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Wetlands are key components of the global carbon (C) cycle, storing significant amounts
of C while emitting methane (CHa), a greenhouse gas. As wetland restoration emerges as a
potential climate mitigation strategy, understanding the factors that influence wetland
greenhouse gas exchange across land uses is essential for aligning management with ecology and
biogeochemistry. This dissertation investigates variability in soil organic carbon (SOC) storage
and CHg4 flux in mid-Atlantic Coastal Plain wetlands, focusing on the roles of hydrology,
vegetation, and land-use history in shaping underlying ecosystem processes.
In Chapter 1, I surveyed SOC stocks across neighboring least-disturbed wetlands with

similar vegetation and hydrogeomorphology and found substantial variation. Hydrologic regimes

and relative topography partially explained variability, highlighting the importance of landscape



heterogeneity in determining wetland C storage capacity. In Chapter 2, I measured CH4 fluxes
across five dominant vegetation patch types in a freshwater wetland using a multi-scale
approach. I found that vegetation patches had distinct CH4 signals throughout the growing
season, likely driven by differences in the mechanisms that regulate fluxes. The magnitude of the
CHys4 source was linked to patch identity, suggesting that CHa fluxes were properties of patch
types, and that a patch-explicit representation may be needed for modeling and estimating
wetland greenhouse gas exchange. In Chapter 3, I explored the temporal dynamics of CHa flux
across wetlands with different land-use histories, identifying key biophysical drivers at multiple
time scales. I found that after two decades, CH4 dynamics in a restored wetland appeared to have
converged with those at a natural wetland and diverged with those at a cultivated former wetland.
Together, these findings demonstrate the importance of acknowledging and accounting for the
inherent variability and context-specificity in wetland C dynamics and suggest that wetland
management and restoration for climate mitigation requires a detailed understanding of wetland

ecosystem processes.
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Introduction

Wetlands have a significant climate footprint that is predominantly
determined by the balance between carbon sequestration and greenhouse gas
emissions. Wetlands act as carbon (C) sinks, taking up carbon dioxide (CO3) via
primary production and storing it as organic matter. Decomposition is slowed in
anaerobic wetland soils, allowing C stocks to persist, but these same conditions also
lead to the production of CH4, a potent greenhouse gas. Thus, wetlands contain 20—
30% of the world’s belowground organic C and contribute ~20% of global CH4
emissions, despite representing only 5% of the total area (Lal, 2008; Saunois et al.,
2020).

Left undisturbed, most wetlands have a long-term cooling effect on the
climate, but under anthropogenic pressures, that balance is unclear (Petrescu et al.,
2015). Land-use change, agriculture, and drainage have resulted in a loss of than half
of global wetland area (Davidson, 2014), and in remaining wetlands, disturbance can
alter ecosystem processes, resulting in loss or reduction of important ecosystem
functions and services (Zedler, 2003). Wetland drainage exposes soils to aerobic
conditions, causing rapid oxidation (i.e., respiration) of organic matter and potentially
transforming wetlands into C sources (Jones et al., 2024). As the climate warms,
wetland CH4 emissions are projected to grow, suggesting positive feedback (Gedney
etal., 2019).

There is potential for wetland restoration increase the earth’s C sink and

mitigate anthropogenic climate change (Griscom et al., 2017). Restored wetlands are



designed to recreate the conditions found in natural wetlands, such as hydrologic
regimes and hydrophytic plant communities, that enable the provision of ecosystem
services like climate regulation (Mitsch & Wilson, 1996). Despite promise, it is
unclear whether restored wetlands can achieve the same climate mitigation function
as natural wetlands (Schaller et al., 2022). Meta-analyses have shown consistently
lower soil organic carbon (SOC) in restored wetlands (Meli et al., 2014; Yu et al.,
2017), and recent work has found slower SOC accumulation in restored wetlands
(Loder et al., 2023), which may result from a weakened ability to retain C inputs
(Keshta et al., 2021).

Meanwhile, the cost of CHs4 fluxes from restored wetlands is uncertain. Fluxes
may remain relatively low from restored wetlands, even several years after re-
flooding (Urbanova et al., 2013), but it has also been suggested that restoring
wetlands represents a “biogeochemical compromise” of beneficial services (e.g.,
nutrient removal, flood regulation, biodiversity) against CH4 emissions (Hemes et al.,
2018). Since CH4 fluxes affect the climate on a shorter time scale than CO; uptake,
accurately assessing restored wetland CHy is an immediate priority (Hemes et al.,
2018).

Developing management strategies that promote wetland climate mitigation
requires understanding the patterns and drivers of spatiotemporal variability in
wetland C cycling. Temporal variability in C storage is low due to slow soil
processes, but spatial variability can be high within and between wetlands (Pearse et
al., 2018). CH4 flux, on the other hand, has extreme spatial and temporal variability,

making it difficult to predict and model accurately, and resulting in global uncertainty



(McNicol et al., 2023; Saunois et al., 2020). It is therefore imperative to investigate
wetland C storage and CH4 flux in the context of both land-use and environmental
variability (Petrescu et al., 2015).

In this dissertation, I address uncertainties in wetland C storage and CH4 flux
with studies in mid-Atlantic Coastal Plain wetlands across different land uses. In
Chapter 1, I quantify variability in SOC stocks in natural and restored wetlands and
examine how hydrology and topography can help explain differences between
wetlands. In Chapter 2, I use a multi-scale approach to contrast CHs fluxes from
distinct vegetation patch types in a spatially heterogeneous restored wetland. In
Chapter 3, I describe the nonlinear temporal relationships between CH4 fluxes and
biophysical drivers over four years of continuous data from a natural, restored, and

cultivated former wetland.



Chapter 1: Setting a reference for wetland carbon: the
importance of accounting for hydrology, topography, and
natural variability

Abstract

Wetland soils are a key global sink for organic carbon (C) and a focal point
for C management and accounting efforts. The ongoing push for wetland restoration
presents an opportunity for climate mitigation, but C storage expectations are poorly
defined due to a lack of reference information and an incomplete understanding of
what drives natural variability among wetlands. We sought to address these
shortcomings by 1) quantifying the range of variability in wetland soil organic C
(SOC) stocks on a depressional landscape (Delmarva Peninsula, USA) and 2)
investigating the role of hydrology and relative topography in explaining variability
among wetlands. We found a high degree of variability within individual wetlands
and among wetlands with similar vegetation and hydrogeomorphic characteristics.
This suggests that uncertainty should be presented explicitly when inferring
ecosystem processes from wetland types or land cover classes. Differences in
hydrologic regimes, particularly the rate of water level recession, explained some of
the variability among wetlands, but relationships between SOC stocks and some
hydrologic metrics were eclipsed by factors associated with separate study sites.
Relative topography accounted for a similar portion of SOC stock variability as
hydrology, indicating that it could be an effective substitute in large-scale analyses.
As wetlands worldwide are restored and focus increases on quantifying C benefits,

the importance of appropriately defining and assessing reference systems is
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paramount. Our results highlight the current uncertainty in this process, but suggest
that incorporating landscape heterogeneity and drivers of natural variability into
reference information may improve how wetland restoration is implemented and

evaluated.

Introduction

Carbon (C) storage is an important process in wetlands and is cited as a goal
for conservation and restoration efforts worldwide (Erwin, 2009; Poulter et al., 2021;
Were et al., 2019). Wetlands contain an estimated 20-30% of global soil organic C
(SOC) (Lal, 2008), which varies among wetland ecosystems according to factors such
as plant communities and soil properties (Carnell et al., 2018; Davila & Bohlen, 2021;
Loder & Finkelstein, 2020). Long recognized for its climate cooling effect, the
wetland SOC sink has gained recent attention for its potential to mitigate human-
induced climate change (Bossio et al., 2020; Griscom et al., 2017). While conserving
pristine wetlands is of immediate concern for protecting global SOC stocks (Griscom
et al., 2017; Taillardat et al., 2020), much of the existing wetland acreage has been
degraded by human activities (Davidson, 2014), and restoration remains integral to
climate mitigation strategies (Bossio et al., 2020). Therefore, there is interest in
refining expectations of SOC storage capacity in restored wetlands and ensuring that
current practices allow targets to be met (Taillardat et al., 2020; Were et al., 2019).

The extent to which degraded wetlands can regain SOC stocks through
restoration is unclear. Few restored wetlands approach SOC levels comparable to
least-disturbed wetlands (hereafter, “natural” wetlands), even after decades of

recovery (Ballantine & Schneider, 2009; Yu et al., 2017). Soil properties inherently
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develop slowly, but evidence of plateauing SOC accumulation well below natural
levels has raised concern that restored wetlands may not reach these targets (Moreno-
Mateos et al., 2012; Zedler & Callaway, 1999). Hence, there is a need to better
understand how SOC stocks in restored wetlands vary compared to natural wetlands
(Kreyling et al., 2021; Tangen & Bansal, 2020).

In a restoration context, reference wetlands set the foundation for siting,
designing, and evaluating projects for their SOC benefits. Since pre-disturbance
conditions are rarely documented, information to guide restoration must come from
nearby wetlands of the same type that are relatively undisturbed (Moorhead, 2013). If
restoration aims to increase SOC storage, then interventions should reflect an
ecological understanding of how SOC accumulates and persists in reference wetlands
(Palmer et al., 2016). Further, baseline data on SOC in reference wetlands is essential
to set realistic targets and perform C accounting (Brinson & Rheinhardt, 1996;
Kentula, 2000). This has become urgent given governmental efforts to create
standardized natural capital accounting systems, including those for C storage (e.g.,
most recently for the US; White House Office of Management and Budget, 2022).

Despite the critical role of reference systems, their use in wetland restoration
is complicated by natural variability among individual wetlands (Otte et al., 2021).
Wetlands that appear similar can vary widely in hydrological, ecological, and
biogeochemical attributes (Dvorett et al., 2013; LaBaugh et al., 1998), which makes it
difficult to select references and introduces uncertainty when evaluating restored
systems (Morgan & Short, 2002). Classification systems are used to group wetlands,

but high variability is routinely observed within classes (Moorhead, 2013; Otte et al.,



2021), meaning these systems alone may be ineffective at describing natural
variability (Stander & Ehrenfeld, 2009). Some researchers have thus argued that the
reference condition is best represented by a collection of natural systems (Matthews
et al., 2009; Vélez-Martin et al., 2018), or as explicitly dependent on environmental
drivers (Johnson et al., 2014).

A better understanding of the hydrologic drivers of wetland SOC may help
constrain natural variability and provide valuable ecological information for
restoration. Hydrology is considered a “master variable” in wetland processes
(Brinson, 1993; Tiner, 2017), and can influence SOC through multiple mechanisms.
For example, patterns of saturation and inundation control plant abundance,
community composition, and primary production (Day & Megonigal, 1993; S. M.
Fennessy et al., 1994; Schalles & Shure, 1989). Anoxic conditions during prolonged
saturation and inundation suppress microbial enzyme activity and slow
decomposition, promoting the accumulation of plant-derived C in wetland soils
(Freeman et al., 2001; Mclatchey & Reddy, 1998). In practice, however, the
relationship between wetland hydrology and SOC is less clear (Davila & Bohlen,
2021). Hydrologic regime can differ between otherwise similar wetlands (Dvorett et
al., 2013; McLaughlin & Cohen, 2013; Park et al., 2014), but research is inconsistent
as to how this corresponds to variability in SOC (see e.g., Davila & Bohlen, 2021; M.
S. Fennessy et al., 2018). Since no single parameter can fully describe complex
wetland hydrologic regimes, improving restoration requires knowing which
measurable aspects (e.g., average water level, inundation duration) are associated

with SOC (Galatowitsch & Zedler, 2014; Zedler, 2000).



Characterizing the role of relative topography in wetland hydrology and
ecosystem processes is key to increasing the practical benefits of reference
information. Relative topography can indirectly control wetland SOC through its
effects on surface and groundwater flows, which in turn determine wetland
hydrologic regimes (Winter, 1988, 2001). In restoration, this is reflected in
interventions (e.g., plugging ditches, re-grading) that shape the physical landscape to
achieve reference hydrologic conditions (Jarzemsky et al., 2013; USDA-NRCS,
2010). Terrain analysis is increasingly recognized as an essential tool in wetland
management due to its scalability and the accessibility of high-resolution elevation
data (Cianciolo et al., 2021; Epting et al., 2018; Horvath et al., 2017).

On low-lying landscapes, natural or anthropogenic variation in topographic
relief can create hydrologic conditions that support wetlands with extensive
herbaceous vegetation. In addition to vegetation cover, these "emergent" wetlands can
differ from nearby forested wetlands in basin morphology, hydrology, and likely
other factors that may influence SOC (Kirkman et al., 2000; McFarland et al., 2016).
Regardless of their historical vegetation type, wetlands are most often restored as
emergent systems to promote biodiversity and wildlife habitat (Yepsen et al., 2014).
Certainly, quantifying the links between relative topography, hydrology, and SOC
storage will help simplify reference wetland selection and inform restoration
initiatives (Branton & Robinson, 2020; Euliss et al., 2008; Johnson et al., 2012).

We measured SOC stocks in wetlands on a depressional landscape and
assessed whether hydrology and relative topography explained differences among

least-disturbed reference wetlands. We first compared SOC variability between



representative natural and restored wetlands. We then quantified SOC stocks in a
broader number of natural wetlands to determine the baseline variability on the
landscape. Lastly, we tried to explain this baseline variability by examining
relationships between natural wetland SOC stocks, hydrologic metrics, and terrain
metrics. Our results provide insight into the collection and interpretation of reference

information towards improving wetland restoration practices and evaluation.

Methods

Study system

Our study took place on the Delmarva Peninsula (Maryland, USA) within the
mid-Atlantic Coastal Plain province (Figure 1.1a). The Peninsula contains thousands
of freshwater depressional wetlands (“Delmarva bays”; Fenstermacher et al., 2014),
which exist naturally as either forested or emergent (vegetated) systems. Forested
bays are small (~ 1 ha) closed-canopy pools with little to no herbaceous vegetation,
while emergent wetlands are larger with diverse meadow-like vegetation in distinct
zonal communities (McFarland et al., 2016; Tyndall, 2000). Soils come from sandy or
silty parent materials and are dominated by mineral components, although organic
soils (i.e., histosols) develop in some natural bays (Stolt & Rabenhorst, 1987).
Delmarva bays interact with shallow groundwater, and annual hydrologic patterns are
characterized by seasonal (winter—spring) flooding followed by evapotranspiration-
driven drawdown in the summer and fall (Phillips & Shedlock, 1993). Owing
primarily to agriculture, more than two thirds of Delmarva bays have been at least

partially destroyed, and those remaining have likely been hydrologically altered
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(Fenstermacher et al., 2014). Recently, however, the Peninsula has seen net wetland
gain (Stubbs et al., 2020), due in part to large-scale restoration efforts (e.g., the US
Department of Agriculture’s Conservation Reserve Program) (Lee et al., 2020).
Common techniques used to hydrologically restore Delmarva bays include ditch
plugging, soil surface excavation, and installation of water control structures (Lee et

al., 2020; USDA-NRCS, 2010).

Wetland SOC stocks

Our study includes data from two sampling sets to capture the range of
variability in Delmarva bays. We initially chose three restored and three nearby least-
disturbed (“natural”) wetlands to assess spatial variability in SOC. In this set,
hereafter called the “emergent wetlands”, we sampled from three vegetation zones:
woody, herbaceous, and open water. After finding high variability in natural wetland
SOC, we sampled an additional 19 natural wetlands (hereafter “forested wetlands”) at
two sites with similar vegetation, edaphic and topographic conditions (“BC” and
“JL”; Figure 1.1). Although emergent wetlands result from most wetland
restoration/creation projects, forested wetlands are more common in the study region
(Hogan et al., 2004; Yepsen et al., 2014) and were our focus for further baseline data.

In forested wetlands, duplicate soil cores (> 1 m depth) were taken from the
basin center and separated into five depth intervals (0-10, 10-30, 30-50, 50-75, and
75-100 cm) for analysis. To determine SOC, we first measured organic matter
content in all samples by mass loss on ignition (LOI) for 16 hours at 400°C (Nelson

& Sommers, 1996). We then chose a 90 sample subset spanning the range of LOI
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values to measure C content using dry combustion (CHN analyzer, LECO Corp, St.
Joseph, MI). We fit a linear regression between LOI and C content in the sample
subset and used the fit equation (R’ = 0.99) to estimate C content from LOI in all
samples. Bulk density was determined using the core method (Blake & Hartge, 1986),
with linear correction for compaction (Walter et al., 2016).

Stocks were calculated by multiplying C content, bulk density, and sample
length. For each core, SOC stocks were summed over all depth increments to 1 m,
and wetland values were taken as the average of duplicate cores. The mean difference
between duplicates was 3.6 kg C m (11.6% relative difference).

Because our initial objective was to examine soil spatial variability, our
sampling approach differed in emergent wetlands. For each wetland and vegetation
zone, we selected one random location and took three soil cores spaced 10 m apart
(total n =9 cores per wetland). Cores were taken to a minimum depth of 50 cm (mean
= 67 cm) and separated by naturally-occurring horizons. Organic matter was
determined by LOI, and C content was estimated using the linear regression fit with
forested wetland samples. To compare with forested wetlands, we used a data
harmonization approach: SOC density was modeled as a function of LOI using
forested wetland data (sensu Holmquist et al., 2018; Morris et al., 2016), and 1 m
stocks were estimated by integrating depth functions fit with horizon values (Bishop

et al., 1999). Details of soil data harmonization are in supplementary methods.
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Water level data and hydrologic metrics

Continuous water level data was collected from 2018 to 2019 in a subset of
study wetlands. Shallow wells were established in 12 forested wetlands and
instrumented with pressure transducers (HOBO water level loggers; Onset Computer
Corporation, Bourne, MA). Water levels were aggregated to daily averages for each
wetland. Where necessary, data gaps were filled using nearby wells not included in
this study.

We chose six metrics to capture different aspects of the hydrologic regime
with potential importance in C cycling (Richter et al., 1996). From 2019, which had
average rainfall (1114 mm), we calculated: median, maximum, interquartile range,
inundation duration (i.e., hydroperiod), and exposure date (i.e., the first day water
level dropped below the surface). From 2018, which was wetter than average (1555
mm) but did not require gap filling, we calculated recession rate as the median daily
water level decline during the growing season (May—Oct). We included only days
when water levels declined in all wetlands and excluded days following rainstorms. A

summary of metrics can be found in Table 1.1a.

Geospatial data and terrain metrics

We analyzed wetland relative topography using a 1 m lidar-derived digital
elevation model (DEM) of the study area (Lang et al., 2013). Wetland basins were
delineated with a Stochastic Depression Analysis tool (Lindsay, 2016), which has
been used to map wetlands in the region (Vanderhoof et al., 2017). Using the

delineated wetlands and DEM, we calculated six terrain metrics (Table 1.1b)
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associated with wetland presence (Winter, 2001). These included standard descriptors
(depth, area, and shape index) as well as other metrics that, based on literature
reports, may contain unique information about wetland hydrology (relative
topographic position, relative catchment area, and basin profile coefficient as
indicators of landscape position; potential runoff inputs; wetland bathymetry; Table
1.1b). Due to an extreme value, relative catchment area was transformed by —1/x for
analysis. Geospatial data was processed and analyzed in QGIS (QGIS Development
Team, 2022) using tools from Whitebox (Lindsay, 2016) and SAGA (Conrad et al.,
2015), and in R (v4.2.0; R Core Team, 2022) using the sf'(Pebesma, 2018) and terra
(Hijmans et al., 2022) packages. An extended description of geocomputation is in

supplementary methods.

Statistical analysis

Relationships between forested wetland SOC stocks and hydrologic/terrain
metrics were quantified using multiple linear regression. Our analysis focused on two
models: one with hydrologic metrics (“hydrology model”; n = 12 wetlands) and one
with terrain metrics (“terrain model”; n = 19 wetlands). We included a site term in
each model to account for unknown differences between our sampling sites. All
statistical analysis was done in R using the car (Fox & Weisberg, 2018) and
rdacca.hp (Lai et al., 2022) packages.

We expected multicollinearity, so we examined pairwise correlations and
variance inflation factors (VIFs) to select minimum subsets of hydrologic/terrain

metrics that characterized differences among wetlands (Zuur et al., 2007). Since our
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analysis was exploratory, we did not do further variable selection (Lai et al., 2022;
Mac Nally, 2000), and we present regression coefficients descriptively while
recognizing their uncertainty due to small sample sizes (Forstmeier & Schielzeth,
2011; Gregorich et al., 2021). Fitted models were validated by visually inspecting
residuals (Figures S1.1-1.2).

