland C sequestration consid-
ered both wetland area changes [11] and the CAR
response to future climate change factors (MAT,
MAP and RSLR). Although the model we used for
future tidal wetland areas is contested among re-
searchers [11,36,55], the results of our global pro-
jection mainly rely on the increasing CAR under
future climate change factors. For example, the
global C sequestration is projected to increase by at
least 35% towards the final decade of this century
(Fig. 3) even though the total area of tidal wetlands
will decrease by 30% as predicted by Schuerch et al.
[11]. Moreover, the patterns of CAR in response to
climate change that we observed in this study are
in line with a previous modeling simulation of salt
marsh Caccumulation in response to climate change
[15]. We thus believe that our study captures the ac-
tual CAR responses to altered RSLR, precipitation
and temperature, which may benefit future process-
based models.

CONCLUSION

Overall, our results highlight the feedback be-
tween climate change and C sequestration in tidal
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wetlands. Projected increases in precipitation, tem-
perature and RSLR will drive a net increase in global
C sequestration in wetlands during the 21st cen-
tury. The projected 59 to 100 Tg C yr~* total global
tidal wetland C accumulation in 2100 (Table 1) rep-
resents an additional sink of 5 to 46 Tg of atmo-
spheric CO,-C yr~! for a total of 53.65 Tg C yr .
Even though these global tidal wetlands only oc-
cupy <0.1% of the global area, they could off-
set at least 0.5% of the current anthropogenic
CO, emission rates, a spatial efficiency that is 15
times higher than terrestrial ecosystems and 50 times
higher than the open ocean per unitarea [46]. There-
fore, our results demonstrate that preserving and
rehabilitating mangroves and salt marshes will re-
main an effective approach to tackling global cli-
mate change with significant regional benefits in
tidal wetland-rich countries.

MATERIALS AND METHODS

Data sources

We used the Web of Science (Thomson Reuters,
New York, NY) and Google Scholar (Google Inc.,
Mountain View, CA) to search the literature us-
ing the terms: (accretion)+(tidal wetlands or salt
marsh or mangrove® or coastal wetland or coastal
marsh)-+(soil or sediments). To be included in our
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dataset, studies had to cover the temporal scale of
sub-decade to decades, which are compatible with
anthropogenic climate change and future CMIPS
projections. Data were extracted until September
2018 from published studies or obtained via per-
sonal communication. We compiled a total of 102
studies with 564 reported sites that matched our cri-
teria (Table S2).

Besides the above-reported data, we also in-
cluded 49 sites in our own survey, which contained
some regions that had never been reported before,
like Africa, and some poor data regions such as
India, Brazil and Indonesia. The sediment core in-
tervals were sealed and cooled for transport. In the
laboratory, cores were sectioned at 2 cm intervals;
samples with known volumes were weighed and
freeze-dried. The dry bulk density was calculated by
dividing the dry weight of the sediment by the initial
volume. The total organic C was analyzed in a Flash
Element Analyzer. For each of these study sites, we
collected information on latitude, longitude, MAT,
MAP, tidal range, mean tidal height and soil or sedi-
ment properties.

Soil C content data in some studies were
derived from the measurement of loss on ig-
nition (LOI). LOI measurement of mangrove
soils was transformed into organic C content
divided by 1.724 [S6]. For tidal marsh soils,
we applied the quadratic relationship specific
to tidal marshes reported by Craft et al. [57]:
TOC = 0.04 x LOI +0.0025 x LOI*. Bulk density
(BD) was also not reported in some sites. The miss-
ing BD was calculated based on a mixing model that
describes the BD as a function of LOI in intertidal
wetland sediments [58]. The model assumes that
the bulk volume of sediment is equal to the sum
of self-packing volumes of organic and mineral
components or BD = 1/[LOI/k; +(1—LOI)/k,],
where k; and k, are the self-packing densities
of the pure organic and inorganic components,
respectively. The values of k; and k, were estimated
to be 0.085 % 0.0007 and 1.99 + 0.028 g cm 3,
respectively [58].

Some studies have directly reported the CARs,
which were calculated by SAR multiplied by the
soil C density. The vertical SAR represented average
SARs from sub-decade to decades depending on the
different dating methods. Where reports made avail-
able both SAR and C density, the CAR was calcu-
lated in this study. Some studies have reported the
SAR and C density or C content for multiple layers,
reflecting their changes over time. For these stud-
ies, we averaged their C density and SAR over up to
30 cm soils that recorded the most recent C accumu-
lation (less than 100 yrs for most sites).