The relative importance of metrics in regression models was evaluated using
variance partitioning methods (Kraha et al., 2012). Specifically, we determined the
average contribution of each metric to the total variance explained in the model over
all subsets of explanatory variables (i.e., hierarchical partitioning (Murray & Conner,
2009)). Results are expressed as partial R? values for each metric, which sum to the
multiple R? of the model, and as % R?, which is the partial R’ divided by the multiple
R

Commonality analysis was used to compare the variability in SOC stocks
explained by hydrologic metrics, terrain metrics, and site differences (Ray-Mukherjee
et al., 2014). First, we re-fit both models without size and chose the three metrics with
the highest partial R? in each. We then fit a third model including the selected groups
of hydrologic and terrain metrics, and site (n = 12 wetlands), and partitioned variance
using commonality analysis. This technique quantified each group’s unique
contribution to the model as well as the contributions shared among groups (Ray-
Mukherjee et al., 2014). As in hierarchical partitioning, contributions are expressed as
proportions of the model’s R’. Pairwise relationships among all metrics were assessed

with Pearson correlation coefficients.
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Results

Natural variability in wetland SOC stocks

In forested wetlands, SOC stocks ranged from 19.7 to 51.0 kg m (mean =
32.2 kg m?2 SD = 8.40, CV = 26.1%; Figure 1.3). Natural emergent wetland estimates
spanned a similar range (14.0-49.4 kg m2), and two of the three wetlands contained
soils dominated by organic materials. Restored emergent wetlands had a narrower
range of estimated SOC stocks (10.9-28.1 kg m), although several point estimates
fell within the ranges of both types of natural wetlands (Figure 1.3).

There was high spatial variability in emergent wetland SOC. Mean estimated
stocks were highest in open water (36.7 kg m™) for natural wetlands and in
herbaceous vegetation (24.1 kg m™2) for restored wetlands (Figure 1.3). Natural
wetlands had higher among-zone variability (i.e., mean of CVs for each wetland;
36.3%) and among-wetland variability (i.e., mean of CVs for each zone; 40.5%)
compared to restored wetlands (among-zone CV = 18.9%, among-wetland CV =
27.3%). Variability among natural wetlands was driven more by open water (CV =
46.7%) and herbaceous (CV = 64.4%) than by woody vegetation (CV = 10.6%;
Figure 1.3). For the herbaceous zone, all restored SOC stock estimates fell within the

natural range.

Wetland SOC stocks as a function of hydrologic metrics

As expected, there was multicollinearity and strong correlations among
hydrologic metrics (Figure 1.4). Since water levels in all wetlands followed a similar

seasonal pattern (Figure 1.2b), we assumed correlated metrics reflected the same
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hydrologic dynamics, and proceeded with a subset containing duration, max, and
recession. The strongest correlation in this subset was between duration and max (r =
0.44).

The hydrology model explained variability in SOC stocks (R’ = 0.75, R%uqj. =
0.61), but individual metrics differed in their contributions (Table 1.2). Recession was
the most important, with a higher contribution (37.7%) than the other two combined
(20.8%), while duration was relatively unimportant. Both recession and max were
positively associated with SOC stocks (f = 0.52 + 0.24 and 0.53 + 0.23,
respectively); in other words, wetlands with deeper water and slower drying rates
tended to have higher SOC stocks. The negligible 7 value of max, however, shows its
contribution to the model (% R’ = 13.4) was likely due to suppression of residuals
rather than by direct association with SOC stocks. Recession was the only metric that
explained variability in SOC stocks individually (r* = 0.34).

Site was an important component in the hydrology model (% R’ = 41.6). SOC
stocks were lower in JL than in BC (f = -1.62 + 0.62), and this difference was not
explained by hydrologic metrics. Although we did not include interaction terms in the
model, pairwise relationships between hydrologic metrics and SOC stocks appeared
to depend on site (Figure 1.5a-c). Within BC, all three metrics had higher slopes and

explained more variability (mean 7° = 0.69) than within JL (mean »° = 0.14).

Relationships between wetland relative topography, hydrology, and SOC stocks

There were strong correlations between terrain metrics and hydrologic metrics

(Figures 1.4 and S1.3). The strongest correlation was between depth and max (r =
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0.87), which was expected given that depth is effectively an estimate of max based on
relative topography. Duration and recession were most strongly correlated with RTP
and profile, respectively (r = -0.70 and 0.66). Among terrain metrics, catchment and
depth were correlated (» = -0.79) so we excluded the former from further analysis.

As with hydrology, individual metrics contributed unevenly to the terrain
model (Table 1.3). Profile was the most important (% R’ = 58.0) and was positively
associated with SOC stocks (f = 0.74 + 0.34); that is, wetlands that were more
cylindrical (i.e., had flatter bottoms) tended to have higher SOC stocks (Figure 1.5d).
Despite correlating with hydrologic metrics, depth and RTP had minor contributions
to the terrain model (% R’ = 12.5 and 9.5). Site was a minor component (% R’ = 7.6)
and relationships between terrain metrics and SOC stocks did not appear to
consistently differ between sites (Figures 1.5d-f and S1.4).

Commonality analysis revealed that hydrologic and terrain metrics both
explained a common portion of variability in wetland SOC stocks (Figure 1.6).
Hydrologic metrics were represented by duration, max, and recession, and terrain
metrics by depth, profile, and shape. The largest component was that shared by the
hydrologic and terrain groups, which contributed 42.9% of the model’s R? value.
Both groups had similar unique components (hydrologic = 12.8%, terrain = 12.0%).
The unique component of sife was approximately zero (0.2%); nearly all its
contribution was shared by terrain or (to a lesser extent) hydrologic metrics.
Variability shared among all groups was a small negative value (-5.4%), which was
likely due to sampling error and can be considered zero (Reichwein Zientek &

Thompson, 2006).
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Discussion

Focusing on one of the most common types of wetlands worldwide—seasonal
depressional wetlands—we show extensive variability in SOC storage. This was
evident in both natural and restored wetlands, and to such an extent that it was
difficult to distinguish wetland types based on their SOC content. This finding raises
two pertinent questions: how much do SOC stocks vary among wetlands on any
landscape? And can we explain SOC variability by quantifying wetland-scale
differences in hydrology and relative topography? In the following, we address these
questions and discuss the implications of our study for how reference conditions are

determined in wetland restoration.

High natural variability in wetland SOC stocks

We measured a wide range of SOC stocks among wetlands that would be
considered replicates for most purposes. Wetlands are often classified based on
vegetation and hydrogeomorphology, and wetland types are widely used to
approximate functions in lieu of empirical data (Sieben et al., 2018). However,
despite their shared vegetation type and hydrogeomorphic class (depressional), as
well as their proximity to one another, the 19 forested wetlands we sampled had SOC
stocks spanning values characteristic of mineral wetlands (~ 20 kg C m™) to those of
organic wetlands (> 50 kg C m%; Table 1.4). Mean stocks in our forested wetlands
were 32.2 + 8.4 kg m; in comparison, a recent analysis of 529 inland wetlands,

which spanned vegetation types and ecoregions throughout the conterminous US,
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estimated mean SOC stocks at 19.7 + 10.6 kg m (Uhran et al., 2021). We compiled a
list of relevant studies encompassing a range of wetland types and found that high
within-type variability is common (Table 1.4). This suggests that caution should be
broadly applied when assuming that wetland types, as defined by existing
classification systems, reflect variability in ecosystem processes (Bullock &
Acreman, 2003; Hruby, 2001; Lisenby et al., 2019; Stander & Ehrenfeld, 2009).

We also found that SOC varied within spatially heterogeneous wetlands.
Accounting for spatial variability is essential for accurately assessing wetland
functions and can help to identify drivers of function in reference systems (Larkin et
al., 2016; Stolt et al., 2001). In our natural emergent wetlands, estimated SOC stocks
varied among vegetation zones, but in an inconsistent pattern among wetlands.
Spatial variability was lower in restored emergent wetlands, which aligns with studies
indicating that soil properties are more spatially homogeneous in restored wetlands
(R. P. Brooks et al., 2005; Bruland et al., 2006). While vegetation communities are
thought to influence wetland SOC storage (Bernal & Mitsch, 2012; Davila & Bohlen,
2021; Marin-Muiiiz et al., 2014), our results suggest that vegetation type may not be a
reliable indicator of within-wetland SOC variability. We did not directly measure
productivity, but we expect its variability to be dominated by vegetation type, as
reported elsewhere (e.g., Osland et al., 2018). Instead, other factors (e.g., flooding
patterns and soil properties that affect oxygen availability and decomposition; Owers
et al., 2020) likely contribute to spatial variability within these wetlands.

Our observations of high natural variability support a revised strategy for

defining reference conditions (e.g., Shackelford et al., 2021). In small datasets like
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ours, high variability limits the ability to evaluate restored wetlands relative to
references. Incorporating attributes like hydrology can help interpret reference
information (as we address in the following section), but significantly increasing
precision in reference conditions requires extensive data and a thorough
understanding of landscape variability (White & Walker, 1997). Constraints on time
and funding often put these conditions out of reach for practitioners. With outcomes
unpredictable, restoration assessment would benefit from a more rigorous treatment
of uncertainty and a greater focus on the natural range of variability (Brudvig &
Catano, 2021; Oliver et al., 2023). For example, strategies like setting targets for
groups of wetlands (rather than for individual wetlands) and reducing the precision of
targets acknowledge ecosystem dynamism and promote heterogeneity (Hiers et al.,
2012, 2016). Importantly, our results also suggest that estimates of restored wetland
“C storage potential” should be accompanied by uncertainty analysis based on

landscape-scale variability.

Complex role of hydrology in explaining SOC stock variability among wetlands

Water level recession rate had the strongest relationship with SOC stocks,
while standard hydrologic descriptors, notably inundation duration (i.e., hydroperiod),
explained relatively little variability among wetlands. Measures of duration and
average water level are commonly used in wetland restoration to set performance
standards and evaluate success (Schlatter et al., 2016; U.S. Army Corps of Engineers,
2005). Although these metrics have been linked to wetland processes (Barksdale et

al., 2014; Lewis & Feit, 2015), our results indicate that the most relevant aspects of
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the hydrologic regime may depend on the system and process of interest (Johnson et
al., 2012).

The importance of recession rate suggests a key role of drying processes in
wetland SOC storage. Recession rate represents wetland response to negative water
fluxes, mainly evapotranspiration and groundwater outflow (Park et al., 2014).
Human management at the catchment scale has been shown to affect wetland
recession rates by altering upland forest evapotranspiration (Golladay et al., 2021).
Wetlands that dry faster may have soils with increased oxygen diffusion, increased
temperature sensitivity of respiration, and more frequent wet—dry cycles; all of which
can promote C loss through mineralization (Capps et al., 2014; Chapman et al., 2019;
Chen et al., 2018). Recent reports have linked recession rates to other ecological and
biogeochemical variables (Beaulieu et al., 2018; Botson et al., 2016; Yuan et al.,
2017), which implies a broader importance in wetland function that should be
examined in future studies.

Interestingly, site-scale differences appeared to modulate hydrology—SOC
relationships. Such differences could include, for example, proximity to drainage
ditches, absolute elevation, forest age, and adjacent land use (Golladay et al., 2021;
Jones et al., 2018; Rains et al., 2016). While studies have established that large-scale
factors like climate and geological setting can be important controls of SOC (e.g.,
Ferreira et al., 2022), these did not vary within our study area. Furthermore, since our
forested wetlands lacked emergent vegetation and most had the same soil type (i.e.,
map unit; Table S1.2), we assumed in situ production and soil properties were

relatively uniform, but fine-scale spatial variability in these factors could affect SOC
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storage (Barksdale et al., 2014; Bruland & Richardson, 2005; M. S. Fennessy et al.,
2018; Maynard et al., 2014). For example, soil texture can vary among neighboring
wetlands (O’Driscoll & Parizek, 2008; Stolt et al., 2000), including those within the
same soil map unit (Lin et al., 2005), and we did note that deeper layers at BC had
finer textures than at JL (data not shown). Studies have shown that soil physical
properties may interact with water level to influence wetland C processes (Daugherty
et al., 2019; Volik et al., 2020), so it is plausible that soil texture contributed to the
site differences we observed. Similarly, though in situ production was likely a minor
source of variability, terrestrial inputs are also important sources of C, and may have
interactive effects with hydrology on wetland C budgets (Rubbo et al., 2006; Stoler &
Relyea, 2020; Wardinski et al., 2022). Regardless of its cause, spatial variability in
wetland hydrology—SOC relationships may occur within limited areas and should be
considered when setting expectations for restored wetlands.

Our study joins a growing list that have found complex or unclear
relationships between wetland hydrology and SOC (e.g., Carnell et al., 2018;
Chanlabut et al., 2020; Davila & Bohlen, 2021; Pearse et al., 2018). In addition to
other sources of variability, these results suggest that hydrology is a multifaceted and
indirect driver of wetland SOC (Mueller et al., 2016; Strakova et al., 2012).
Hydrology influences wetland C processes through numerous mechanisms such as
dissolved organic matter flows, temperature, and, predominantly, soil oxygen
diffusion (Kayranli et al., 2010; Strakova et al., 2012; Wardinski et al., 2022). Despite
the negative effect of water level on oxygen content (and thus decomposition

(Kayranli et al., 2010)), persistent water saturation can maintain anoxia long after
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inundation recedes (Megonigal et al., 1993). Further, inundation does not always slow
decomposition (Mueller et al., 2016). Decomposition rates also depend on factors
such as organic matter chemistry, physicochemical stabilization, microbial
communities, and the availability of alternative electron acceptors (Kirwan et al.,
2013; Kottkamp et al., 2022; Yarwood, 2018). Overall, though hydrology is a “master
variable” in wetland function, its breadth of biogeochemical influence makes it

difficult to quantify its role in specific processes.

Relative topography and hydrology provide similar information about wetland

SOC stocks

We found that hydrology and relative topography explained much of the same
variability in wetland SOC stocks. Relative topography provides the physical basis
for wetland hydrology (Jackson et al., 2014; Winter, 1988), and therefore may help
characterize wetland ecosystem processes that respond to the hydrologic regime
(Richardson et al., 2010). Accordingly, our results support evidence that cylindrical
(i.e., flat-bottomed) wetlands have slower recession rates (R. T. Brooks & Hayashi,
2002; Chandler et al., 2017; Hill & Durchholz, 2015) and indicate that these wetlands
may also have higher SOC stocks. Relative topography can also reflect other forms of
landscape-scale variability (Park et al., 2014; Webster et al., 2011); for example, the
basin-forming processes that determine wetland bathymetry may also affect
sedimentation and soil texture (Hayashi & van der Kamp, 2000; Lane & D’ Amico,

2010). Developing a mechanistic understanding of the relationships between relative
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topography, hydrology, and wetland processes is imperative to inform how
restoration interventions can support functions like SOC storage.

Hydrology did not offer a clear advantage over relative topography in
explaining SOC stock variability among our wetlands. This finding is significant in
that relative topography is a far more practical tool for large-scale analyses. Terrain
metrics can be rapidly computed over large areas with publicly-available remote
sensing data, in contrast to water level data, which is more expensive and time-
consuming to obtain (Cianciolo et al., 2021). It should be noted that human-made
structures (e.g., ditches, tile drainage) that modify wetland hydrology may not be
detected by remotely-sensed terrain metrics (Jones et al., 2018); thus, care should be
taken when scaling to broader areas.

Relative topography may even be a preferable indicator when only short-term
hydrologic data is available. Although 2019 represented average water conditions,
wetland hydrologic tendencies can shift over time with changes in catchment land
cover, regional water withdrawals, and climate-driven precipitation patterns (Fay et
al., 2016; Lewis & Feit, 2015; McCauley et al., 2015). Hydrologic non-stationarity is
especially likely in heavily altered areas, where contemporary conditions may
uncouple from “slow” variables like SOC that develop over decades to centuries
(Hossler & Bouchard, 2010; Schulte et al., 2019). Relative topography is less
responsive to nonlocal disturbance and could therefore more robustly represent

reference wetland conditions at these time scales.
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Conclusion

Understanding natural variability in ecosystem processes is critical for
successful restoration. In wetlands, variability in C cycling is widely recognized, but
attention has mainly centered on C fluxes (Kolka et al., 2018). We found that SOC
stocks varied substantially among neighboring least-disturbed wetlands with similar
vegetation and hydrogeomorphology. In a restoration context, this implies that
reference conditions have inherent uncertainty, and that success should be evaluated
against the range of natural variability (Oliver et al., 2023). Although hydrologic
metrics explained some variability in SOC stocks, our results highlight the complex
and context-dependent relationships between wetland hydrology and ecosystem
processes. We therefore caution that a reliance on hydrology as the primary predictor
of wetland processes risks undervaluing the role of other potential drivers. Lastly,
wetland terrain metrics were correlated with hydrologic metrics and explained similar
variability in SOC stocks. This result is promising given that the physical landscape
can be analyzed at large scales and offers an interface for management to affect
wetland processes (Euliss et al., 2008). As focus grows on quantifying C benefits in
restoration, the importance of appropriately defining reference conditions is
paramount. In the foreseeable future, determining how much SOC a wetland “should
have” is likely to remain unfeasible, but C accounting practices can still have robust
ecological foundations by integrating natural variability and its drivers into reference

frameworks.
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Tables

Table 1.1. Metrics assessed as explanatory variables of forested wetland SOC stocks.
Hydrologic metrics (a) were selected to represent distinct and fundamental aspects of
wetland hydrologic regimes. Terrain metrics (b) were selected based on hypothesized
or empirical relationships with hydrologic regimes as reported in literature.

Metric Definition/description Mean value
(min, max)
a) Hydrologic (n = 12 wetlands)
duration  Total number of days inundated (i.e., water level > 263
0) (228, 293)
exposure  Earliest day of year exposed (i.e., water level < 0) 222
(184, 257)
IOR Interquartile range; robust index of daily water 0.77
level variability (m) (0.49, 1.16)
max Maximum daily water level (m) 0.76
(0.50, 1.11)
median Median daily water level (m) 0.43
(0.18, 0.66)
recession ~ Median daily water level decline during rain-free -1.42
periods in May—Oct (cm day™') (-1.85,-0.86)
b) Terrain (n = 19 wetlands)
area Total area of wetland basin (m?) 930
(144, 2240)
catchment Total area (wetland + upland) draining internally 7.78
to wetland basin, given as relative to wetland area (2.93,29.8)
depth Maximum depth of wetland basin (m) 0.60
(0.21, 1.10)
profile Index of wetland 3D shape from conical (low) to 1.98
cylindrical (high) (Hayashi & van der Kamp, (0.80, 3.95)
2000)
RTP Relative topographic position; mean value of -0.87
deviation from mean elevation within a 500 x 500  (-1.46, -0.48)
m window
shape Size-invariant area-to-perimeter ratio; represents 1.11
complexity of 2D shape, where 1 is a perfect circle  (1.02, 1.27)
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Table 1.2. Results of multiple linear regression of SOC stocks as a function of
hydrologic metrics in natural forested wetlands (n = 12).

Metric ¥ VIF B P Partial RZ % R’
site (JL) 0.28 2.9 -1.62+0.62  0.04 0.31 41.6
recession 0.34 1.6 0.52+0.24  0.07 0.28 37.7
max <0.01 1.6 0.53+0.23  0.06 0.10 13.4
duration <0.01 3.1 0.20+0.33  0.57 0.06 7.4

Hydrology model: R’ = 0.75; R’ = 0.61; P=0.03

Model statistics: marginal R?, adjusted R? (R%.4;), P value (P)

Statistics for each term: squared bivariate correlation with SOC stocks (), variance
inflation factor (VIF), beta coefficient (f + std. err.), P value (P), partial contribution
to multiple R?, and percent contribution to multiple R’

Table 1.3. Results of multiple linear regression of SOC stocks as a function of terrain
metrics in natural forested wetlands (n = 19).

Metric I VIF B P Partial RZ % R’
profile 0.41 3.0 0.74+0.34  0.05 0.31 58.0
depth 0.07 2.7 -030+032  0.38 0.07 12.5
RTP 0.10 1.7 -0.02+0.26 094 0.05 9.5
shape 0.06 23 0.06+0.30 0.85 0.05 8.5
site (JL) 007 24  -0.03+059  0.96 0.04 7.6
area 0.02 1.9 -0.08 £0.27  0.77 0.02 3.9

Terrain model: R’ = 0.54; R%,4; = 0.30; P=0.10

Model statistics: multiple R?, adjusted R? (R?.q4.), P value (P)

Statistics for each term: squared bivariate correlation with SOC stocks (), variance
inflation factor (VIF), beta coefficient (f + std. err.), P value (P), partial contribution
to multiple R?, and percent contribution to multiple R’
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Table 1.4. Variability in wetland SOC stocks from this study and literature reports.
Data are field-measured from natural (least-disturbed) non-tidal freshwater wetlands
in temperate climates. Wetland types are as described in the studies, and soil type (O
= organic, M = mineral), if indicated, is self-defined by the publication. Only studies
reporting 1 m stocks are included. Ranges of values are shown if given. N = number
of wetlands.

1 m SOC stock (kg C m?2)

Wetland type N Mean =+ std. Range Reference
dev.

Coastal Plain 3 733+47.4 22.1-115.7 Fenstermacher et al.,
depressional (O) 2016
Seasonally inundated 6  68.3 £44.1 Pearse et al., 2018
0)
Fen 6 64.5£8.6 Zhang et al., 2008
Floodplain forest (O) 15 53.3+£9.7 38.0-68.7  Ricker & Lockaby,

2015
Forested 19 32.2+84 19.7-51.0  This study
depressional
Marsh 5 252+93 Zhang et al., 2008
Forested riparian 29 246+9.6 11.7-49.5  Ricker et al., 2013

Coastal swamp oak 6 24.1+13.6 13.8-43.3  Kelleway et al., 2021
forest

Coastal Plain 11 21.5+£17.2 Fenstermacher et al.,

depressional (M) 2016

Floodplain forest (M) 15 19.3+10.5 Ricker & Lockaby,
2015

Marshy meadow 5 16.0£2.3 Zhang et al., 2008

Floodplain forest (M) 10 149+33 9.5-19.2  Hegeretal., 2021
Floodplain grassland 5 144+3.6 11.2-18.3  Heger et al., 2021

(M)

Grassland playa 17 10.6 4.1 O’Connell et al., 2016
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Figure 1.1. Location of study area (red marker) within the mid-Atlantic Coastal Plain
of Maryland, USA (a). Terrain maps of the two forested wetland study sites, “BC” (b;
39.06°N, 75.83°W) and “JL” (c; 39.06°N, 75.75°W), which are ~ 7 km apart.
Elevation in (b-c) is from a digital elevation model and shown as m above sea level.
Natural forested wetlands sampled for SOC stocks (n = 19) are outlined, with solid
outlines indicating the 12 wetlands in which water level was monitored (emergent
wetlands not shown).
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Figure 1.2. Daily 2019 (a) mean temperature and total precipitation, and (b) water
level in a subset of forested wetlands. Water levels shown as daily means of wetlands
at study sites “JL” and “BC” (n = 7 and 5) and for each wetland separately (grey
lines). Some wetland water levels appear to flatten as wells dried and transducers read
constant values. Climate data was collected at JL weather station.
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Figure 1.3. Variability in SOC stocks among forested natural wetlands, alongside
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Figure 1.4. Pearson correlation matrix of hydrologic metrics (duration, exposure,
1QOR, max, median, recession) and terrain metrics (area, catchment, depth, profile,
RTP, shape) in natural forested wetlands. Outlined box contains correlations between
a hydrologic and a terrain metric. Correlations between two terrain metrics represent
data from 19 wetlands; all other correlations represent a 12 wetland subset for which
hydrologic data was available. Note that catchment was transformed by —1/x.
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Figure 1.5. Relationships between upper 1 m SOC stocks and hydrologic/terrain
metrics in natural forested wetlands (n = 19). The three hydrologic (a-c) and three
terrain (d-f) metrics that contributed the most to their respective model are shown;
diamond-shaped markers are wetlands without water level data (i.e., only included in
terrain analysis; n = 7). Linear best-fit lines are shown separately for each study site
(“BC”, “IL”).
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Figure 1.6. Variance partitioning of wetland SOC stocks. Colored bars are
proportions of explained variance (a) attributed uniquely to hydrologic metrics
("Hydro"), terrain metrics (“Topo”’), and unknown sampling site differences, and (b)
shared among those groups. Hydrologic metrics included recession rate, maximum
water level, and inundation duration; terrain metrics included basin profile
coefficient, depth, and shape index. The asterisk in (b) denotes a component with a

negative contribution (-5.4%) shown as zero. The total variability explained by the
model (i.e., multiple R?) was 0.85 (R.q. = 0.60).
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Supplementary materials

Estimating SOC stocks in emergent wetlands

We used a soil data harmonization approach to estimate SOC stocks in
emergent wetlands and compare them directly to forested wetlands (Uhran et al.,
2021). This was necessary because our sampling approaches were different;
specifically, in forested but not emergent wetlands we 1) measured bulk density and
2) split cores into fixed-depth intervals up to 1 m.

To address missing bulk density values, we used forested wetland data to
model bulk density as a function of organic matter content and applied the fit to
emergent wetland samples. We used a nonlinear “ideal mixing model” (Holmquist et
al., 2018; Morris et al., 2016)

1

oM _a-om’ .1
5] K2

BD

where BD is bulk density (g cm™), OM is organic matter content (g g'!), and k/ and
k2 are parameters representing the density of organic and mineral soil components
respectively. We recognize that emergent wetlands may have different BD—-OM
relationships, and restored wetlands in general have higher BD than natural wetlands
(Yu et al., 2017), so some predictions may be biased. We estimated parameters using
nonlinear least squares; the best fit model had a root mean squared error (RMSE) of
0.12 g cm™ and the k/ and k2 parameters =+ std. error were 0.096 + 0.005 and 2.36 +
0.13 g cm™, respectively.

To address the mismatch in depth intervals, we estimated emergent wetland C

density at the fixed-depth intervals used for forested wetland samples (i.e., 0-10, 10—
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30, 30-50, 50-75 and, 75-100 cm). We fit mass-preserving splines, which is a
standard method for harmonizing data from soil cores that were split by horizon in the
field (Bishop et al., 1999), to C density profile data in each emergent soil core. Spline
fits and fixed-depth interval C density estimates were determined using the R package
mpspline2 (O’Brien, 2022). To calculate 1 m C stocks, we multiplied C density by
interval length and took the sum over each core. Final C stock estimates for each
wetland/zone were averages of three replicate cores. We treat these values as
estimates due to the high uncertainty and potential for bias in the harmonization

process.

Geocomputation for terrain metrics

Note: for any computation that used a specific software tool, that tool is
referenced as (“Tool”; Developer).

Prior to analysis, the lidar-derived digital elevation model (DEM) was filtered
to reduce the effects of systematic and random errors. Lidar cannot penetrate some
landscape features (e.g., buildings, dense ground vegetation), resulting in DEM errors
that can be problematic in low-gradient landscapes (Hutchinson & Gallant, 2000). We
considered these systematic errors because they are always higher than the ground
elevation, and we removed them using a specialized filter (“Remove Off Terrain
Objects”; Whitebox). The DEM was then filtered to smooth random errors and abrupt
changes in slope (“Multi Direction Lee Filter”’; SAGA).

Wetland areas were delineated using a probabilistic approach (“Stochastic

Depression Analysis”; Whitebox). This method accounts for the vertical accuracy of

36



the DEM (RMSE = 0.15 m in our case) by generating a distribution of errors, adding
a random sample to each cell, then identifying depression cells (Lindsay & Creed,
2006). We ran 500 iterations of this process to estimate the probability of each cell
belonging to a depression. In the resulting grid, we masked areas higher than a
standard depression probability threshold of 80% (Vanderhoof et al., 2017; Wu et al.,
2014), which corresponded with field surveys of maximum inundated extent for most
of our wetlands. Depression areas were converted to polygons for further analysis.
Nested depressions (i.e., depressions within depressions) were delineated with
a level-set method (Wu et al., 2019). Briefly, this algorithm finds the elevation in a
depression at which surface water would form multiple disconnected areas. We
considered areas greater than 50 m? as separate wetlands that merge at high water
levels, which resulted in four nested wetlands (all located in site BC) among our
study set. Note that the interpretation of some terrain metrics may vary between
nested and non-nested wetlands. For example, depth and area (calculated as described
below) of nested wetlands are likely to be lower than the maximum water level and
inundated extent. However, we concluded that for these wetlands, the nested
delineation more accurately represented the wetland than the unnested delineation,
which in one case was more than 2000% larger in area and contained multiple other
wetlands. We did not find any patterns in the residuals of our statistical models that
suggested nested and non-nested wetlands should be distinguished during analysis.

We calculated area, depth, and shape index (“shape”) as basic morphometric

indices for delineated wetlands. Area was the two-dimensional area, and depth was
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the difference between the maximum and minimum elevation within each wetland.

Shape index, which is a size-invariant perimeter-to-area ratio, was calculated as

Shape index = (1.2)

2Vm-A’
where P is perimeter (m) and 4 is area (m?).

Wetland catchments were delineated to calculate relative catchment area

(“catchment”). The filtered DEM was further conditioned by filling depressions (“Fill
Depressions”; Whitebox) shallower than 10 cm. Flow was routed using the
Deterministic 8 method (“D8 Pointer”’; Whitebox), and catchments were delineated as
the area draining to the deepest point inside wetland depressions (“Watershed”;
Whitebox). Catchment areas were divided by the corresponding wetland areas to
better represent the potential influence of catchment size on wetland water balance
(Hayashi et al., 2016).

We selected the deviation from mean elevation (“Deviation from Mean

Elevation”; Whitebox) as an indicator of wetland relative topographic position

(“RTP”). This metric was calculated as

rrp = Zo—H (1.3)
o

where zg is the DEM elevation of a cell and mean (u) and standard deviation (o) were
calculated within a 500 x 500 m window (Newman et al., 2018). The window size
was about twice the diameter of the largest depressions identified in stochastic
depression analysis. To obtain a single value for each wetland, we took the mean of

all values inside the wetland area.
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The basin profile coefficient (“profile”’), which quantifies the curvature of

wetland slopes, was estimated using a simple power equation (Hayashi & van der

Kamp, 2000)
2
A=s- (ﬁ)5 , (1.4)
ho

where A4 is inundated area (m?); / is water level (m); Ao is a reference water level,
which we took as the maximum depth; s is a scaling constant that equals inundated
area at /p; and p is the dimensionless basin profile coefficient. Using the DEM, we
simulated “filling up” each wetland basin to its maximum depth and counted the
number of inundated grid cells at 5 cm depth increments. This gave us semi-empirical
depth-area curves, to which we fit Equation 1.4 with nonlinear least squares to

estimate p. The mean RMSE of all nonlinear fits was 23.1 m? or 2.5% of wetland

total areas.
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Table S1.1. Description of emergent wetlands included in analysis of SOC spatial
variability. Woody vegetation at all wetlands was a mix of trees and shrubs. Soil map
units are those reported in the USDA-NRCS Web Soil Survey (Soil Survey Staff,
2022).

Wetland Approx. USDA soil Dominant Year  Restoration

area map unit herbaceous restored methods
(ha) vegetation
Rest. 1 4.3 Lenni loam Grasses, 2003  Ditch plugging,
sedges tree removal
Rest. 2 1.3 Hammonton- Rushes, 2003  Ditch plugging,
Fallsington- sedges microtopography
Corsica construction,
complex organic matter
addition, tree
planting
Rest. 3 0.4 Whitemarsh ~ Phragmites, =~ 2004  Scraping, tree
silt loam Typha planting
Natu. 1 1.0 Hammonton- Grasses, - -
Fallsington- sedges
Corsica
complex
Natu. 2 2.5 Corsica Sedges - -
mucky loam
Natu. 3 0.4 Hammonton- Sedges - -
Fallsington-
Corsica
complex
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Table S1.2. Description of natural forested wetlands included in analysis of SOC
stock variability. Soil map units are those reported in the USDA-NRCS Web Soil
Survey (Soil Survey Staff, 2022). Note: for wetlands mapped as Hammonton-
Fallsington-Corsica complex, soil series is likely Corsica due to landscape position at
the bottom of depressions (Goldman et al., 2020).

Site- Well Min elev. USDA soil map unit

wetland (m.a.s.l.)

BC-1 17.91 Hammonton-Fallsington-Corsica complex
BC-2 18.01 Hammonton-Fallsington-Corsica complex
BC-3 18.04 Hammonton-Fallsington-Corsica complex
BC-4 X 18.50 Hammonton-Fallsington-Corsica complex
BC-5 X 18.37 Hammonton-Fallsington-Corsica complex
BC-6 X 18.54 Hammonton-Fallsington-Corsica complex
BC-7 18.88 Hammonton-Fallsington-Corsica complex
BC-8 X 19.00 Hammonton-Fallsington-Corsica complex
BC-9 X 18.10 Hammonton-Fallsington-Corsica complex
JL-1 14.50 Lenni loam

JL-2 15.55 Hammonton-Fallsington-Corsica complex
JL-3 X 15.27 Hammonton-Fallsington-Corsica complex
JL-4 X 15.35 Hammonton-Fallsington-Corsica complex
JL-5 X 13.84 Lenni loam

JL-6 X 14.86 Hammonton-Fallsington-Corsica complex
JL-7 X 14.40 Hammonton-Fallsington-Corsica complex
JL-8 X 15.63 Corsica mucky loam, Carolina Bay

JL-9 X 15.48 Corsica mucky loam, Carolina Bay

JL-10 15.61 Corsica mucky loam, Carolina Bay
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Figure S1.1. Hydrology model residual diagnostics. (a) Normal Q-Q plot. (b)
Residuals vs. fitted values with a LOESS smoother and 95% confidence band. (¢)
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Figure S1.3. Scatterplot matrix of hydrologic (x-axes) and terrain (y-axes) metrics.
Metrics were scaled and centered to simplify visualization and local polynomial
regression lines are shown to approximate shapes of relationships.
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Figure S1.4. Scatterplots of SOC stocks and the hydrologic (top row) and terrain
(bottom row) metrics not included in commonality analysis. IQR is the water level

interquartile range; RTP is the relative topographic position. Diamond-shaped

markers are wetlands without water level data (i.e., were only included in terrain
analysis; n = 7) and colors indicate separate study sites (“BC”, “JL”).
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Chapter 2: High spatial variability in wetland methane fluxes is
tied to vegetation patch types

Abstract

Wetlands are the largest natural source of methane (CHs), but spatial
variability in fluxes complicates prediction, budgeting, and mitigation efforts. Despite
the many environmental factors identified as CH4 drivers, the overall influence of
wetland spatial heterogeneity on CHy fluxes remains unclear. We identified five
dominant patch types—submersed aquatic vegetation (SAV), emergent forbs,
sedges/rushes, grasses, and open water—within a freshwater wetland in Maryland,
USA, and measured CH4 fluxes using a combined chamber and eddy covariance
approach from June to September 2021. Because patch types integrate co-occurring
environmental factors, we hypothesized that CH4 flux is best characterized at the
patch scale. Chamber measurements from representative patches showed distinct CHg
signals; fluxes from grasses and sedges/rushes were highest, while fluxes from SAV
and forbs were lower but skewed, suggesting episodic emission pulses. Open water
had the lowest fluxes. Differences between patches were consistent over time, and
spatial variability was greater between patches than within them, highlighting patches
as key drivers of flux variability. By combining chamber fluxes with eddy covariance
data in a Bayesian framework, we provide evidence that patch-type fluxes scale over
space and time. Understanding spatial heterogeneity is essential for quantifying
wetland contributions to global biogeochemical cycles and predicting the impacts of

environmental change on wetland ecosystem processes. Our study demonstrates the
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importance of vegetation patch types in structuring spatial variability and supports a

patch-explicit representation to reduce uncertainty in wetland CH4 fluxes.

Introduction

Wetlands are hotspots of biogeochemical activity and are characterized by
spatially variable processes (Capps et al., 2014; Marton et al., 2015; McClain et al.,
2003). Methane (CHy) flux, in particular, is highly scrutinized in wetlands because of
its potency as a greenhouse gas (Whiting & Chanton, 2001). Most wetlands contain
sufficient organic carbon (C) substrate, reducing conditions, and methanogenic
archaea to produce CHy (Bridgham et al., 2013), but fluxes within wetlands can
exhibit extreme spatial variability (Yavitt et al., 2018). As a result, scaling up flux
measurements is an acute challenge (McNicol et al., 2023), and wetlands are a major
source of uncertainty in the global CH4 budget (Bousquet et al., 2006). Alongside
efforts to identify spatial drivers of variability (e.g., Girkin et al., 2019; Praetzel et al.,
2021), a comprehensive framework is required to understand the relationship between
environmental heterogeneity and CHy flux.

In many wetlands, spatial heterogeneity is organized into discrete patch types
(Marani et al., 2006). Wetlands are often described as patterned mosaics (e.g.,
Matthes et al., 2014; Morin et al., 2017), with patches distinguished by physical
features like microtopography and plant community (Keshta et al., 2023; Lampela et
al., 2016). The mechanisms of patch formation vary but are thought to involve self-

reinforcing feedback among plants, soil, and hydrological regimes. Through this
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process, local conditions that initially favor a particular plant assemblage can become
increasingly distinct as the plants modify their environment, leading to persistent
patches (Marani et al., 2006). In addition to their ecological importance, patches are
an accessible means of describing spatial heterogeneity because they can be detected
visually and with remote sensing (Dronova et al., 2011).

Wetland vegetation patches integrate co-occurring drivers of spatial variability
in CH4 flux (Davidson et al., 2016). Spatial heterogeneity in abiotic factors, such as
flooding regime and soil nutrients, regulates the distribution of wetland vegetation
(Day et al., 1988); thus, patch types represent the physicochemical conditions that
favor their dominant plants (Couwenberg et al., 2011). Over time, positive feedbacks
may further differentiate patches. Plant inputs modify soil chemistry (Palozzi &
Lindo, 2017), and some wetland plants engineer their physical environment to favor
their own dominance (Caraco et al., 2006), resulting in stronger aboveground-
belowground linkages and additional spatial variation (Jones et al., 1994). Altogether,
the interactions between plants and the abiotic environment shape microbial
communities (Berg & Smalla, 2009), providing the basis for CH4 variability among
patch types (Sharp et al., 2024).

Plants directly influence patch CH4 fluxes through physiological mechanisms.
The release of oxygen and root exudates into the rhizosphere affects rates of CH4
production and oxidation, and in emergent plants with porous aerenchyma tissue,
vascular gas transport can be an efficient pathway for CHs4 emission (Laanbroek,
2010; Vroom et al., 2022). These processes are mediated by species-specific traits,

such as internal conductance and the chemical composition of root exudates (Girkin
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et al., 2018; Villa et al., 2020). Plants may also regulate CH4 fluxes through microbial
community composition, for example, by favoring certain groups of soil methanogens
(Sharp et al., 2024; Waldo et al., 2022) or supporting epiphytic methanotrophs
(Yoshida et al., 2014). A plant’s net effect on flux is thus determined by its impact on
multiple interacting—and often competing—processes (Bastviken et al., 2023; Noyce
& Megonigal, 2021). Plant functional groups and traits can partially explain
interspecific variability (Kao-Kniffin et al., 2010; Sutton-Grier & Megonigal, 2011),
but accuracy depends on how groups are classified and which traits are measured
(Gray et al., 2013; Laine et al., 2022).

Variation in CH4 drivers may lead to different temporal flux dynamics
between vegetation patches. Patch structure may determine the dominant emission
pathway; for example, in one study plant-mediated transport accounted for the most
flux in emergent vegetation, whereas ebullition (i.e., bubbling) was more important in
deep water with floating vegetation (Desrosiers et al., 2022). Patch types may also
respond differently to environmental fluctuations or long-term changes, modulating
patch effects on fluxes (Noyce & Megonigal, 2021; Whitaker et al., 2021). In
vegetated patches, recent studies have suggested that plant phenology is a strong
driver of seasonal flux patterns (Ge et al., 2023; Helfter et al., 2022).

Here, we investigated the link between vegetation patches and CH4 flux in a
spatially heterogeneous wetland. Vegetation patches, as “environmental integrators”
of CH4 drivers, may be most effective at explaining spatial patterns in CH4 fluxes
(Davidson et al., 2016). Further understanding how vegetation patches influence

spatially variable processes is essential for estimating the contributions of wetlands to
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global biogeochemical cycles amid widespread environmental change in these
systems. Specifically, we asked: 1) How do fluxes vary among different vegetation
patches? 2) How does variability among patches compare with other sources of
spatial and temporal variability? and 3) Can patch-type fluxes be estimated at the

wetland scale?

Methods

Site description and patch types

We conducted our study in a wetland within the Choptank River watershed on
the Mid-Atlantic Delmarva Peninsula (Caroline County, MD, USA). The climate is
humid subtropical, with an annual mean temperature of 13.3°C and precipitation of
1210 mm distributed evenly across months (30-year normal, 1991-2020; PRISM
climate mapping system). Non-tidal wetlands in this region are freshwater mineral-
soil depressions, with seasonal hydrology characterized by inundation for most of the
year with a period of evapotranspiration-driven water table drawdown from late
summer to autumn (Phillips & Shedlock, 1993). The study wetland (2.08 ha) was
briefly drained and used as a pasture in the 1980s, and was ecologically restored in
2003 by plugging drainage ditches, felling encroaching woody vegetation, and
removing nonnative plants (Spadafora et al., 2016).

Patch types were selected based on their prevalence in the study wetland,
importance in wetlands throughout the region, and representation of plant growth

forms (Schultz & Pett, 2018; Table 1). Unvegetated open water appeared only in the
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deepest central part of the wetland. Submersed aquatic vegetation (SAV), such as
rooted Juncus repens or Proserpinaca palustris, formed dense mats in deep areas
surrounding open water. Emergent forbs, mainly Persicaria hydropiperoides,
occupied interstitial spaces between graminoid patches or shallow water near the
forested margin of the wetland. We divided graminoid vegetation into two types:
grass patches dominated by Panicum hemitomon and sedge/rush patches with
multiple dominant species (e.g., Carex striata), which often grow together. Grasses
formed dense monospecific stands underlain by mats of semi-decomposed litter,
while sedges/rushes (henceforth “sedges”) clustered in tussocks and occupied
shallower areas toward the wetland margin. These distinctions are commonly used in
wetland studies to represent plant morphological differences (e.g., De Steven et al.,
2006; Johns et al., 2015), and may be associated with functional differences (Pan et

al., 2020; Williams et al., 2020).

Patch vegetation parameters

Aboveground plant biomass and leaf area index were measured to quantify
physical differences in patch vegetation. We chose these parameters because they are
easily measured, detectable with remote sensing, and linked to spatial variability in
plant productivity and CH4 flux (Goud et al., 2017, 2022; Villa et al., 2020). In late
September, during the late growing season, we sampled vegetation from 0.25 m?
quadrats in emergent patch types (forbs, sedges, and grasses; n = 3 each). Quadrats
were positioned away from chamber collars to prevent disturbance in research plots.