The MAT and MAP for each site were ac-
quired from world climate data [59]. RSLR data
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were collected from the Permanent Service for
Mean Sea Level (PSMSL) database [60]. TSM
(mg/L) is derived from Medium Resolution
Imaging Spectrometer (MERIS) satellite data,
processed in the framework of the GlobColour
project (http://globcolour.info) [11]. We used the
monthly averages from April 2002 to April 2012 that
have a horizontal resolution of 1/24°. We extracted
the tidal range for each site from a newly developed
global tidal range dataset [35,36], representing the
tidal range (that is, the difference between mean low
water and mean high water), mean high water neap
(MHWN) and mean high water spring (MHWS)
tidal levels. Most of the compiled studies did not
report the site elevations, and we thus extracted the
elevation data for each site from the CoastalDEM
database, which is a digital terrain model providing
bare earth elevations for coastal areas with 90 m
horizontal resolution [37]. We assumed that all the
tidal wetlands were located between the lowest and
highest tidal levels, and removed the elevation data
which were much higher or lower than the high and
low tidal levels.

The cyclone dataset is a 2.5-minute global grid
based on more than 1600 storm tracks from 1 Jan-
uary 1980 to 31 December 2000 for the Atlantic,
Pacific and Indian Oceans that were assembled and
modeled at UNEP/GRID-Geneva PreView [61].
The site-specific cyclone hazard risk was extracted
from the dataset.

Statistical analysis

Linear mixed models (LMMs) were used to
evaluate the factors that may drive the mea-
sured CAR and SAR. The study reference was
included as a random factor because clustering
replicated by study location could introduce spatial
autocorrelation. The LMMs were fit assuming a
Gaussian error distribution using the Ime4’ package
for the R statistical program [62]. We constructed
the LMMs separately for tidal marsh and mangrove
(Table S1). There were many missing elevation
data in our dataset, and Figs S2 and S3 have shown
that elevation has no effect on tidal wetland CAR
in either tidal marshes or mangroves globally. As a
result, we did not include elevation in our LMMs
analysis. Initial tidal marsh LMMs included all
of the putative explanatory variables (including
vegetation types, longitude, latitude, MAT, MAP,
RSLR, tidal range and TSM) to explain the vari-
ations in CAR (see Table S1), while the initial
mangrove LMMs also have the tropical cyclone risk
variable (see the details in Table S1). Given the
positive skew in the distribution of CAR, it was
log-transformed prior to use in the models. All
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the environmental variables (MAT, MAP, RSLR,
tidal range, TSM, cyclone risk) were standardized
(subtracting the mean and dividing by standard
deviation). The standardization makes coefficients
comparable among environmental factors, which
we show in Fig. S3. Neither of these data transfor-
mations significantly altered the statistical outputs,
so were retained in the final models.

Model selection was performed using the Akaike
information criterion (AIC) of competing models
[63,64]. In tidal marshes, RSLR and MAT were
included in the most parsimonious final model
(Model 1), while only MAT and MAP were in-
cluded in the final mangrove model (Model 2). All
reported P-values from LMMs are generated by the
‘r.squaredGLMM’ function from ‘MuMIn’ package.
Variance explained by the model was estimated by
calculating R? values for the minimally adequate
LMM following Nakagawa and Schielzeth to retain
the random effects structure [64].

Tidal Marsh: log(CAR) ~ RSLR + MAT
+ (1|Studies)(Model 1)

Mangrove: log(CAR) ~ MAP + MAT
+ (1|Studies) (Model 2)

To assess model performance, we compared
modeled vs. observed CAR data, summarized by
goodness-of-fit measures. The modeled values were
calculated as the expected (or fitted) CAR given en-
vironmental variables in the tidal marsh or mangrove
datasets. These modeled values were then compared
with the observed values. Figure S4 shows that the
modeled and observed log-transformed CAR values
are close to the 1 : 1 reference line. We then summa-
rized their goodness of fit by Pearson correlation co-
efficient, which is a measure between —1 and +1,
where a higher value indicates a better fit. For all
vegetation groups, the modeled and observed CARs
are highly correlated (R* = 0.51 for the tidal marsh
model, and 0.47 for the mangrove model). This
assessment validates that the model can predict the
data well.

To check model assumptions, we performed
residual diagnostics. Residual diagnostics in Fig. S5
show that the residuals are not correlated with CAR
values. Figure S6 validates the normality assumption
of the model residuals, supporting log-transformed
CAR variables.

We then used the final linear models without
the random effects to evaluate the strength of the
simple statistical relationship for global tidal marsh
and mangrove CAR projections. In tidal marshes,
the CAR was a linear function of RSLR and MAT
(Model 1). However, the CAR generally reached a
maximum rate if the SAR did not increase anymore.
In our dataset, the SAR is a function of RSLR and
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TSM (Linear model: R* = 0.20, p < 0.01, Model 3).
We assumed that the TSM for each segment would
not change until 2100 [11]. There will be a critical
RSLR point for each segment when the SAR equals
the RSLR in our future projection [11]. We thus as-
sumed that the SAR would reach its maximum in
the scenario where RSLR is higher than the critical
RSLR point, and after this point the SAR would stop
increasing with higher RSLR.