Plant stems were cut above the soil surface, standing litter was separated, and samples
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were dried and weighed to determine aboveground biomass (g m2). To estimate leaf
area, we selected ten stems from each quadrat. Leaves were digitally scanned, and
area was measured using ImagelJ (Schneider et al., 2012) then scaled to the full
quadrat by species. Leaf area index (m? m2) was calculated as the total one-sided leaf
area in a quadrat, normalized by quadrat area.

To assess the potential role of plant phenology in patch fluxes, we monitored
seasonal greenness patterns of the dominant graminoid species. Using a fixed digital
camera (StarDot NetCam), we captured a time series of images and defined
homogeneous regions of interest (ROIs) for each species. The camera’s field of view
did not cover emergent forbs and SAV, so our analysis focused on dominant
graminoids (Table 2.1). Following PhenoCam network protocols (Richardson et al.,
2018), greenness was calculated for each ROI as the mean pixel green chromatic
coordinate (Gcc) value, and time series for 2021 were constructed using the 90%
cumulative Gcc over 3-day windows. Plant active phase was defined as the period
when Gcc exceeded 10% of its seasonal amplitude (Richardson et al., 2018). This
analysis was conducted in R using the phenopix and phenocamr packages (Filippa et

al., 2016; Hufkens et al., 2018).

Flux measurement

We adopted a combined static chamber and eddy covariance (EC) approach to
quantify patch-type CHs4 fluxes. The two methods are considered complementary;
chambers directly measure fluxes at discrete points, providing high precision but low

spatiotemporal coverage, whereas EC offers continuous ecosystem-scale
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measurements (Morin et al., 2017). Our primary aim was therefore to synthesize
rather than contrast their information. Here, we used a Bayesian approach, which
allowed us to draw from both chamber and tower data and obtain robust estimates of
patch-type fluxes across space and time.

Patch flux point measurements were collected using chamber incubations. We
established research plots in one representative of each patch type; plots had three
chamber locations approximately 2 m apart (total n = 15 chambers) and were
accessed by raised boardwalks to minimize disturbance. We sampled from two types
of chambers. In the grasses and sedges, we used static chambers (0.5 x 0.5 x 0.7 m)
consisting of aluminum frames covered by clear polycarbonate sheeting, with
aluminum lids, to accommodate tall (> 0.5 m) vegetation. In the forbs, SAV, and
open water plots we used floating chambers (0.4 x 0.4 x 0.35 m) made from clear
acrylic aquaria to avoid inducing mixing in deeper (> 0.3 m) water. Battery-powered
fans were placed in the larger static chambers to ensure a well-mixed headspace. For
both chamber types, sampling ports were located on top.

Chambers were sampled over a series of three campaigns in the summer of
2021. Campaigns were held in June, July, and September to target the early, peak,
and late phases of the growing season, respectively. During each weeklong campaign,
we selected three sampling days with similar weather forecasts (see Supplementary
Table S2.1 for more information on sampling conditions). All chambers were
sampled each day in full sunlight between 08:00 h and 18:00 h and in random order
by patch. We conducted an additional sampling day in November but did not include

it in the main analysis (data shown in Supplementary Figure S2.1). Water depth was
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monitored continuously with pressure transducers (Onset Computer Corporation,
Bourne, MA, USA) in shallow wells at our research plots in each patch type
(Supplementary Figure S2.2).

Chamber fluxes were measured with 30-min incubations. Gas samples were
taken at 10-min intervals (n = 4 per incubation) and stored in 12 mL evacuated vials
(Labco, UK). Methane concentrations were determined using gas chromatography
(SRI Instruments, Torrance, CA, USA) and corrected with in-chamber temperature
measurements. The average temperature change over the course of incubations was
2°C in static chambers and 3°C in floating chambers. Fluxes were calculated as the
linear rate of change in concentration, accounting for chamber volume and surface
area (Holland et al., 1999). Quality control was performed by visual inspection, with
the goal of ensuring linearity while retaining as many fluxes as possible. We removed
points suspected to be affected by vial leakage, chamber headspace saturation, or
excessive disturbance as indicated by deviation from linear trends (7.5% of total
points). Flux curves were retained if at least three points had an R? > 0.9 (Nahlik &
Mitsch, 2011) or if the rate was near zero (+ 1 mg CHs-C m 2 h™!). We retained near-
zero fluxes (including negative fluxes) to avoid biasing our results toward higher
fluxes (Repo et al., 2007). Because we took care to minimize effects of disturbance,
fluxes with large concentration jumps, presumably due to ebullition, were retained
unless they failed our statistical criteria. Out of 150 measured fluxes, 102 were
calculated using all four points, 45 had three points, and three were discarded.

Continuous wetland-scale CH4 fluxes were measured using EC (Baldocchi et

al., 2001). A 2.9 m tall flux tower located in the open-canopy area of the wetland was
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equipped with an open-path CHs analyzer (LI-7700; LI-COR, Lincoln, NE, USA) and
a sonic anemometer (WindMaster Pro; Gill Instruments, UK) to measure turbulent
fluctuations. Raw 10 Hz data was processed at 30-min intervals in EddyPro 7.0.9 (LI-
COR) using standard methods for sonic anemometer tilt correction, time series
detrending, time lag compensation, and statistical screening (Moncrieff et al., 2004;
Vickers & Mahrt, 1997; Wilczak et al., 2001). Fluxes were corrected for frequency
response (Moncrieff et al., 1997, 2004) and air density fluctuations (Webb et al.,
1980).

As with chamber measurements, we restricted our analysis to the summer
(June—September), which accounted for about 70% of 2021 CH4 emissions at our site
(Supplementary Figure S2.3). Fluxes were quality checked using standard tests for
stationarity and sufficient turbulence (Foken et al., 2012). We further removed
periods during which a plausible time lag was not identified (Eugster et al., 2011), the
CH4 mixing ratio varied excessively (Erkkild et al., 2018), or the friction velocity was
<0.1 ms™!' (Kljun et al., 2015). No gap filling was attempted.

Source areas of 30-min tower fluxes were estimated using a two-dimensional
analytical footprint model (Kljun et al., 2015). Given the micrometeorological
conditions during each flux averaging period, the model applied a source weighting
function to assign relative flux contributions to a 1-m grid around the tower (Schmid,
1997). All input variables were derived from tower data, except for atmospheric
boundary layer height, which was acquired from ERAS climate reanalysis data
(Hersbach et al., 2020). A description of the model including its definition and

parameterization can be found in Kljun et al. (2015).
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Although explicitly valid for homogeneous land cover, analytical footprint
models are commonly used in heterogeneous environments to attribute EC fluxes to
spatial features (Neftel et al., 2008). Studies examining flux uncertainty from
footprint calculations in such environments have found it to be relatively low (Morin
et al., 2017; Stoy et al., 2021); however, we acknowledge that flow inhomogeneities
across patch types can introduce error into our footprint estimates (Finnigan, 2004).
We took several steps to mitigate this bias. Aerodynamic roughness parameters were
determined empirically for each flux averaging period to account for the dependence
of flow conditions on wind direction (Neftel et al., 2008). Footprints were rejected if
excessive roughness concentrated the source area at the tower (peak crosswind-
integrated distance < 1 m). We also removed periods with negatively skewed absolute
humidity, indicating a potential low-frequency influence on fluxes from outside the
footprint area (Esters et al., 2021). Our final dataset included 2605 half-hourly CH4
fluxes and footprints (2219 day; 386 night).

Flux footprints were superimposed on a patch cover map to determine the
relative influence of each patch type on tower flux measurements (Figure 2.1). Patch
cover was mapped by hand using GPS-referenced field surveys and aerial imagery
(0.6 m resolution, color near-infrared; National Agriculture Imagery Program 2021).
For each 30-min period, footprint weights were summed by patch type within the
tower’s source area (Forbrich et al., 2011). Because the footprint model does not
define a 100% source area limit, we constrained our analysis to an 80% cumulative

footprint and rescaled weights to sum to unity (Chu et al., 2021).
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To estimate patch-type fluxes at a broader scale, tower flux data was modeled

as a simple weighted average:
n
Fp = Z ﬁ bit (2.1)
i=1

where F; is the observed tower flux at time t which integrates a source area composed
of n (= 5) patch types, ¢;; is the source area fraction of patch type i at time ¢t (i.e., a
patch type’s weighted contribution to the tower flux, determined with footprint
analysis as detailed above), and f, is the mean flux from patch type i. We excluded an
intercept because we assumed that the observed fluxes were influenced only by the
defined patch types (J. Kim et al., 2018). This model is widely used to “disaggregate”
fluxes in landscape-scale analyses (e.g., from airborne eddy covariance systems;
Hutjes et al., 2010) but less commonly within a single ecosystem. Equation 2.1 can be
made temporally explicit by including environmental response functions in a
hierarchical structure (e.g., with soil temperature; Levy et al., 2020); however,
because our focus was on estimates of f, (rather than predictions of F,), we did not
add parameters that could complicate the interpretation of f;. As such, f, should be
considered an estimate of the average flux from a patch type over the study period.

The model was parameterized using Bayesian linear regression. Bayesian
methods provide a robust representation of uncertainty and, importantly, allowed us
to incorporate prior knowledge on parameter distributions (Ellison, 2004). We set

normal priors on f;:

fi ~N (u;, 07) (2.2)
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where y; and g; are the median and median absolute deviation of chamber-measured
fluxes from patch type i, respectively. Posterior distributions of f; were estimated
iteratively using Markov chain Monte Carlo (MCMC) sampling with tower data. To
examine model sensitivity to the chamber prior, we ran a second version using
weakly informative priors (i.e., normal distributions with a large spread centered at
zero). We also ran the model separately for daytime and nighttime data
(Supplementary Figure S2.4). Models were evaluated by comparing the observed data
distribution with simulated datasets from the posterior predictive distribution (Conn et
al., 2018; Supplementary Figure S2.5). Models were fit in R using the rstanarm
package (Goodrich et al., 2020), based on the Stan probabilistic programming
language (Carpenter et al., 2017).

A potential concern with the model was multicollinearity among source area
fractions, hindering the independent identification of parameters. At our site, source
area fractions were correlated because patch types were unevenly distributed around
the flux tower (Figure 2.1). Although informative priors can mitigate multicollinearity
issues in Bayesian analyses (Pesaran & Smith, 2019), parameters in our model
without the chamber prior likely had some degree of dependence. Parameter
identifiability was assessed by examining pairwise correlations between MCMC

samples (Ogle & Barber, 2020; Supplementary Figures S2.6-2.7).

Statistical analysis

Variance in chamber flux data was partitioned into components using a linear

random effects model (Harrison et al., 2018). The model included terms for patch
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type, chamber (nested within patch type), and sampling campaign. We also evaluated
the patch type x campaign interaction. Days were considered replicates because we
intentionally selected sampling days with similar weather conditions. The model was
fitted with restricted maximum likelihood using the R package /me4 (Bates et al.,

2015). Fluxes were power transformed (Yeo-Johnson) to stabilize variance.

Results

Patch vegetation

Graminoid patch types (sedges and grasses) were most productive according
to both aboveground biomass and leaf area index (Table 2.2). Emergent forbs and
SAV had greater leaf area relative to biomass than did graminoids, indicating more
allocation of resources to leaf tissue, but aboveground biomass was lower overall in
these patches. Sedges had the highest aboveground biomass and leaf area index (361
g m 2 and 3.20 m? m 2, respectively) and were further characterized by a long
growing season (Table 2.2). Compared with the dominant grass, the dominant sedge
in our research plots (Carex striata) began green-up earlier, peaked earlier, senesced
later, and had a longer active phase (Figure 2.2). Phenology also differed between C.
striata and other dominant sedges/rushes, with all three species exhibiting unique

greenness patterns (Figure 2.2).
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Empirical distributions of patch-type fluxes

Chamber flux distributions had distinct shapes among patches (Figure 2.3).
Most open water fluxes were low (median flux = 0.591 mg CHs-C m™2 h™!); some
negative fluxes were observed but were likely below the detection limit. Graminoid
patches (grasses and sedges) had the highest median fluxes (16.1, 16.3 mg CH4-C m™2
h™!, respectively) and were positively skewed. Fluxes from SAV and forbs (median =
6.50, 7.09 mg CHs-C m 2 h™!, respectively) were centered between open water and
graminoids, spanned almost the full range of fluxes, and had a strong positive skew.
The maximum flux was between 32 and 46 mg CH4-C m ™2 h™! for all vegetated

patches.

Temporal variability in fluxes within patches

Relative differences between patch fluxes were generally consistent over time
(Figure 2.4). Graminoid (sedge and grass) fluxes were always highest and never fell
below 5 mg CHs-C m 2 h™!. Forbs and SAV were most variable among campaigns,
but their median fluxes never exceeded those of graminoids. All patch fluxes peaked
in July, except for grasses, which decreased with time. Fluxes from forbs and SAV
were positively skewed for all campaigns, i.e., these patches had occasional elevated
fluxes throughout the summer. Open water fluxes never exceeded 2.2 mg CHs-C m™2
h™! and were always lowest.

Variability among patches was the largest source of chamber flux variability
in our study design (Supplementary Table S2.2). According to our variance

component model, patch accounted for 65.4% of the variance in power-transformed
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flux, followed by chamber (4.1%) and campaign (2.2%). The patch x campaign
interaction had a negligible effect on the model fit and was removed from the
analysis. We suspected that low open water fluxes were partially responsible for the
large patch contribution, so we repeated the analysis with vegetated patches only
(Supplementary Table S2.2). This reduced the patch component, but patch (19.8%)
remained larger than chamber (10.8%) and campaign (7.0%). In other words, patch
variability was greater than temporal variability (among campaigns) and spatial
variability within patches. Excluding open water increased the residual unaccounted

variance (including among sampling days within campaign) from 28.3% to 62.4%.

Summer patch-type fluxes

Over an expanded spatial and temporal inference space, flux tower data
supported the patch variability identified with static chambers (Figure 2.5). Tower
estimates had a similar pattern to chamber data, with highest fluxes from graminoid
patches, lowest from open water, and both SAV and emergent forbs falling
somewhere in between. Incorporating tower data reduced the uncertainty around
mean patch type fluxes, as we expected given the amount of flux tower data relative
to chamber measurements. Sedge uncertainty remained relatively high, likely because
sedge patches were concentrated furthest from the tower and thus had a small
contribution to the flux footprint (Figure 2.1; mean source area fraction = 0.6%). Prior
distributions specified using chamber data had little effect on patch-type flux
estimates; that is, our model produced similar results regardless of whether prior

information on patch fluxes was provided. The most notable departure from chamber
61



data was the lower model estimate for grasses. Our model also indicated a small but
nonnegligible source of CH4 from open water, greater than what we measured with

floating chambers.

Discussion

Patches have distinct CH4 flux distributions

Chamber sampling in our wetland revealed that the distribution of CH4 fluxes
had distinct shapes among patch types. This suggests strong spatial variability in the
processes driving CH4 fluxes and supports a patch-specific framework for wetland
ecosystem flux. Below, we describe the observed flux distributions and mechanisms
that may differentiate them.

Fluxes from sedge and grass (graminoid) patches were consistently highest
and had few extremes. Studies across ecoregions and wetland types have shown that
graminoid vegetation is a strong source of CH4 (Akhtar et al., 2020; Bao et al., 2021;
e.g., Turetsky et al., 2014). This is partly because dominant graminoids are generally
productive, which is considered a driver of wetland CH4 fluxes (Whiting & Chanton,
1993). In our wetland, graminoid productivity was indicated by greater aboveground
biomass and leaf area index (Table 2.2). These traits have been linked to, for
example, inputs of litter and root exudates (Goud et al., 2017; Sutton-Grier &
Megonigal, 2011), which can fuel methanogenesis directly as substrate and indirectly
by priming the decomposition of complex soil organic matter into compounds more

readily accessible to methanogens (Waldo et al., 2019). We did not measure
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belowground biomass, which interacts more directly with CH4-cycling microbes and
does not always correlate with aboveground vegetation parameters (Maittd &
Malhotra, 2024). However, the relationship between biomass and CH4 fluxes depends
on species and abiotic factors (Bhullar, Iravani, et al., 2013; Kao-Kniffin et al., 2010),
indicating that productivity alone is insufficient for explaining plant influences on
fluxes.

Plant-mediated transport may also be a factor in high graminoid fluxes.
Although all the dominant plants in our wetland develop aerenchyma, graminoid
species have highly conductive vascular tissue and extensive root systems, making
them effective conduits for CHy to the atmosphere (Bhullar, Edwards, et al., 2013; Ge
et al., 2023). The same traits can also increase radial oxygen loss and stimulate CH4
oxidation (Kao-Kniffin et al., 2010; Sutton-Grier & Megonigal, 2011); however,
given the high fluxes in graminoid patches, the net effect of these patches on fluxes
was evidently positive (McEwing et al., 2015). Along a porewater depth gradient in
our study wetland, CH4 concentrations were reduced in graminoid rooting zones
(Sharp et al., 2024), which is characteristic of plant-driven CHy transport and
rhizosphere oxygenation (van den Berg et al., 2020).

The efficiency of plant-mediated transport can suppress other flux pathways
(e.g., ebullition; van den Berg et al., 2020), resulting in a CH4 signal dominated by
plant ventilation. The graminoids in our wetland exchange gases passively, so their
influence on CHj is likely to be steady rather than, for example, driven by intermittent
plant processes (Vroom et al., 2022). Standing litter was abundant in graminoid

patches (e.g., 115 g m 2 on average in Carex striata quadrats; data not shown) and
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can be an additional passive conduit for CH4 (Carmichael et al., 2014). Thus, plant-
mediated transport may explain the relative consistency (i.e., few outliers) in our
graminoid flux measurements.

Fluxes from emergent forbs and SAV were strongly skewed, indicating that
episodic emissions may account for a large proportion of fluxes from these patches.
Compared with graminoids, leaf area index of emergent forbs and SAV was lower
(Table 2.2), possibly reflecting less potential surface area for gas exchange and
reduced plant-mediated flux (Villa et al., 2020). Root traits such as shallow depth,
low surface area, and higher tissue density may also limit vascular gas transport in
both emergent forbs and SAV (Andrews et al., 2013; Bhullar, Edwards, et al., 2013).
Nevertheless, C inputs in these patches could support high CH4 production (Theus et
al., 2023), and without an efficient plant conduit, CH4 can quickly accumulate in the
sediment. These conditions promote CH4 oversaturation and ebullition (Grasset et al.,
2019), which could account for episodic fluxes. Others have noted the importance of
ebullition in SAV patches (Barbosa et al., 2021; e.g., Jeffrey et al., 2019; but see Villa
et al., 2021), and our results highlight that the primary flux pathway may differ
between patch types.

Despite being flooded for the length of the study, open water (no vegetation)
fluxes remained close to zero. Although we cannot rule out unmeasured pulses,
concurrent work in our study wetland revealed high soil porewater CHa
concentrations beneath open water (Sharp et al., 2024), which could suggest an
increased residence time of CH4 produced in the soil. Open water was found in the

deepest areas of our wetland (Table 2.1), and, without ebullition and plant conduits as
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efficient transport pathways, most flux likely occurred via slow diffusion. These
factors increase the opportunity for CHs oxidation by methanotrophs (Rey-Sanchez et

al., 2018), and may have moderated open water fluxes in our system.

Patches are an important source of variability in CH4 flux

Fluxes varied more between than within patches, suggesting that vegetation
patchiness is important in explaining spatial heterogeneity in wetland CH4 flux. Our
chambers were placed approximately 2 m apart within patches, so spatial
autocorrelation was likely a factor; however, extreme variability has been observed at
even shorter distances (Teh et al., 2011; Yavitt et al., 2018). Within vegetated
patches, spatial variability in fluxes may be related to local heterogeneity in soils
(Briones et al., 2022) or plant density (Theus et al., 2023). Stem counts varied among
chambers within our emergent vegetation patches (e.g., coefficient of variation = 38%
for grasses; data not shown), but this was not accompanied by a similar degree of flux
variability. Thus, differences between patch types appear to outweigh any effects of
within-patch biotic and abiotic heterogeneity on CHs fluxes.

Variability among summer sampling campaigns was low. Our results follow
Turner et al. (2020) and Korrensalo et al. (2022), who observed low intraseasonal
variability in CH4 fluxes from vegetated patches during the growing season. The
relative differences between patches were consistent during the summer and on an
additional sampling day in November (Supplementary Figure S2.1), suggesting that
patches responded similarly to shifts in seasonal conditions. One exception, however,

was a decrease in fluxes from grasses relative to sedges (Figure 2.4), which may be
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related to phenological differences. The dominant grass, Panicum hemitomon, had a
steeper decline in greenness than Carex striata, the dominant sedge in our chamber
plots (Table 2.2; Figure 2.2). This could result in lower CH4 fluxes, for example, due
to reduced C input to the rhizosphere (Helfter et al., 2022).

Over a full annual cycle, variation in patch plant phenology may be an
important determinant of a wetland’s annual CH4 budget. Plant phenology is a
functional quality of vegetation patches with respect to CH4 flux, and temporal
dynamics in general should be considered intrinsically linked to spatial heterogeneity
in wetlands (Hammond & Kolasa, 2014). In our temperate depressional wetland,
active phase (indicated by the temporal pattern in greenness) varied among graminoid
species and was 67 days longer for the dominant sedge than for the dominant grass
(Table 2.2; Figure 2.2). A longer active phase could imply an extended supply of
fresh substrate and a prolonged time when aerenchyma tissue is fully developed and
can optimally transport gases (Vazquez-Lule & Vargas, 2021). Based on this
difference, we expect sedges to be a greater per-area CH4 source relative to grasses

than our summer measurements would suggest (Figure 2.5).

Patch variability scales over space and time

By incorporating flux tower data, we found that our chamber measurements
signified a broader pattern of spatial variability in the study wetland, where CH4
fluxes varied systematically by patch type. Our results support previous studies
suggesting that wetland vegetation patches serve as “environmental integrators”,

representing distinct arrays of co-occurring CHy drivers (Couwenberg et al., 2011;
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Davidson et al., 2016). Thus, it is likely that wetland-scale CH4 fluxes depend on
patch composition, and efforts to model and inventory wetland CH4 should account
for differences among patch types.

The persistence of a patch signal across a wide range of spatial and temporal
variability suggests that CHs4 flux is a functional property of vegetation patches. Our
flux tower footprint covered an area of heterogeneous patch composition across a
hydrologic gradient within the wetland depression (Figure 2.1). Temporally, our data
spanned fluctuations in temperature, water level, and other environmental variables
within the growing season (Supplementary Figures S2.2-2.3). Diel variability was
also captured, although to a limited extent as most nighttime fluxes were removed by
quality control measures (as is common in EC; Y. Kim et al., 2020). Therefore, it is
likely that the patch variability in our wetland is driven by differences in underlying
CH4 dynamics that influence fluxes irrespective of spatial and temporal context.

Unvegetated open water was a minor source of CHy in our study. Our model
estimate of open water fluxes was higher than chamber measurements alone (Figure
2.5), suggesting that chamber sampling may have missed a small but nonnegligible
CHy4 source from this patch type. This underscores the need for high-frequency
measurements to capture “hot moments” in CHy fluxes, which can contribute
disproportionately to CH4 budgets (Anthony & Silver, 2021). Nevertheless, open
water fluxes were the lowest of the patch types. Flux estimates from our model
closely resembled measurements from forested, closed-canopy Delmarva bay
wetlands that lacked emergent vegetation (Hondula et al., 2021). This suggests that

flux estimates for specific patch types may have broader applicability across
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landscapes, although literature on this topic is limited. Some previous studies also
reported low open water fluxes (e.g., McNicol et al., 2017; Rey-Sanchez et al., 2018),
while others found them to be relatively high (e.g., Villa et al., 2021). Further
investigation is warranted to determine the factors driving variability in patch-type
fluxes among wetlands, and the extent to which patch influence can be generalized
across landscapes.

Although the chamber and tower data were remarkably consistent with respect
to patch-type fluxes (Figure 2.5), there were some differences between the two
methods. These results highlight the importance of combining, rather than
contrasting, measurements at different scales to interpret wetland fluxes (Morin et al.,
2017). Bayesian methods provide an intuitive means of incorporating prior
information, and we recommend these methods for studies aiming to reconcile flux
measurement approaches.

Tower estimates were generally lower than chamber fluxes (Figure 2.5),
which is a common finding in studies using both methods (Erkkild et al., 2018; e.g.,
Krauss et al., 2016). For emergent forbs, within-type spatial variability may have
contributed to this discrepancy. This patch type had multiple dominant species; our
forb chambers were placed in a Persicaria hydropiperoides patch, but we observed
other patches near the flux tower dominated by Ludwigia sphaerocarpa and
Proserpinaca spp. that may have had lower fluxes. Because CH4 fluxes can vary
among species within vegetation types (Strom et al., 2005), we expect within-type
variability to increase with the number of dominant species in a wetland. However,

mapping wetlands at the species level may be an impractical solution for scaling
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fluxes, and may limit the geographic applicability of flux estimates (Gray et al.,
2013). Instead, research should focus on identifying plant or environmental attributes
that efficiently distinguish patches based on their CHy4 fluxes (Laine et al., 2022).

Grass fluxes estimated by our tower model were considerably lower than our
median chamber measurement (Figure 2.5). This difference may reflect unmeasured
spatial heterogeneity (e.g., in plant density or soil chemistry), but an alternative
explanation is that our intermittent chamber sampling did not adequately capture the
temporal dynamics specific to the dominant grass, Panicum hemitomon. Between our
July and September sampling campaigns, water levels receded below the soil surface
in some areas (Supplementary Figure S2.2), which may have disproportionately
affected CH4 fluxes from grass patches. P. hemitomon grows optimally under flooded
conditions (Holm & Sasser, 2008), and we observed a rapid decline in its greenness
concurrent with drying, followed by a recovery upon flooding (midway between Jul
’21 and Oct 21 in Figure 2.2). This response was similarly pronounced for only one
of the three dominant sedge/rush species and not for the sedge found in our chamber
plot (Carex striata; Figure 2.2). Hence, grasses may have undergone a disturbance
that temporarily reduced their ability to facilitate CH4 flux and resulted in a lower
estimate than our chamber data. This hypothesis could be tested to determine the
importance of disturbance events on wetland patch fluxes.

Our study conceptualized a spatially heterogeneous wetland as a mosaic of
fixed patch types. Although this framework revealed an important pattern of patch
variability, it can be extended in several ways. We suggested that plant phenology

may contribute to patch differences, and, in general, overlaying temporal
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environmental data (e.g., water level, temperature, nutrients) may be necessary to
fully understand how fluxes vary among patches (Levy et al., 2020). The spatial
distribution of patches is dynamic, especially when wetlands are newly restored,
recovering from disturbance, or influenced by external stressors (Antonijevi¢ et al.,
2023; McKown et al., 2021; Taddeo & Dronova, 2020). Intra-annual shifts in patch
distribution may even occur in some systems (Jeffrey et al., 2019). Patches may
interact, meaning that configurational aspects such as patch size, shape, and
arrangement can influence processes (M. G. Turner, 2005). This has been largely
unexplored in the context of wetland CH4 fluxes, but Matthes et al. (2014) found that
the fractal dimension of vegetated patches explained variability in fluxes beyond
patch composition alone. Finally, vegetation patches may not fully capture the spatial
variability of CH4 drivers (Briones et al., 2022), and the best representation of spatial
heterogeneity likely involves a combination of discrete and continuous approaches

(Gustafson, 1998).

Interdependence of vegetation and environmental influences

We have proposed various biogeochemical mechanisms that may contribute to
patch variability in CH4 fluxes, but we were unable to determine whether vegetation
or the environment were the dominant drivers. Distinguishing these sources of
variability is an important avenue for future research on, for example, the impacts of
non-native plant colonization (Bezabih Beyene et al., 2022) and strategies to
minimize CH4 emissions in restored or created wetlands (Silvey et al., 2019).

However, separating vegetation and environmental effects may not always be
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feasible. The abiotic environment (e.g., hydrology, soil physicochemical properties)
controls plant survival and growth, while plants, in turn, modify the environment
through processes like transpiration and root exudation (Moor et al., 2017). Further,
many plant functional traits reflect both species identity and environmental context
(i.e., “response traits”’; Engelhardt, 2006). For example, root aerenchyma
development is a species-specific trait that can affect CHs cycling, but its expression
depends on flooding and oxygen availability during growth (Smirnoff & Crawford,
1983). A reductionist approach may therefore overlook the entanglement of
vegetation and environmental influences, and a more nuanced understanding of
spatial heterogeneity may be gained by exploring how these factors interact to shape

ecosystem processes.

Conclusions

We showed that wetland vegetation patches exhibit distinct CH4 signals
throughout the growing season, likely driven by differences in the mechanisms that
regulate fluxes. Our results demonstrate that patch types are important for
understanding spatial variability in wetland CH4 fluxes and support the incorporation
of a patch-explicit representation to reduce CH4 uncertainty in process-based models
and inventories (Dinsmore et al., 2009). Amidst global change, accounting for patch
variability is essential even when ecosystem-scale flux measurements are available as
shifts in vegetation cover are expected to affect greenhouse gas exchange, and certain
patch types may respond disproportionately to wetland-scale disturbance (Rietl et al.,

2017; Urbanova et al., 2012). Attributing patch-specific CH4 fluxes could also inform
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practices to minimize greenhouse gas emissions in managed and restored wetlands
(Tak et al., 2023), although these strategies must be balanced with targeted ecosystem
services (e.g., nutrient retention; Kasak et al., 2020). In addition to CH4 flux, other
consequential wetland processes may be best represented at the patch scale, and
further research should address the extent to which patches drive spatial heterogeneity

in wetland ecosystem processing.
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Tables

Table 2.1. Description of wetland patch types. Plant species in bold were dominant in
our study plots. Open water patches had no visible plants. Note that P. palustris has
both aerial and aquatic growth forms.

Patch type Dominant plant species Avg. Chamber  Approx.
water type coverage®
depth
(m)?

Submersed Juncus repens, 0.41 Floating  28%

aquatic Proserpinaca palustris,

vegetation Utricularia sp.

(SAV)

Emergent forbs  Persicaria 0.32 Floating  17%

hydropiperoides,

Proserpinaca spp.,
Ludwigia sphaerocarpa

Sedges/ Carex striata, Juncus 0.18 Static 35%
rushes effusus, Eleocharis

quadrangulata
Grasses Panicum hemitomon 0.24 Static 10%
Open water n.a. 0.44 Floating  11%

2June—September
Excluding forested area around wetland margin
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Table 2.2. Plant productivity in vegetated patches. Biomass and leaf area index are
means with standard errors in parentheses (n = 3 quadrats) for live material only,
sampled on DOY 259. Peak greenness and active phase were determined by
analyzing digital repeat photography as described in Section 2.2. n.r. = not recorded.

Patch type Aboveground Leaf area Peak Active
biomass, g m 2 index, m> m2  greenness, phase
DOY length,
days

Submersed 349 (6.9) 0.61 (0.10) n.r. n.r.

aquatic

vegetation®

Emergent forbs 83.6 (15.3) 0.93 (0.18) n.r. n.r.

Sedges/ 361 (30.9) 3.20 (0.27) 181 239

rushes®

Grasses 255 (15.8) 2.15(0.14) 195 172

“Biomass data from Sharp et al. (2024); leaf area estimated using a scaling
relationship for Juncus bulbosus (morphologically similar to J. repens; Jamoneau et

al., 2017)

®Carex striata-dominated patches
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Figure 2.1. Distribution of patch types and flux tower source area in the study
wetland. The triangular symbol indicates the location of the flux tower. Contour lines
refer to the cumulative flux footprint from all half-hourly measurements (n = 2605).
All static chambers plots (square symbols) were located within the 90% footprint
contour. SAV = submersed aquatic vegetation.
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Figure 2.2. Species-specific phenology for dominant grasses (a) and sedges/rushes
(b—d) in the study wetland in 2021. Greenness index is the green chromatic coordinate
(GCC) derived from digital repeat photography and is shown as smoothed curves on
top of 3-day point values. Species are shown on different GCC scales to emphasize
individual temporal patterns. Shaded areas denote a plant’s active phase, defined as
the period when GCC is greater than 10% of its seasonal amplitude.
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Figure 2.3. Patch chamber flux distributions. Individual measurements (n = 25-27
per patch) are shown as tick marks below smoothed density curves. Density was
estimated using a joint bandwidth for all patches. SAV = submersed aquatic
vegetation.
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Figure 2.4. Patch flux boxplots for the three sampling campaigns. Fluxes (n = 89 for
each patch per campaign) were measured using chambers in 2021. Campaigns
consisted of three sampling days during which three chambers were sampled in each
patch. Diamonds are patch-campaign means and colored points lie outside 1.5 times
the interquartile range. SAV = submersed aquatic vegetation.
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Figure 2.5. Estimates of average growing season CH4 fluxes for wetland patch types
from a model using both chamber and tower data (“Chamber & tower” model). The
model was a Bayesian linear regression of tower flux on patch source area fraction
data, with chamber data as priors on patch flux parameters. Estimates from a model
with weakly informative priors (“Tower” model) and from prior probability
distributions (“Chamber” model) are also shown. Points and intervals are medians
and 80% uncertainty. SAV = submersed aquatic vegetation.
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Supplementary materials

Table S2.1. Wetland conditions during chamber sampling campaigns in 2021. Values
are given for each day as means and ranges over the time chambers were sampled.
Ranges are omitted for soil temperature and water level as diel variability was low.
All variables were measured at the flux tower, located centrally in the wetland. Note
that these do not necessarily represent chamber conditions. PPFD = photosynthetic
photon flux density, a measure of sunlight intensity.

Campaign-  Air temp., °C Soil Relative PPFD, Water
Day temp., humidity,  pmol m?s! level,
°C % m

June-1 29.2 (26.1- 23.0 75 (67— 1045 (518- 0.27
30.9) 87) 1482)

June-2 21.6 (19.1- 21.6 44 (40— 1548 (1083— 0.28
23.0) 54) 1809)

June-3 23.2 (22.4- 21.3 48 (46— 1553 (1017— 0.27
23.7) 54) 1833)

July-1 29.5 (28.0- 22.7 70 (52— 814 (125- 0.15
31.9) 83) 1222)

July-2 31.7 (30.1- 22.8 56 (52— 1451 (1171- 0.14
32.9) 66) 1701)

July-3 27.7 (25.7- 22.8 79 (73— 978 (825— 0.12
29.7) 86) 1138)

Sept.-1 28.1 (26.4— 222 66 (62— 1057 (753- 0.40
29.7) 72) 1301)

Sept.-2 28.9 (26.1- 23.0 67 (57— 1216 (884— 0.39
30.6) 82) 1451)

Sept.-3 25.1 (23.4- 23.5 85 (82— 493 (335-579)  0.39
26.2) 91)

Nov.-1 15.3 (15.1- 16.5 46 (37— 974 (781- 0.38
15.7) 61) 1128)

80



Table S2.2. Variance component analysis of power transformed chamber CH4 flux
data. Variance was partitioned between patch types (patch), June, July, and
September sampling campaigns (campaign), and flux chamber nested within patch
(chamber). Days within campaigns (n = 3 each) were considered replicates in the
study design. Analysis was conducted with all patch types and separately with only
vegetated patches.

All patches Vegetated patches
Component N Variance % of total N Variance % of total
groups variance groups variance
patch 5 2.00 65.4 4 0.290 19.8
chamber 15 0.125 4.09 12 0.159 10.8
campaign 3 0.0666 2.18 3 0.103 7.04
Residual - 0.866 28.3 - 0.916 62.4
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Figure S2.1. Patch CH4 fluxes sampled with chambers in November 2021 (n = 3 per
patch over one day). Points are medians; lines are ranges. Note the different scale
from Figure 2.4 in main text. SAV = submersed aquatic vegetation.
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Figure S2.2. Variation in patch water depth during the study period in 2021.
Measurements were taken using pressure transducers at research plots and averaged
daily. SAV = submersed aquatic vegetation.
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Figure S2.3. Variation in 2021 of wetland a) methane flux, b) air and soil
temperatures, c) relative humidity, d) photosynthetic photon flux density, and e) water
depth. All variables were measured at the flux tower and averaged daily. The light
shaded area is our study period (Jun.—Sep.); dark shaded areas mark sampling
campaigns.
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Figure S2.4. Estimates of average summertime CH4 fluxes for patch types from
daytime (n = 2219) and nighttime (n = 386) subsets. SAV = submersed aquatic
vegetation.
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Figure S2.5. Posterior predictive checks for patch flux models without (a) and with
(b) chamber priors. Posterior predictive distributions of CHs flux (y,¢p; n = 200) were
simulated by drawing from the posterior distributions of patch-type flux parameters.
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87




021 3 0.211 0.211 T 0211
0.184 0.18 . 0.184 ‘ 0.184 \
0.15- 3 0.15 0.151 0.151
T T Al T 0.124 T T T 0l 0.124 0 T T T
0.15 00 02 04 06 020 022 024 026 -0.025 0.000 0.025 0.050 0.07!
0.201 0.204 0.204
0.154 e 0.154 . 0.15
0.10 . 0.104 3 0.104 ;
0.054 0.05 0.051
012 015 018 021 024 00 02 04 06 021 023 025 027 -0.020.00 0.02 0.04 0.06
Sedges/rushes
064 0.6 0.64
024 0.24 0.24 w—
00— 0.0 ; ; . 001, , , . R T T T o
0.1250.1500.1750.200 0.225 005 010 015 02 00 02 04 06 020 022 024 026 -0.02 0.00 0.02 0.04 0.06
027 027 0.271 Grasses
0.261
025 025 0.251
- 0.24 g
0234 . 0.234 0.231 1
L 0.221 p
0214 021 0211
0.20-
012 015 018 021 024 005 010 015 020 00 02 04 06 019 021 023 025 027 -0.025 0.000 0.025 0.050 0.07"
Open water
0.061 0.06 1 0.06 0.06
0.03- \ 0.031 ‘ 0.034 * 003 ,
0.00 a 0.00 ’ 0.00 4 0.00 -5
0034, A 003l  -0.034 . —1 003 —
012 015 018 021 024 005 010 015 020 00 02 04 06 021 023 025 027 0.00 0.05

Figure S2.7. Same as previous, but for model with chamber priors. Specifying
chamber priors reduced the correlation between some posterior distributions, notably
SAV-grasses, SAV-open water, and grasses-open water.
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Chapter 3: Contrasting temporal drivers of methane flux across

land uses in freshwater wetlands

Abstract

Wetlands are collectively the largest natural source of methane (CHs), and
CHy4 fluxes complicate the climate mitigation potential of wetland restoration. While
land-use change has well-documented effects on wetland features such as soils,
vegetation, and hydrology, it is unclear how the collective disturbance influences CH4
fluxes. We investigated temporal dynamics of CH4 fluxes across three freshwater
mineral-soil wetlands with distinct land-use histories: a natural wetland, a restored
wetland, and a cultivated former wetland. Using four years of continuous eddy
covariance data, we quantified interactions between biophysical drivers, including
soil temperature, gross primary productivity (GPP), and hydrologic variables and CH4
flux at multiple time scales. We found that GPP was the primary driver of diel CHy
fluxes at the wetlands, but diel CH4 fluxes were inversely related to GPP, with higher
fluxes at night. At the seasonal scale, wetland CH4 flux was strongly influenced by
soil temperature and water level, with state dependency evident in these drivers.
Overall, 20 years after restoration, the restored wetland had similar CH4 dynamics to
the natural wetland, indicating convergence in underlying processes. As human
activities continue to impact wetlands globally, understanding how wetland processes
vary among land uses is imperative for predicting and managing wetland greenhouse

gases.
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Introduction

Wetland restoration has been cited as a way to enhance the Earth’s carbon (C)
sink, but methane (CH4) emissions from restored wetlands complicate the net climate
impact of these systems (Hemes et al., 2018). Globally, >50% of all wetland area has
been lost, primary by drainage and conversion to agricultural land uses (Davidson,
2014; Zedler & Kercher, 2005). Undisturbed wetlands can be strong C sinks due to
high primary productivity and low rates of decomposition in saturated soils (Brinson
et al., 1981); thus, wetland restoration may be an effective method for capturing and
storing C from the atmosphere (Valach et al., 2021). However, this potential climate
benefit comes at the cost of CH4 emissions. CHa, a potent greenhouse gas, is
produced under reducing conditions found in saturated wetland soils (Bridgham et al.,
2013). The radiative forcing of CH4 acts on a shorter time scale than COa, so the
climate effects of CH4 emission are felt more immediately than those of CO> uptake
(Neubauer, 2014). There is currently no clear consensus on the net impact of wetland
restoration on short-term climate mitigation goals (Giinther et al., 2020; Hemes et al.,
2018; Schuster et al., 2024). Therefore, a better understanding of CH4 fluxes from
restored wetlands is urgently needed to accurately estimate greenhouse gas budgets as
well as develop management strategies for restored wetlands to optimize their climate
mitigation (Laine et al., 2024).

The role of disturbance legacy in wetland CHg4 fluxes is highly uncertain
(Abdalla et al., 2016; Petrescu et al., 2015). Generally, drained wetlands emit less

CHj4 than undrained wetlands (Sakabe et al., 2018), and fluxes increase when flooding
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and reducing conditions are reestablished (Audet et al., 2013). Studies comparing
restored wetland fluxes to those of least-disturbed (hereafter “natural”) wetlands,
however, have yielded a wide range of conclusions. For example, differences have
been attributed to ecosystem properties, such as C substrate chemistry (Wang et al.,
2021), microbial abundance (Juottonen et al., 2012), and flooding duration (Pereyra
& Mitsch, 2018). Other studies have found similar fluxes from restored and natural
wetlands (Badiou et al., 2011; Morse et al., 2012). Importantly, the development
trajectories of restored wetlands are unique and cannot be assumed to progress
towards “natural” or historical reference conditions (Kreyling et al., 2021; Matthews,
2015).