Tidal Marsh: SAR = 0.571 RSLR + 0.22 TSM
+ 1.62 (Model 3)

Extrapolation and projection

The global extrapolation was based on the 12 148
coastline segments from the DIVA modeling frame-
work [39]. Within each coastline segment, the ex-
isting coastal wetlands, as reported by the UNEP
WCMC, were combined [40]. The geostatistical
principle assumes that vegetation distribution grad-
ually changes with environmental factors, like lati-
tude, longitude, temperature and precipitation [65].
We thus assumed that C accumulation at each
segment had the highest similarity to that at the
closest sampled site. Spatial extrapolation meth-
ods thus were used in this study to calculate the
CAR of each of the tidal wetland segments: the
CAR of each tidal wetland segment was estimated
based on the nearest five reported CAR sites. How-
ever, due to the rare sampling points in Africa,
Europe and high latitude regions, we stress that
there will be less accuracy for these regions in the
extrapolation.

To estimate changes in global CAR under
projected RCP4.5 and RCP8.5 scenarios by 2100,
we applied the linear changes in CAR that are a
function of MAP, MAT and RSLR for tidal marshes
and mangroves. We used projected temperature
and precipitation from the NASA Earth Exchange
Global Daily Downscaled Projections (NEX-
GDDP) dataset [66], a high-resolution (0.25° x
0.25°) dataset of global climate projections down-
scaled and bias-corrected from the output of
21 general circulation models (GCMs) in the
CMIPS archive [67] under the RCP4.5 (represents
a moderate-emission scenario in which global-
averaged radiative forcing is around 4.5 W m™? in
2100) and RCP8.5 (a comparatively high-emission
scenario in which global-averaged radiative forcing
is about 8.5 W m™2 in 2100) scenarios in the
period between 2020 and 2100. However, the
ensemble of the 21 realizations described above
is an ‘ensemble of opportunity,” as these GCMs
are not independent from each other [68,69].
Thus, it fails to cover the full uncertainty of future
projections and underestimates the extreme value in
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tails. To provide a probabilistic ensemble of climate
projections and cover the tails of the probability
distribution that are missing from the GCM ensem-
ble, we use the surrogate/model mixed ensemble
(SMME) method [70] to assign probabilistic
weights to GCM output and generate surrogate
models based on the probability distribution of
global mean surface temperature (GMST) pro-
duced by a simple climate model. We first assign
the weights by comparing the GMST from the
21 GCM outputs with the probability distribution
of GMST produced by a simple climate model (e.g.
MAGGIC6, Meinshausen ef al. [71]). The number
and weights of model surrogates are also determined
in this step to cover the tails of distribution that
are not captured by the 21 GCM outputs. We then
generate model surrogates by scaling the GMSTs in
the tail bins of the GMST probability distribution
by the forced component from a selected GCM
output, and adding the unforced component from
the same GCM. Similarly to Carleton et al. [72], we
generate 12 model surrogates. Together with the
21 GCM outputs, this approach provides us with 33
climate projections in total and 33 weights assigned
to each projection.

We extracted the full distribution of future
global RSLR data from Kopp et al.[ 73] at decadal
intervals for locations of each coastal wetland
segment under RCP4.5 and RCP8.S trajectories.
Site-to-site differences in the RSLR projections [73]
originate from varying non-climatic background up-
lift or subsidence, oceanographic effects and spatially
variable responses of the geoid and the lithosphere to
shrinking land ice.

The projected CAR for tidal marshes and man-
groves was thus calculated based on their (MAT,
MAP and RSLR) differences between current values
and future values by Model 1 and Model 2. The
climate and RSLR projections captured physical
uncertainty in the climate system. Besides the
physical uncertainty, an important second source
of uncertainty arises from the statistic estimates of
the linear models (Model 1 and 2). To capture both
sources of uncertainty, we firstly conduct a Monte
Carlo procedure. For each of the coastal segments,
we randomly draw a set of parameters that compose
the CAR in the statistic models from empirical
normal distributions defined by the means and
confidence intervals. Secondly, we randomly sample
paired MAT and MAP data from the 33 ensemble
members under RCP4.5 and RCP8.5 scenarios,
respectively. Each sampled projection is weighted
by corresponding weight which is normalized by
the sum of weights of all the samples. Thirdly, we
randomly sample an RSLR projection from the full
distribution of RSLR projections [41]. Fourthly, a
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projection of the CAR is estimated by combing the
parameter sets with corresponding predictors for
each equation (e.g. MAT and RSLR for Model 1 and
MAT and MAP for Model 2). Finally, we repeat this
process to obtain 1000 projection estimates for each
equation. The uncertainty of CAR projections is esti-
mated based on the 1000 projections at each coastal
segment and each type of wetland. In this study,
we reported their median value and the 95%
(2.5%-97.5%) quantiles of the probability
distribution.

The future coastal wetland area changes under
RCP4.5 and RCP8.5 were extracted from an inte-
grated global model that considers both the ability
of coastal wetlands to build up vertically by sediment
accretion, and the accommodation space which is
driven by population density in each segment [11].
The projected global coastal wetland C accumula-
tion amount was then calculated as the product of
projected future CARs and coastal wetland areas for
each coastline segment.

The data analysis, global extrapolation and pro-
jection were performed by R version 3.6 [74]
and Matlab R2016a (The MathWorks, Inc. Natick,
MA, USA).
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