Understanding ecosystem processes is central to restoration (Marin-Spiotta &
Ostertag, 2016). Wetland processes are altered by disturbance (Moreno-Mateos et al.,
2012), and often exhibit nonlinear and lagged responses to restoration (Ballantine &
Schneider, 2009; Moreno-Mateos et al., 2015). Ecosystem structure (e.g.,
geomorphology, plant composition) can recover quickly following wetland
restoration; thus, the convergence of ecosystem structure towards reference
conditions does not ensure the same for ecosystem processes (Sutton-Grier et al.,
2010).

Relationships with temporal drivers may improve our understanding of CH4
processes in restored wetlands. While static measures such as average fluxes and
annual budgets are important for calibrating greenhouse gas inventories, these
approaches only capture discrete time periods and may overlook important dynamics

of wetland processes (Zedler & Callaway, 1999). Instead, a more complete picture of
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restored wetland CH4 flux may be achieved by investigating how fluxes respond to
environmental drivers (Suding et al., 2016). Few studies to date (e.g., Bortolotti et al.,
2019) have compared drivers of processes in restored and natural wetlands, and more
are needed to assess how processes evolve in actively developing restored wetlands
(Kalhori et al., 2024). This approach is especially relevant given that climate change
and other anthropogenic pressures will likely shift baseline conditions for key CHg4
flux drivers (Erwin, 2009; Moomaw et al., 2018).

There are numerous drivers of CHs4 flux, but temperature, vegetation, and
hydrology represent fundamental constraints on wetland CH4 dynamics (Delwiche et
al., 2021; Turetsky et al., 2014). Temperature limits enzyme activity, which
determines the maximum metabolic rates of methane-cycling microbes (Yvon-
Durocher et al., 2014). Vegetation, specifically its primary productivity, provides a
supply of organic matter that ultimately serves as a substrate for methanogens and
fuels CH4 production (Whiting & Chanton, 1993). Plant productivity is also linked to
the flow of gases through plant tissues, which can both suppress fluxes by
oxygenating the rhizosphere and enhance fluxes by allowing an efficient route for
CHy4 to the atmosphere (Laanbroek, 2010). Finally, the hydrologic regime represents
the soil redox state and the presence of anaerobic conditions, which affect the balance
between CH4 production and oxidation (Whalen, 2005).

Despite established mechanisms linking biophysical drivers to CHs flux,
empirical relationships are complex and difficult to disentangle (Guo et al., 2024).
Temporal dynamics in relationships largely arise from nonlinear and synergistic

responses to drivers (Runge et al., 2019). For wetland CH4 flux, temporal dynamics
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often appear as lag effects (e.g., Tangen & Bansal, 2019), time scale emergence (e.g.,
Rinne et al., 2018), and hysteresis (e.g., K.-Y. Chang et al., 2021). Accounting for
temporal dynamics is important for identifying relationships, and doing so may reveal
additional details about the mechanisms involved in a process (Ryo et al., 2019). For
example, lags between changes in water level and CH4 flux have been linked to
alternative electron acceptor availability and methanotroph activity (Tangen &
Bansal, 2019). As a result of this complexity, observed relationships between CHy
flux and biophysical drivers vary among individual wetlands, depend on analysis
technique, and are generally poorly constrained (Knox et al., 2021; Murguia-Flores et
al., 2023).

In this study, we investigated the temporal dynamics of CH4 flux in a natural
wetland, a restored wetland, and a drained former wetland that is now cultivated. We
asked: how do CHy fluxes respond to biophysical drivers in wetlands with varying
land use histories? We examined four years of continuous flux data along with
measurements of soil temperature, primary productivity, and hydrologic variables as
biophysical drivers. Our results offer insight into the ecosystem processes involved in
CH4 flux and how a legacy of disturbance may influence fluxes from restored

wetlands.
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Methods

Study sites

This study was performed on the Delmarva Peninsula, within the mid-Atlantic
US coastal plain region. The climate is humid subtropical, with a mean annual
temperature of 13°C and a mean annual precipitation of 1200 mm (30-year normal,
PRISM climate mapping system). The low-gradient landscape contains thousands of
freshwater depressional wetlands (i.e., “Delmarva bays”; Fenstermacher et al., 2014).
Delmarva bays typically have mineral soils and exhibit seasonal hydrologic patterns
that are coupled to the local groundwater table and largely driven by
evapotranspiration and precipitation (Phillips & Shedlock, 1993). Heavy agricultural
activity in the region has resulted in the conversion of an estimated two-thirds of
Delmarva bays to cultivated land uses since colonization (Fenstermacher et al., 2014).
Recently, government programs (e.g., USDA Natural Resource Conservation
Service’s Wetland Reserve Program and Conservation Reserve Program) have
initiated the ecological restoration of some cultivated wetlands (Yepsen et al., 2014).

We collected data from three sites representing distinct land use types. All
sites were located within 1.5 km of each other. One is a least-disturbed (hereafter
“natural”’) wetland. Although this wetland has likely been affected by regional-scale
disturbance such as groundwater withdrawal (Lee et al., 2019), according to historical
imagery, it has not been directly impacted by agriculture since at least the 1950s and
has been used as a reference system in previous studies (e.g., Spadafora et al., 2016).
Herbaceous vegetation in the natural wetland is dominated by Carex striata and

interspersed with woody Clethra alnifolia and Vaccinium corymbosum, which are
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increasingly abundant towards the forested margin. The second site (“restored”) was
briefly drained and used as a pasture in the 1980s and was restored in 2003 by
plugging drainage ditches, felling encroaching trees, and planting native vegetation
(Spadafora et al., 2016). Vegetation in the restored wetland is more heterogeneous,
with patches of C. striata, Panicum hemitomon, and Persicaria hydropiperoides,
among others, and a large area of submersed vegetation and open water in the center
of the depression. The third site (“cultivated”) is ditch-drained and cultivated with a
corn/soy rotation. The drainage ditch contains emergent and submerged herbaceous
vegetation and has a ~10 m vegetated buffer strip that is mowed every year in the late

sSummer.

Instrumentation and data acquisition

We measured continuous ecosystem-scale fluxes from 2019 to 2022 using the
eddy covariance (EC) method. Flux towers were installed in 2018 at each site,
positioned centrally, and are approximately 3 m tall. On each tower, turbulent
fluctuations were measured using a sonic anemometer (Windmaster Pro; Gill
Instruments). CH4 concentration was measured using an open-path near-infrared gas
analyzer (LI-7700; LI-COR, Inc.). CO2 and H>O concentrations were measured using
an open-path CO2/H>0O infrared gas analyzer (LI-7500; LI-COR, Inc.). Data was
collected at 10 Hz and stored on-site with a data logger system (LI-7550; LI-COR,
Inc.).

Biophysical variables were monitored continuously using sensors located on

or around the flux towers. Soil temperature was taken as the average measurement of
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three replicate probes (Stevens Water Monitoring Systems, Inc.; Portland, OR) at 5
cm depth. The soil probes also measured volumetric soil water content (SWC) which
we used to represent hydrologic conditions at the cultivated site. At the wetland sites,
we represented hydrology as the depth of water above the soil surface (hereafter
“water level”), measured with HOBO pressure transducers (Onset; Bourne, MA). We
monitored various other environmental parameters to use as covariates for filling data
gaps in CHg4 flux (see Supplementary methods for a list of variables and

corresponding sensors).

Data processing

Raw EC data was processed with the EddyPro 7.0.9 software (LI-COR, Inc.).
Data processing followed standard methods, including de-spiking (Vickers & Mabhrt,
1997), double rotation for sonic anemometer tilt correction (Wilczak et al., 2001),
block averaging for detrending, compensation of air density fluctuations (Webb et al.,
1980), time lag compensation by covariance maximization, and high- and low-pass
spectral corrections (Moncrieff et al., 1997, 2004). Fluxes were storage-corrected
based on single-point profile estimation (Hollinger et al., 1994).

Flux quality control followed the same procedure at all sites. Fluxes that failed
steady state and integral turbulence characteristics tests were removed (Foken et al.,
2004). If were further removed when were removed during periods when a plausible
time lag was not detected (Eugster et al., 2011), gas analyzer signal strength was low
(<10% for CHa, <70% for CO2/H20), or any flux dependency (i.e., variable used in

flux calculation) fell outside plausible bounds. Low-resolution spikes in non-CHj4
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fluxes (COz, latent heat, and sensible heat) were removed following Papale et al.
(2006) and implemented with the openeddy R package v. 0.0.0.9008 (Sigut,
2018/2024). Extreme outliers in CH4 flux were removed by applying absolute limits
at the wetland sites (-0.15, 0.85 pmol m s'!) and the cultivated site (-0.15, 0.3 umol
m2 s!). These thresholds were outside the 0.1% and 99.9% quantiles at the sites. We
did not determine an empirical friction velocity threshold but instead applied a
nominal threshold (0.05 m s'!), which is appropriate for low tower and canopy heights
(Krauss et al., 2016). The amount of original CH4 fluxes remaining after quality
control was 45.7%, 44.7%, and 48.9% at the natural, restored, and cultivated site,

respectively. These values are within the typical range for EC data (Irvin et al., 2021).

Gap filling

Data gaps due to instrument malfunction and quality control were filled using
statistical techniques. This was necessary as some of our analysis methods required
continuous time series. Gaps in CH4 flux were filled using random forest regression
following Irvin et al. (2021). Predictor variables included non-CHj4 fluxes and a suite
of environmental covariates (see supplementary methods for full list of predictor
variables). Random forests were trained using the H20 machine learning platform
through the R package interface (h2o v. 3.44.0.3; Fryda et al., 2024). The mean
absolute error in predicted CH4 flux (average of 20 resampled hold-out sets) was
0.0263, 0.0279, and 0.00912 umol m™ s! for the natural, restored, and cultivated

sites, respectively.
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Prior to CHg4 flux gap-filling, gaps in non-CHj4 fluxes and other biophysical
variables were filled according to FLUXNET methodology (Pastorello et al., 2020).
Gaps in non-CHy fluxes were filled using the marginal distribution sampling
algorithm with air temperature, incoming shortwave radiation, and vapor pressure
deficit as covariates (Reichstein et al., 2005). Gap-filled CO; flux (i.e., net ecosystem
exchange) was partitioned into ecosystem respiration and gross primary productivity
(GPP) using the “daytime” method (Lasslop et al., 2010). Marginal distribution
sampling and flux partitioning was conducted in R using the ReddyProc package v.
1.3.3 (Wutzler et al., 2018). Gap-filling for environmental covariates included linear
interpolation, mean diurnal course estimation, substitution from nearby sites, and

substitution of downscaled ERAS climate reanalysis data (Pastorello et al., 2020).

Data analysis

Here, we use a framework (“multiresolution mutual information”) developed
for analyzing drivers of EC CHg4 fluxes (Sturtevant et al., 2016), which has since been
widely adopted and is notably featured in a recent synthesis of freshwater wetland
CH4 fluxes (Knox et al., 2021). We extend this approach with empirical dynamic
modeling (EDM) to account for state-dependency and distinguish between causal
relationships and spurious correlation. A summary of our analysis is presented in

Figure 3.1.
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Multiresolution mutual information

Signals at varying time scales were extracted from 30-min data using
maximal-overlap discrete wavelet transform (Percival & Walden, 2000). Wavelet
detail was summed into hourly (1-2 h), diel (4 h to 1 d), multi-day (3-21 d), seasonal
(43-341 d) time scales (Sturtevant et al., 2016). We did not further analyze the hourly
wavelet scale because it can be dominated by noise (Knox et al., 2021). For the diel
and multi-day scales, we focused our analysis on the 2021 growing season (d.o.y.
100-300). This year had the greatest amount of original data for all sites, and
hydroclimatic conditions did not strongly deviate from those during the other three
years of our study (Figure 3.2). Wavelet decomposition was conducted in R with the
wavelets package v. 0.3-0.2 (Aldrich, 2020).

Interactions were quantified using relative mutual information (MI), which is
a measure of (undirected) dependency between paired observations of two variables
(Ruddell & Kumar, 2009). Interaction time lag was determined by finding maximum
MI across successive shifts in the driver time series. This approach is analogous to
maximum cross-correlation. The range of lags considered were up to 6 h at the diel
scale, 10 d at the multi-day scale, and 60 d at the seasonal scale. Following Sturtevant
et al. (2016), we also examined MI in the case that the putative driver lags behind
CHy4 flux (i.e., the driver x is shifted by both negative and positive values of £ in
x[t+k]). We thus denote lags as negative when the driver precedes CH4 flux, and
positive when CH4 flux precedes the driver. Note that because MI is not causal
analysis, the latter case does not mean x is not a true driver of CHy flux. MI was

calculated using the entropy R package v. 1.3.1 (Hausser & Strimmer, 2021).
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MI has positive bias that increases with the degree of autocorrelation relative
to time series length (Sturtevant et al., 2016). We accounted for this bias by
simulating 100 pairs of “surrogate” time series. Surrogates were generated using
iterative amplitude adjusted Fourier transform, which preserves spectral
characteristics but otherwise randomizes the original series (Schreiber & Schmitz,
1996). We then applied wavelet decomposition and repeated MI analysis on surrogate
pairs, creating a null distribution of MI values. We corrected bias in real MI by
subtracting the mean surrogate MI (Sturtevant et al., 2016), and calculated p-values
using a Monte Carlo approach (North et al., 2002). Specifically,p = (n + 1) /(k +
1), where 7 is the number of surrogate pairs with MI greater than the real value, and &

is the total number of surrogates.

Empirical dynamic modeling

Mutual information quantifies statistical dependency, but it does not
distinguish causation from correlation. To assess whether relationships between CH4
flux and biophysical variables were causal, we used empirical dynamic modeling
(EDM), which has recently been applied to EC CH4 flux data (Hill et al., 2024). We
preferred EDM over other causal methods (e.g., transfer entropy) because EDM
retains system dynamics and therefore can be used to identify nonlinear (i.e., state-
dependent) interactions that vary under different environmental or temporal
conditions (Runge et al., 2023). EDM relies on Taken’s theorem Much literature has
been devoted to describing the theoretical basis for EDM and its computation

algorithms (e.g., C.-W. Chang et al., 2017; Munch et al., 2023). In this section, we
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outline our implementation and briefly summarize relevant background information.
EDM was conducted in R using the YEDM package v. 1.15.4 (Park et al., 2024).

Wavelet detail reconstructions were highly autocorrelated at the original 30-
min resolution (especially at the seasonal scale), which can mask nonlinear dynamics
in time series (Hsieh et al., 2005). To minimize redundant information and reduce
computation time, we downsampled wavelet detail to once hourly for diel, once every
six hours for multi-day, and once daily for seasonal scales. We applied first-
differencing to the seasonal scale to further reduce autocorrelation, ensure
stationarity, and amplify nonlinear dynamics (C.-W. Chang et al., 2017). Strictly, this
means that we investigated causes of changes in seasonal CHs flux; however, change
in a variable naturally affects the variable itself. The length of analysis series was
4824 points, 804 points, and 1460 points for diel, multi-day, and seasonal scales,
respectively. We did not re-introduce gaps because continuous time series were
necessary for state space reconstruction.

State space reconstruction in EDM is achieved using time delay embedding
and requires the selection of two parameters. Time delay t determines the length of
lags and embedding dimension £ determines the number of lags. To capture
respective time scales in delay embedding, we set T to 1 h for diel, 1 d for multi-day,
and 15 d for seasonal scales. Following standard EDM, we then selected E using
simplex projection (Sugihara & May, 1990). Simplex projection is a forecasting
technique that predicts future values in an embedded time series by examining the
behavior of nearest neighbors in the state space, and £ is tuned to optimize prediction

accuracy. We evaluated the presence of nonlinear dynamics (as opposed to, e.g.,
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purely high-dimensional stochasticity) in CH4 flux using S-map forecasting
(Sugihara, 1994). This method tunes a local weighting parameter, 6, to determine
whether predictions improve if nearby points in the state space are given more
influence in forecasts. If prediction skill is higher for nonlinear (6 > 0) than linear (6
= 0) solutions, there is evidence of state dependency (C.-W. Chang et al., 2017).

A key premise of EDM is that an adequate approximation of the system state
(i.e., delay embedding) implicitly accounts for the influence of other observed or
latent variables, allowing causation to be distinguished from mutual dependency
(Runge et al., 2023). In the EDM framework, causal interactions are identified using
convergent cross mapping (CCM; Sugihara et al., 2012). CCM employs the simplex
projection algorithm to assess whether states of the response variable can estimate
states of the driver, assuming that a true driver leaves an indelible “imprint” of its
dynamics on the response (Sugihara et al., 2012).

Causal interaction strength is expressed as cross-map skill (740), which
measures the accuracy of CCM predictions. We accounted for potential lag effects by
varying the prediction time in CCM (Ye et al., 2015) and report the maximum r/o
across a range of lags (same as with MI; see Multiresolution Mutual Information).
The E for CCM was determined by optimal prediction of cross-mapping (C.-W.
Chang et al., 2017). We set a maximum FE of 20 to allow state vectors to span up to
most of a day for diel interactions (20 h at T = 1 h) and most of a year for seasonal
interactions (300 d at T = 15 d). To assess the degree of state dependency in

interactions, we compared /0 to the maximum linear cross-correlation over the same
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range of lags (Newcomb & Godsey, 2023). Cross-correlation provides a benchmark
to quantity the extent that CCM improves prediction over a purely linear approach.

We evaluated cross-mappings against surrogate data and calculated p-values
as with MI. For diel and seasonal scales, we generated surrogates by preserving the
periodic signal of the time series and shuffling the residuals. This type of surrogate is
designed to distinguish forcing from coincidental periodicity (Deyle et al., 2016). For
the multi-day scale, we generated surrogates using a phase randomization technique,
which preserves statistical time series properties (namely autocorrelation) but is
otherwise random (Ebisuzaki, 1997). These surrogate tests are essential for inferring
causation from CCM because they ensure that the observed interactions are inherent
to the system dynamics rather than artifacts of coincidental trends or autocorrelation.
We determined that a relationship was causal if 1) p < 0.05 and 2) r4o did not peak in
the positive time domain (i.e., changes in CH4 flux did not precede changes in the

putative driver; Diaz et al., 2022).

Results

Temporal variability in CHy4 flux and biophysical drivers

Across four years of continuous measurement (2019-2022), all sites were net
CHs sources. Fluxes were highly variable but similar in magnitude at the restored and
natural wetland, with distinct seasonal patterns (Figure 3.2a). The natural wetland was
a greater CHa source by an estimated average of 3.9 g CH4-C m™ per year (Table

S3.1). Fluxes were lower at the cultivated site with a seasonal amplitude well below
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that of the wetlands. Mean daily fluxes (+ std. dev.) during the 2021 growing season
were 168 + 65 mg CH4-C m? d! at the natural wetland, 161 + 74 mg CH4-C m2 d! at
the restored wetland, and 17 + 13 mg CHs-C m2 d™! at the cultivated site.

As expected, Tsoit and GPP followed clear seasonal cycles, with increase
beginning in spring, peak in late summer, and low in mid-winter (Figure 3.2b-c). GPP
was more variable than T within the seasonal course, although both variables
responded to perturbations (i.e., weather) throughout the year. Annual GPP was
greater at the natural wetland than the restored wetland, and greater still at the
cultivated site. Hydrologic variables were less adherent to seasonal cycles (Figure
3.2d). There were large water level drawdowns in 2019 and 2022, which
corresponded to periods in the late summer and early autumn with little or no
precipitation. The other two years were relatively wet (Table S3.1), and wetlands
remained flooded throughout.

During the 2021 growing season, CH4 flux in the restored and natural wetland
had similar diel patterns (reconstructed from wavelet detail; Figure 3.3). Fluxes were
highest at night, with peaks in both the early morning and early evening. Fluxes
dropped rapidly during the morning and rose rapidly in the late afternoon. At the
cultivated site, CH4 fluxes were also highest at night, but rose steadily throughout the
day from a minimum in mid-morning to a maximum before midnight. Of the
biophysical variables, diel cycling was by far the most pronounced in GPP. Diel
variation in Tsoit and hydrologic variables was negligible.

Total variation in wetland CH4 flux was dominated by seasonal-scale

fluctuations (Table S3.2). The seasonal scale accounted for 81% and 75% of wavelet
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variance in the natural and restored wetlands, respectively. At the cultivated site,
seasonal variance accounted for 26%; CHj4 flux varied more at the hourly (36%) and
diel (31%) scales. Multi-day variation was the smallest component at all sites (<8%),

regardless of whether all data or a growing season subset was considered.

Interactions between CH4 flux and biophysical drivers

Interactions between CH4 flux and biophysical drivers varied by site and time
scale (Figure 3.4; p = 0.01 unless otherwise noted). During the 2021 growing season,
GPP had the strongest diel interactions with CHy flux at all sites. MI was highest at
the restored and cultivated sites (both 0.049), with the natural wetland somewhat
lower (MI = 0.036); maximum MI occurred without lag at all sites (Table S3.3). The
natural wetland generally had the weakest diel interactions, but all were still highly
probable. Diel Tsoit was particularly weak at the natural wetland (MI = 0.008)
compared to the restored and cultivated sites (MI = 0.029 and 0.040, respectively).

At the multi-day scale, Tsoit dominated interactions with wetland CHy flux
(Figure 3.4). MI values for Tsoit (0.16 and 0.17 at the natural and restored wetland,
respectively) were several times higher than other drivers. At the cultivated site, Tsoil
also had the strongest multi-day interaction (MI = 0.055), but by a much smaller
margin. Multi-day GPP and hydrology interactions were weaker but highly probable
(p £0.02) at all sites. The strength of these interactions did not differ greatly by site
or from each other. CH4 flux had a greater lag time with multi-day hydrology at the
wetlands (-6 to -6.5 d), while maximum MI occurred without lag at the cultivated site.

Multi-day CH4 flux lagged GPP by -1 to -2.5 d and led Tsoit by +12 h to +1 d. In
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general, lagged multi-day interactions with hydrology and GPP were stronger and
more probable than contemporaneous ones (Table S3.3).

Tsoit also had strong seasonal interactions with CHy flux (Figure 3.4). At the
wetland sites, this was the strongest interaction, while GPP dominated at the
cultivated site (MI = 0.24). CH4 flux lagged GPP by -16 d at the cultivated site
compared to a small lag (-1 d) at the natural wetland and a small lead (+4 d) at the
restored wetland (Table S3.3). Seasonal MI with GPP at the natural (0.14) and
restored (0.16; p = 0.06) wetland were similar to seasonal MI with T at the
cultivated site (0.16; p = 0.02). MI with hydrologic variables was low and potentially
spurious at all sites (p = 0.33, 0.43, and 0.13 at the natural, restored, and cultivated
sites, respectively).

CHy4 flux displayed state dependency at all sites and time scales (Table S3.4).
The strongest state dependency was found at the diel scale for all sites, followed by
the seasonal scale for the restored and cultivated sites and the multi-day scale for the
natural wetland. Seasonal and multi-day state dependency were both strongest at the
natural wetland; at the multi-day scale, restored and cultivated site fluxes had
relatively weak state dependency. Further, relationships between CHy flux and
biophysical drivers were state dependent. This was particularly evident at the seasonal
scale, where relationships showed hysteresis (Figure 3.5), and all cross-mappings had
higher predictive skill than the equivalent linear cross-correlation (Table 3.1).

Accounting for state dependency, convergent cross mapping identified
interactions that were likely causal (Table 3.1). Cross-mapping was significant for

diel-scale GPP and CH4 flux at all sites, and marginally stronger at the wetlands (740
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=0.50, 0.59 for natural and restored; both p = 0.01) than the cultivated site (rho =
0.47, p = 0.02). Maximum cross-mapping with GPP occurred at -12 h for the natural
wetland and at -2 h for the restored and cultivated sites, although lagged ko was only
marginally greater than ko without lag (Table S3.5). At the cultivated site, Tsoit was
the dominant driver of diel CH4 flux (ko = 0.58, p = 0.01). Tsoi also had a relative
strong causal interaction at the restored wetland (7ho = 0.40, p = 0.01). At the natural
wetland, diel Tsoit was significant, but causation was weak (rho = 0.15) and lower
than the maximum cross-correlation (0.17), indicating a lack of nonlinear dynamics.
Diel causal interactions with hydrology were all significant but relatively weak.

Most causal relationships at the multi-day scale should be interpreted with
caution since rho was lower than the maximum cross-correlation (Table 3.1). This
suggests that, although cross-mapping was significant, nonlinear methods may not be
appropriate for analyzing these interactions. The exceptions were multi-day Tioir at
the natural and cultivated sites; in these cases, 710 was marginally greater than cross-
correlation. Regardless, multi-day CCM results largely followed the same patterns
found in MI. Tsii dominated wetland causal interactions with CH4 flux at this scale,
while causal strength more even among drivers at the cultivated site. Causal
interactions at the restored wetland with GPP (ko = 0.52) and hydrology (7ho = 0.32)
were stronger than those at the natural wetland (740 = 0.17 and rho = 0.19,
respectively; all p = 0.01). At both wetlands, maximum cross-mapping with
hydrology occurred at greater lag times (-5.5 to -7.5 d) than at the cultivated site (-12

h).
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Tsoil dominated causal interactions with wetland CH4 flux at the seasonal scale
(Table 3.1). There was a similar degree of causation at the wetlands (both ko = 0.87,
p = 0.01); however, this interaction could not be distinguished from coincidental
seasonality at the cultivated site (rho = 0.73, p = 1.00). Cross-map lag with Tsoii was
greater at the restored wetland (-39 d) than the natural wetland (-9 d). Without time
lag, rho was only marginally smaller at both sites, but this cross-mapping was not
statistically significant at the restored wetland (p = 0.67; Table S3.5); thus, a time lag
was necessary to identify a causal interaction with Tsoii at the restored wetland.
Despite sharing little information with CHy flux, seasonal water level had a
significant nonlinear causal interaction at both wetlands. This interaction was stronger
at the restored wetland (740 = 0.44 compared to rho = 0.38 at the natural wetland,
both p = 0.01) and acted with a shorter lag time (-5 d compared to -11 d at the natural
wetland; Table 3.1). Surrogate testing indicated that strong links between CH4 flux
and GPP at the seasonal scale were caused by mutual dependency and not a causal

link. No significant seasonal causal interactions were identified at the cultivated site.

Discussion

This study aimed to evaluate CH4 fluxes at three sites with contrasting land-
use histories through the lens of biophysical drivers and temporal dynamics. Over
four years, CH4 fluxes at the natural and restored wetland were consistently higher
and dominated by variability at larger time scales than at the cultivated site. At all
sites, GPP drove diel-scale CH4 fluxes, while Tsoii dominated at multi-day and

seasonal scales, especially in wetlands. Hydrology was a relatively weak, but
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significant, driver of seasonal CH4 fluxes in the wetlands. Convergent cross mapping
indicated likely causal links from biophysical drivers to fluxes.

Since interactions were state-dependent, we cannot strictly attribute directions
to driver effects on CH4 flux. In other words, depending on the system state, the
effects of a driver on CH4 flux may have been either positive or negative. In the
following, we hypothesize mechanisms contributing to the relationships we found and
encourage the reader to bear in mind that our analysis of causality, while robust, was
based on observation data. We focus most of our discussion on diel and seasonal
interactions, as these were the most important scales for CHy variability included in
our analysis (Table S3.2). We conclude by revisiting the question: what can
relationships with biophysical drivers tell us about wetland CH4 flux across land

uses?

Diel CH4 flux variation driven by GPP

GPP was the primary driver of diel CH4 fluxes at the wetlands. However, the
diel cycle of CH4 flux in both wetlands was inverse that of GPP, with higher fluxes at
night (Figure 3.3). This pattern has been previously reported (Dooling et al., 2018;
Goodrich et al., 2011; Lhosmot et al., 2023), but is contrary to expectation for
herbaceous wetlands, where vascular plants are generally thought to have a positive
effect on CH4 fluxes, and fluxes tend to peak during the day when GPP is highest
(e.g., Hatala et al., 2012). While GPP was a significant diel driver, Tsoi was the

dominant diel driver at the cultivated site.
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Our findings are consistent with a twofold control of GPP on diel CH4 fluxes,
where plant photosynthesis 1) reduces daytime fluxes by oxygenating the rhizosphere
and 2) increases nighttime fluxes by releasing root exudates (Lhosmot et al., 2023).
During the day while plants are actively photosynthesizing, oxygen can escape from
roots into the rhizosphere (i.e., radial oxygen loss), leading to diel redox fluctuations
(Nikolausz et al., 2008). Light intensity and plant CO; uptake rates are positively
correlated with radial oxygen loss (Nikolausz et al., 2008), and inhibition of
photosynthesis can increase CH4 emissions from vegetated areas (Ding et al., 2004b),
suggesting that this is an active process that can dominate the overall plant effect on
CH4 flux (Noyce et al., 2023). Radial oxygen loss may stimulate aerobic
methanotrophy (Ding et al., 2004a), resulting in oxidation of, in some cases, >90% of
total CH4 production (Strom et al., 2005). Rhizosphere oxygenation can also
regenerate alternative terminal electron acceptors (e.g., Fe**, SO4*), which may
enable microbes with more thermodynamically favorable metabolic pathways to
outcompete methanogens, effectively suppressing CH4 production (Sutton-Grier &
Megonigal, 2011). Rhizosphere oxygen concentrations have been shown to peak ~2
hours after light intensity (Dong et al., 2011), and a subsequent decrease in CH4
concentration may occur less than an hour after oxygen addition (Ndanga et al.,
2016), suggesting that this process likely suppresses fluxes during the day, while
plants are photosynthesizing.

Plant photosynthesis also leads to exudation of bioavailable organic
compounds into the rhizosphere. Root exudates are a preferred substrate for

methanogens and can fuel a large proportion of CH4 fluxes from wetlands (King &
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Reeburgh, 2002). Recent studies suggest that root exudation may additionally
increase fluxes by priming the microbial decomposition of soil organic matter into
components more readily assimilated by methanogens (Waldo et al., 2019), and by
promoting competition among microbes that effectively outcompete methanotrophs
and reduce CH4 oxidation (Turner et al., 2020). Importantly, any effects of root
exudation on CH4 fluxes involve multi-step processes; thus, there is likely to be a
delay between CO; uptake and CH4 emission (Dooling et al., 2018). Isotopic labelling
studies have found that peak *CH4 emissions occur several days after plant
assimilation of '*CO, (King & Reeburgh, 2002), but can begin in <12 h (Megonigal
et al., 1999), and as soon as 4 h after substrate is introduced to the soil (Strom et al.,
2003). The range of reported lag times are therefore consistent with the possibility
that plant photosynthesis during the day can enhance CH4 fluxes at night (Dooling et
al., 2018; Lhosmot et al., 2023).

CHy4 fluxes can also be enhanced by plant-mediated gas transport. Diel
patterns in CHy4 flux have been linked to plant stomatal aperture and conductance
(Morrissey et al., 1993), and plants with pressurized ventilation systems can trigger
CHas spikes around sunrise (Chanton et al., 1993). In plants that exchange gases
passively, like the Carex species that dominates our natural wetland, plant-mediated
transport is not regulated by GPP at the diel scale (Vroom et al., 2022). This means
that we cannot infer the role of plant-mediated transport in diel CH4 flux; however, it
is possible that it is an important CH4 emission pathway at our sites, though

fluctuations are unlikely to be visible at the diel scale.
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State-dependent control of seasonal CH4 flux

At the wetlands, seasonal CHy flux was driven by soil temperature (Tsoi) and
water level. Tsi was the dominant seasonal (and multi-day) driver at both wetlands,
with similar causal strength. This finding is unsurprising, as the temperature
dependence of CH4 flux is well documented (Knox et al., 2021; Yvon-Durocher et al.,
2014). Water level had a secondary, but significant effect on seasonal wetland CH4
flux, and did not follow a consistent seasonal cycle like that in T and GPP. These
results support a relatively simple model of state-dependent seasonal CH4 dynamics
in the wetlands, where fluxes largely followed Tsoii, but were modulated by water
level under certain conditions. The effects of water level were evident during large
evapotranspiration-driven drawdown events, which occurred some years during the
late summer through fall (e.g., Figure 3.5a). Conversely, in relatively wet years
without water level drawdown, there was less hysteresis in the Tsoil relationship (e.g.,
Figure 3.5b). Our results support previous studies suggesting that the temperature
sensitivity of CHy flux depends on water level (Chen et al., 2021), and that hysteresis
in temperature sensitivity is explained by seasonal water level variation (Feng et al.,
2020; Holl et al., 2020).

Wetland CH4 fluxes exhibited a lagged response to water level. At the
seasonal scale, fluxes at the natural wetland were more lagged than at the restored
wetland (-11 d compared to -7 d), although CCM without lag was significant at both
wetlands. However, at the multi-day scale, interactions were stronger and more
probable when time lags were applied. This was the case for both wetlands, and for

both MI and CCM. Further, the lag at which the strongest interaction occurred was
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consistent across sites and methods, between -5.5 d and -7.5 d. These lags are within
the range of previously-reported lags in wetlands, which are generally between -3 and
-10 d (Chamberlain et al., 2016; Goodrich et al., 2015; Olefeldt et al., 2017). The
multi-day effect of hydrology on CHj4 flux appeared to have little or no time lag at the
cultivated site, although we cannot exactly compare this interaction to the wetlands
since hydrology was represented by soil water content.

Time lag in the effect of water level on CHy flux reflects the indirectness of
this interaction. For example, for water level to affect CH4 flux via soil redox state,
changes in water level must be followed by changes in soil oxygenation, redox
conditions, and activity of methanogens and/or methanotrophs (Whalen, 2005). The
time necessary for an effect to appear in CHs4 flux may be extended further by other
factors. For example, periods of low water level may increase the availability of
alternative electron acceptors in the soil (e.g., ferric iron, nitrate). Following an
increase in water level and return of reducing conditions, methanogens may be at a
competitive disadvantage until pools of alternative electron acceptors are depleted,
resulting in a delayed return of CH4 emissions (Tangen & Bansal, 2019).

A threshold effect of water level may contribute to state dependency in
seasonal relationships. Previous work has identified a critical water level below which
CHys4 fluxes decrease rapidly (Calabrese et al., 2021), and suggested that water level
control on CH4 flux may be better represented as a binary effect (i.e., an “on-off
switch”; Christensen et al., 2003) rather than a continuous relationship (Hassett et al.,
2024). This is further supported by studies that have failed to identify interactions

between water level and CHy flux at any scale in perpetually flooded wetlands (e.g.,
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Rinne et al., 2007; Sturtevant et al., 2016). The threshold or binary effect may relate
directly to soil reducing conditions, or it may act on the sensitivity of fluxes to other
biophysical drivers such as temperature (Brown et al., 2014; Goodrich et al., 2015)
and atmospheric pressure (Whalen, 2005). In wetlands with elevation gradients, like
our depressional wetlands, variation in water level can be accompanied by variation
in the flooded area, and ecosystem-level CH4 fluxes may reflect the size of the CHa4
source area (Hondula et al., 2021).

We did not identify a significant interaction between seasonal water level and
CH4 flux using MI. Following the existing multiresolution mutual information
framework, we did not apply differencing to time series prior to MI analysis. This
means that we cannot separate the effects of differencing and state dependency in
comparing MI with CCM; however, given the complexity of water level as a driver of
CHs4 flux (Brown et al., 2014; Olefeldt et al., 2017), we encourage researchers to
consider how temporal dynamics may influence this relationship in future analyses.

Despite strong seasonal interactions between GPP and CH4 flux, we did not
find evidence of causality in this relationship using CCM. This result is contrary to
recent studies finding that GPP, rather than temperature, was the dominant control on
wetland seasonal CHj4 flux (Mitra et al., 2020), and that seasonal hysteresis in the
temperature sensitivity of CHy4 flux was explained by substrate availability (K.-Y.
Chang et al., 2020). Seasonal fluctuations in GPP primarily represent plant
phenological cycles, which control rates of root exudation, litterfall, and plant-
mediated gas transport (Ge et al., 2023; Helfter et al., 2022). Our results suggest that

any effect of substrate limitation likely occurs at shorter time scales; GPP was a

114



significant diel and multi-day driver at all sites. Further, the dominant plants in our
wetlands left standing litter, which can be a conduit for CH4 (Kim et al., 1999). The
lack of a seasonal effect of GPP could suggest that plant-mediated transport at our
wetlands, if it is an important emission pathway, occurs in both live and dead tissue.
We did not identify any causal seasonal relationships with CH4 flux at the
cultivated site. However, this site had strong seasonal interactions with Tsoii and GPP,
suggesting that seasonality was present, but driven by one or more unmeasured
variables (i.e., external forcing). It is possible that there was a mismatch between our
measurements of biophysical drivers and the source of CHy in this system. The
cultivated site flux tower was located next to an agricultural drainage ditch that likely
contributed a large proportion, if not all, of the CH4 measured at the tower (K6hn et
al., 2021). While agricultural fields can be modest CH4 sources (Chu et al., 2014),
ditches are considered CH4 hotspots because they collect sediment, organic matter,
and nutrients from runoff, and low flow rates allow anoxic conditions to develop
(Peacock et al., 2021). Our Tsoi and soil water content sensors, however, were
positioned directly below the flux tower outside the ditch. Although our
measurements likely covaried with conditions inside the ditch, EDM is sensitive to
nonlinear dynamics which may not have been represented at the seasonal scale from

outside the ditch.

CH4 dynamics in natural vs. restored wetland

Our study suggests that 20 years after restoration, processes governing CHy

flux in a restored wetland resemble those in a natural wetland. Fluxes at the restored
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wetland were of similar magnitude, followed similar temporal patterns, and
responded similarly to scale-dependent biophysical drivers compared to the natural
wetland. Overall, we found little evidence that CH4 dynamics differed strongly
between the natural and restored wetland; differences between the wetlands and
cultivated site were far more apparent. This result is in line with a study showing a
shift in the factors driving variation in CH4 flux after restoration by raising the water
table (Luan et al., 2018), and reflects alteration in underlying ecosystem processes
due to disturbance. Another study found that restored wetlands were more sensitive to
external forcing than natural wetlands (Wilson et al., 2016). Although CH4 flux and
biophysical drivers shared more information at our restored wetland, suggesting
stronger interactions, we found that key interactions had similar causal strengths to
the natural wetland. Rather than stronger external forcing, this suggests that
unmeasured drivers may have a larger role at the restored wetland. These could
involve diel scale mechanisms such as turbulent and convective mixing of the water
column (Godwin et al., 2013; Poindexter & Variano, 2013), and multi-day to seasonal
drivers such as the availability of secondary fermentation products (K.-Y. Chang et

al., 2020; Wilmoth et al., 2021).
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Tables

Table 3.1. Results of convergent cross mapping for biophysical drivers and CHj flux.
Cross-map skill (7h0) is the strength of causation; evidence of causation (+) or no
evidence of causation (—) was evaluated with the criteria outlined in methods. Lag is
negative if cross-map skill peaked when the driver preceded CHs flux. x-corr is the
magnitude of the maximum lagged linear cross-correlation. Seasonal interactions
were evaluated over first-differenced data from 2019 to 2022; diel and multi-day
interactions are from the 2021 growing season (DOY 100-300). Tsoit = soil
temperature; GPP = gross primary productivity; WL = water level; SWC = soil water
content.

Scale Site Driver x-corr rho p-value Lag Causation
Diel Natural Tsoil 0.165 0.145 0.01 -2h +
GPP 0.383 0.500 0.01 -12h +
WL 0.090 0.115 0.01 -2h +
Restored  Tsoil 0.308 0.397 0.01 -4 h +
GPP 0.434 0.589 0.01 -2h +
WL 0.169 0.226 0.01 -12h +
Cultivated Tsoil 0.332 0.575 0.01 -11h +
GPP 0.337 0.465 0.02 -2h +
SWC 0.189 0.192  0.01 -12h +
Multi-day Natural Tsoil 0.725 0.760 0.01 -0.5d +
GPP 0.331 0.165 0.01 -2.5d +
WL 0.225 0.191 0.02 -55d +
Restored  Tsoil 0.765 0.690 0.01 -0.5d +
GPP 0.596 0.517 001 -1.0d +
WL 0.379 0.319 001 -7.5d +
Cultivated  Tsoil 0.390 0409 001 -1.5d +
GPP 0.393 0.270 0.01 -1.0d +
SWC 0.376  0.305 0.02 -0.5d +
Seasonal  Natural Tsoil 0.615 0.874 0.01 -7d +

GPP 0.608 0.709 1.00 +60d

WL 0.271 0.381 0.01 -11d +
Restored  Tsoil 0.738 0.869  0.01 -38d +
GPP 0.671 0.787 0.28 -1d -
WL 0.266 0.441  0.01 -5d +

Cultivated  Tsoil 0.464 0.730 1.00 +30d -
GPP 0.643 0.734 0.01 +60d -
SWC 0291 0394 0.14 +27d -
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Figure 3.1. Summary of the analyses used to characterize biophysical drivers of CHa4
flux. Note that empirical dynamic modeling was applied to wavelet decomposed time

series.

118



'T;; 40071a) P I Naturald . . D
] . 3, * Restore . e . LN
A 300 8%, ° Culivated  iii R &b
€ o) N 5 55
O 2004 ,;»jg AETE 5%5 XEL
.y 2 T
E 100- 'S ; '4? ' & %‘
g R .#’ - Lo : .0: k. .
[T 0' .
~~
o
<
3
l_
T
©
)
1S
(@)
2
o
5
0.6 50
— d) N TCIATNEIC IR |
£ os- m W ‘ " ‘?\‘N\'\'iltl'q“ ! LW H40 ¢
4 \ A N\' . lml“‘ \Nid =
2 o0 \ ¥ ' ~ 30 O
— A I\ =<
[0} \ v \ >
= — Natural K
g -0.31 —— Restored 20
== Cultivated
6 T T T T T 10
2019 2020 2021 2022 2023

Figure 3.2. Time series of daily gap-filled a) CH4 flux (Fcna), b) soil temperature
(Tsoir), ©) gross primary productivity (GPP), and d) hydrologic variables in the natural
wetland, restored wetland, and cultivated former wetland. Hydrology is represented
by water level for wetland sites and soil water content (SWC) for the cultivated site.
Fluxes Fcus and GPP are given in mass units of CH4-C and CO»-C, respectively. The
shaded area indicates the 2021 growing season (DOY 100-300), which was the focus
for sub-seasonal analyses in this study.
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Figure 3.3. Diel cycles of CH4 flux (Fcna), soil temperature (Tsoil), gross primary
productivity (GPP), and hydrologic variables in the 2021 growing season (DOY 100—
300). Hydrology is represented by water level (WL) for the natural and restored
wetlands and soil water content (SWC) for the cultivated site. Diel variation is shown
as diel-scale wavelet detail, averaged by time of day. Wavelet detail was normalized
by variable, and additionally by site for hydrologic variables to show WL and SWC
on the same scale.
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Figure 3.4. Mutual information (MI; i.e., statistical dependency) between CH4 flux
and biophysical variables at diel, multi-day, and seasonal time scales. Interactions at
diel and multi-day scales were assessed during the 2021 growing season (DOY 100—
300); seasonal scale encompasses all data from 2019 to 2022. Dark portions of bars
are MI without time lag; lighter extensions are maximum lagged MI. Note different
axis scales on each panel. Tsoit = soil temperature; GPP = gross primary productivity.
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Figure 3.5. Seasonal hysteresis curves showing state dependency in relationships
between CH4 flux (Fcns) and soil temperature (Tsoit), gross primary productivity
(GPP), and hydrologic variables in the natural wetland, restored wetland, and
cultivated former wetland. The exact shape of the hysteresis curves varied year-to-
year; the a) 2019 (dry summer) and b) 2020 (wet summer) calendar years are shown
here. Arrows point forward in time.
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Supplementary materials

List of variables used to predict CH4 flux in site-specific random forest regression:

Non-CHy4 turbulent fluxes

1.

Nownkwbd

Net ecosystem CO» exchange (NEE)

Ecosystem respiration — partitioned from NEE using nighttime method
Ecosystem respiration — partitioned from NEE using daytime method

Gross primary productivity — partitioned from NEE using nighttime method
Gross primary productivity — partitioned from NEE using daytime method
Latent heat flux

Sensible heat flux

Environmental covariates (sensor)

8.
9

10.
11.
12.
13.
14.
15.
16.
17.

18.
19.
20.
21.
22.
23.
24.
25.

Air temperature (Vaisala HMP155 humidity and temperature probe)
Incoming shortwave radiation (Kipp & Zonen CNR 4 net radiometer)
Wind speed (Gill Instruments WindMaster Pro)

Air pressure (LI-COR LI-7700 open path CH4 analyzer)

Soil temperature (Stevens Hydra Probe II soil sensor)

Water table depth (Onset HOBO pressure transducer; wetland sites only)
Soil water content (Stevens Hydra Probe II soil sensor)

Soil heat flux (Hukseflux HFPO1 heat flux sensor)

Outgoing shortwave radiation (Kipp & Zonen CNR 4 net radiometer)
Incoming & outgoing longwave radiation (Kipp & Zonen CNR 4 net
radiometer)

Net radiation (Kipp & Zonen CNR 4 net radiometer)

Friction velocity (Gill Instruments WindMaster Pro)

Vapor pressure deficit (Vaisala HMP155 humidity and temperature probe)
Precipitation (Texas Instruments TR-525M tipping bucket rain gauge)
Relative humidity (Vaisala HMP155 humidity and temperature probe)
Photosynthetic photon flux density (LI-COR LI-190R quantum sensor)
Sine of wind direction (Gill Instruments WindMaster Pro)

Cosine of wind direction (Gill Instruments WindMaster Pro)

Fuzzy sets for time and annual cycles

26.
27.
28.

Day of year
Sine of day of year
Cosine of day of year
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Table S3.1. Annual climatic conditions and estimated greenhouse gas (GHG)
budgets. Air temperature (T.ir) and precipitation (P) are averaged across the sites.
Flux units are g [GHG]-C m? y!. CO; balances were estimated as the difference
between ecosystem respiration and gross primary productivity modeled using the
“daytime” method (see main text for reference). Negative GHG balance indicates net

uptake.

Natural Restored Cultivated
Year T,,°C P,mm CHs CO; CH:s CO; CHsy CO;
2019 13.9 1134 37.0 -132 324 -100 2.78 -170
2020 144 1593 37.2 -310 334 -365 1.90 -38
2021 143 1306 38.7 -363 36.2 -315 3.72 -105
2022 13.6 1195 31.0 -138 26.3 -210 2.99 -79
Avg. 14.1 1307 36.0 -236 32.1 -248 2.85 -98

Table S3.2. Wavelet variance (% of total) of CHs flux at different time scales.
Variance is shown for all data from 2019 to 2022, and for within the growing seasons
(DOY 100-300) of these years. The hourly scale was not included in further analyses.

All data Growing season
Site Hour- Diel Multi- Season- Hour- Diel Multi- Season-
ly day al ly day al
Natural 739 6.55 4.76 81.3 12.0 10.7 7.37 70.0
Restored 953 9.86 532 75.3 146 154 7.56 62.4
Cultivated 36.0 31.1 7.12 25.8 382 353 7.99 18.5
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Table S3.3. Multiresolution mutual information without lag and with lags of up to
+12 h for diel interactions, £10 d for multi-day interactions, and 60 d for seasonal

interactions.
Without lag Lagged
Scale Site Driver MI  p-value Lag MI p-value
Diel Natural Tsoil 0.003 0.13 -9h 0.008 0.01
GPP 0.036  0.01 Oh 0.036 0.01
WL 0.009  0.01 -12h 0.012  0.01
Restored  Tsoil 0.021  0.01 +11h 0.029  0.01
GPP 0.049  0.01 Oh 0.049 0.01
WL 0.009  0.02 +7h 0.034 0.01
Cultivated  Tsoil -0.018  0.73 +4h 0.040 0.01
GPP 0.049  0.01 Oh 0.049 0.01
SWC 0.004  0.07 -7h 0.018 0.01
Multi-day Natural Tsoil 0.088  0.01 +1.0d 0.163  0.01
GPP 0.006  0.31 -2.5d 0.030 0.02
WL 0.015 0.17 -6.0d 0.038  0.02
Restored  Tsoil 0.148  0.01 +0.5d 0.170  0.01
GPP 0.027  0.05 -1.5d 0.061  0.01
WL 0.022  0.06 -6.5d 0.051  0.01
Cultivated  Tsoil 0.036  0.01 +1.0d 0.055 0.01
GPP -0.007  0.76 -1.0d 0.048  0.01
SWC 0.033  0.01 0d 0.033 0.01
Seasonal ~ Natural Tsoil 0.167  0.01 +12d 0.193  0.01
GPP 0.138  0.05 -1d 0.139  0.01
WL -0.077  0.97 -59d 0.010 0.33
Restored  Tsoil 0.261  0.01 +2d 0266 0.01
GPP 0.150  0.06 +4d 0.160 0.06
WL -0.078  0.98 +60d 0.003  0.43
Cultivated  Tsoil 0.148  0.03 -3d 0.156  0.02
GPP 0.148  0.07 -16d 0.237  0.01
SWC 0.052 0.14 -5d 0.059 0.13
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Table S3.4. Results of univariate empirical dynamic modeling of CH4 flux. £ =
embedding dimension, 0 = state dependency parameter, Arho = increase in prediction
skill from linear to nonlinear parameterization of S-map projection.
Scale Site E 0 Arho
Diel Natural 3 3.5 5.34¢7
Restored 3 2.5 3.96¢?
Cultivated 3 3.5 7.20¢?
Multi-day Natural 5 2.0 3.68¢*

Restored 10 0.6 0.24¢*
Cultivated 4 0.1 0.0le*
Seasonal  Natural 5 15 541e3
Restored 8 1.3 4.2le?
Cultivated 6 1.0 1.92¢7
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Table S3.5. Results of convergent cross mapping (without time lag) for biophysical
drivers and CH4 flux. Cross-map skill (740) is the strength of causation. corr is the
magnitude of the linear correlation. Seasonal interactions were evaluated over first-
differenced data from 2019 to 2022; diel and multi-day interactions are from the 2021
growing season (DOY 100-300). Tsoii = soil temperature; GPP = gross primary
productivity; WL = water level; SWC = soil water content.
Scale Site Driver corr rho p-value
Diel Natural Tsoil 0.117 0.127  0.01
GPP 0.383 0.481 0.01
WL 0.090 0.106  0.01
Restored  Tsoil 0.295 0.371 0.01
GPP 0.434 0.580  0.01
WL 0.154 0.178  0.02
Cultivated Tsoil 0.097 0.544  0.01
GPP 0.337 0446 047
SWC 0.015 0.120 0.01
Multi-day Natural Tsoil 0.624 0.756  0.01
GPP 0.119 0.075 0.06
WL 0.043 -0.005 0.56
Restored  Tsoil 0.755 0.672  0.01
GPP 0.426 0.443 0.01
WL 0.062 0.069  0.07
Cultivated  Tsoil 0382 0.297  0.01
GPP 0.096 0.120  0.01
SWC 0.236  0.293 0.01
Seasonal  Natural Tsoil 0.603 0.873  0.01
GPP 0.608 0.647 1.00
WL 0.216 0.340  0.01
Restored  Tsoil 0.737 0.856  0.67
GPP 0.668 0.787  0.35
WL 0.181 0.402  0.01
Cultivated  Tsoil 0.458 0.711 1.00
GPP 0.641 0.634 1.00
SWC  0.077 0.288 1.00
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Table S3.6. Annual sustained global warming potential (SGWP) based on estimated
CO; and CHj4 budgets (see Table S3.1). SGWP is given in g CO; eq. m? y! and
calculated over 20, 100, and 500-y time horizons as in Neubauer & Megonigal
(2015). Positive SGWP = net warming; negative SGWP = net cooling.

Natural Restored Cultivated
Year 20-y 100-y 500-y 20-y 100-y 500-y 20-y 100-y 500-y
2019 3419 1533 386 3010 1358 354 96.8 -449 -131
2020 3260 1363 211 2842 1138 103 144 474 -114
2021 3357 1381 179 3157 1312 191 252 619 -534
2022 2836 1256 295 2311 972 158 208 559 -36.7
Avg. 3218 1383 268 2830 1195 201 175 30.1 -58.1

128



Summary and conclusions

This dissertation examined variability in soil carbon storage and greenhouse
gas emissions mid-Atlantic Coastal Plain wetlands.

In Chapter 1, I studied the variability of soil organic carbon (SOC) storage
across a wetland landscape. I merged two datasets to estimate SOC stocks in 25
different wetlands, and in three different vegetation zones of heterogeneous wetlands.
I conducted an analysis of fine-resolution hydrologic and remotely sensed
topographic data to identify potential drivers of natural variability. I showed a wide
range of SOC stocks among natural wetlands with similar vegetation and
hydrogeomorphology, highlighting the inherent uncertainty in defining reference
conditions for restored wetlands. I found that hydrology explains some variability in
wetland SOC, but that hydrologic metrics beyond traditional ones like hydroperiod
need to be considered, and that relative topography explains similar variability with
more potential for upscaling. Based on my findings, I made recommendations to help
guide restoration science on issues of baseline data, setting realistic targets, and
accurate assessment.

In Chapter 2, I investigated how methane (CH4) flux varies between
vegetation patch types in a spatially heterogeneous wetland. I used a multi-scale
approach with field sampling campaigns and footprint modeling of flux tower data. I
developed a Bayesian model that produced robust estimates of patch-type fluxes,
integrating data over three months and a broad wetland area. My field measurements
revealed distinct flux distributions across patch types, suggesting that the mechanisms
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regulating CHg4 flux are patch-specific. By extending my inference across the wetland,
I found that patch types were likely different source of CHas. These results support the
view that patches organize the spatial variability in CHa, and that for spatially
heterogeneous wetlands, CH4 may be best represented at the scale of patch types,
rather than for entire wetlands.

In Chapter 3, I analyzed temporal variability in CH4 flux and its relationships
with biophysical drivers in a natural wetland, a restored wetland, and a cultivated
former wetland. I compiled four years of continuous eddy covariance flux data as
well as drivers soil temperature, gross primary productivity, and hydrologic variables
from each site. I applied two emerging frameworks, multiresolution mutual
information and empirical dynamic modeling, to describe both undirected and causal
interactions between drivers and CHgy flux. I found that interactions varied between
sites and across time scales, but that the temporal dynamics of CH4 flux in the
restored wetland resembled those in the natural wetland. I hypothesized mechanisms
that may have produced the observed patterns and relationships.

When considering the net climate impact of wetland restoration, the balance
between CH4 emissions and CO; uptake is of primary concern, but other components
of the C cycle should not be overlooked. Hydrologic fluxes (i.e., runoff, groundwater
flow, and temporary surface water connections) carry dissolved gases, dissolved
organic matter, and particulate organic matter that can contribute significantly to
wetland C budgets (Chu et al., 2015). In addition, greenhouse gas budgets are
incomplete without accounting for nitrous oxide (N2O) emissions. N>O is produced

by incomplete denitrification and is therefore most important in wetlands with flashy
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hydrology or cultivated former wetlands where soils experience frequent redox
fluctuations (Morse et al., 2012).

Most available evidence, including that presented in this dissertation, suggests
that freshwater wetland restoration is not a near-term pathway to climate mitigation
(Schuster et al., 2024). CH4 emissions from wetlands are significant and growing—
wetlands are thought to be primarily responsible for the recent increase in
atmospheric CH4 (Michel et al., 2024). Because the radiative effect of CH4 emissions
operates on a much shorter time scale than CO> uptake, the potential climate benefits
of wetland restoration are likely to be realized long after the most damaging effects of
climate change have occurred.

More generally, the framing of restoration as a "natural" or "nature-based
climate solution" should be met with skepticism. This terminology has recently
gained traction but has great potential to mislead and misdirect. Despite the promise
of mitigating climate change through ecosystem management, the realistic impact of
such measures is likely to be limited. For example, Schlesinger & Amundson (2019)
estimated that enhancing carbon storage in agricultural soils would offset at most 5%
of annual fossil fuel CO2 emissions, and it is widely agreed that natural climate
solutions must be part of a much broader strategy to address climate change.
Therefore, “solution” is a careless use of language that at best distracts from the
overriding need to preserve intact ecosystems and end the burning of fossil fuels, and
at worst suggests that nature can be co-opted to sustain human activities with

impunity.
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Regardless of climate impacts, restoration remains important to regain other
beneficial wetland functions and services such as nutrient removal (denitrification,
phosphorus retention), flood control, and biodiversity. As restoration continues,
practitioners need to be informed about the potential greenhouse gas consequences of
their interventions. Studies have shown that flooding management may reduce CHy
emissions (Chamberlain et al., 2016), and vegetation management may both increase
CO; uptake (Valach et al., 2021) and reduce CH4 emissions (Silvey et al., 2019).

On the Delmarva Peninsula, one restoration practice with potential greenhouse
gas consequences is the preference for open-canopy emergent systems over the more
naturally abundant forested wetlands. In Chapter 1, I presented similar ranges of SOC
stocks in forested and emergent wetlands, but other studies have found higher SOC in
forested than nonforested wetlands (e.g., Davila & Bohlen, 2021; Marin-Muiiz et al.,
2014). Moreover, Hondula et al. (2021) reported average CH4 emissions ranging from
4.56 to 35.6 mg CH4-C m™2 d! for six natural forested Delmarva bays over one year
of measurements. These averages translate to one-year CH4 sources of 1.66 to 13.0 g
m2, compared to 31.0-38.7 and 26.3-36.2 g m™, respectively, for the natural and
restored emergent wetland I examined in Chapter 3. Biogeochemical differences such
as lower soil temperatures, phenolic-rich litter inputs, lack of herbaceous vegetation,
and more dynamic hydrologic conditions are all plausible in forested wetlands
(compared to emergent wetlands) and could result in systematically lower CHy
emissions. Emergent wetlands are favored as habitat for wildlife and rare plant
species in the Delmarva region and elsewhere, but such a focus on biodiversity may

involve a trade-off with climate mitigation services.
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The research presented in this dissertation highlights the current uncertainty in
the exact climate impacts of wetland restoration. Wetland ecosystem processes are
inherently variable and context dependent, meaning that unexpected outcomes should
be expected. As the interactions between land-use change and environmental
variability take shape, restoration science should resist the temptation, and likely
hubris, of precision. Management should be based on local knowledge and remain
flexible, allowing restored wetlands to follow their unique trajectories. Credit should
be earned, not assumed. Uncertainty should be recognized as a feature rather than a
flaw; after all, natural variability in wetland C storage is rooted in the heterogeneity
of landscapes, and spatial heterogeneity of patches is not just a challenge to modeling

and estimating emissions, but a fundamental property of wetland gas exchange.

133



134



Bibliography

Abdalla, M., Hastings, A., Truu, J., Espenberg, M., Mander, U., & Smith, P. (2016).
Emissions of methane from northern peatlands: A review of management
impacts and implications for future management options. Ecology and
Evolution, 6(19), 7080—7102. https://doi.org/10.1002/ece3.2469

Akhtar, H., Lupascu, M., Sukri, R. S., Smith, T. E. L., Cobb, A. R., & Swarup, S.
(2020). Significant sedge-mediated methane emissions from degraded tropical
peatlands. Environmental Research Letters, 16(1), 014002.
https://doi.org/10.1088/1748-9326/abc7dc

Aldrich, E. (2020). wavelets: Functions for Computing Wavelet Filters, Wavelet
Transforms and Multiresolution Analyses (Version 0.3-0.2) [Computer
software]. https://CRAN.R-project.org/package=wavelets

Andrews, S. E., Schultz, R., Frey, S. D., Bouchard, V., Varner, R., & Ducey, M. J.
(2013). Plant community structure mediates potential methane production and

potential iron reduction in wetland mesocosms. Ecosphere, 4(4), 44.
https://doi.org/10.1890/ES12-00314.1

Anthony, T. L., & Silver, W. L. (2021). Hot moments drive extreme nitrous oxide and
methane emissions from agricultural peatlands. Global Change Biology,
27(20), 5141-5153. https://doi.org/10.1111/gcb.15802

Antonijevi¢, D., Hoffmann, M., Prochnow, A., Krabbe, K., Weituschat, M.,
Couwenberg, J., Ehlert, S., Zak, D., & Augustin, J. (2023). The unexpected
long period of elevated CH4 emissions from an inundated fen meadow ended
only with the occurrence of cattail (Typha latifolia). Global Change Biology,
29(13), 3678-3691. https://doi.org/10.1111/gcb.16713

Audet, J., Elsgaard, L., Kjaergaard, C., Larsen, S. E., & Hoffmann, C. C. (2013).
Greenhouse gas emissions from a Danish riparian wetland before and after
restoration. Ecological Engineering, 57, 170—182.
https://doi.org/10.1016/j.ecoleng.2013.04.021

Badiou, P., McDougal, R., Pennock, D., & Clark, B. (2011). Greenhouse gas
emissions and carbon sequestration potential in restored wetlands of the
Canadian prairie pothole region. Wetlands Ecology and Management, 19(3),
237-256. https://doi.org/10.1007/s11273-011-9214-6

Baldocchi, D. D., Falge, E., Gu, L., Olson, R., Hollinger, D., Running, S., Anthoni,
P., Bernhofer, C., Davis, K., Evans, R., Fuentes, J., Goldstein, A., Katul, G.,
Law, B., Lee, X., Malhi, Y., Meyers, T., Munger, W., Oechel, W., ... Wofsy,
S. (2001). FLUXNET: A new tool to study the temporal and spatial variability
of ecosystem—scale carbon dioxide, water vapor, and energy flux densities.
Bulletin of the American Meteorological Society, 82(11), 2415-2434.
https://doi.org/10.1175/1520-0477(2001)082<2415:FANTTS>2.3.CO:2

135



Ballantine, K., & Schneider, R. (2009). Fifty-five years of soil development in
restored freshwater depressional wetlands. Ecological Applications, 19(6),
1467-1480. https://doi.org/10.1890/07-0588.1

Bao, T., Jia, G., & Xu, X. (2021). Wetland heterogeneity determines methane
emissions: A pan-Arctic synthesis. Environmental Science & Technology,
55(14), 10152—-10163. https://doi.org/10.1021/acs.est.1c01616

Barbosa, P. M., Melack, J. M., Amaral, J. H. F., Linkhorst, A., & Forsberg, B. R.
(2021). Large seasonal and habitat differences in methane ebullition on the

Amazon floodplain. Journal of Geophysical Research: Biogeosciences,
126(7), €2020JG005911. https://doi.org/10.1029/2020JG00591 1

Barksdale, W. F., Anderson, C. J., & Kalin, L. (2014). The influence of watershed
run-off on the hydrology, forest floor litter and soil carbon of headwater
wetlands. Ecohydrology, 7(2), 803—814. https://doi.org/10.1002/eco.1404

Bastviken, D., Treat, C. C., Pangala, S. R., Gauci, V., Enrich-Prast, A., Karlson, M.,
Galfalk, M., Romano, M. B., & Sawakuchi, H. O. (2023). The importance of
plants for methane emission at the ecosystem scale. Aquatic Botany, 184,
103596. https://doi.org/10.1016/j.aquabot.2022.103596

Bates, D., Méchler, M., Bolker, B., & Walker, S. (2015). Fitting linear mixed-effects
models using lme4. Journal of Statistical Software, 67, 1-48.
https://doi.org/10.18637/jss.v067.101

Beaulieu, J. J., Balz, D. A., Birchfield, M. K., Harrison, J. A., Nietch, C. T., Platz, M.
C., Squier, W. C., Waldo, S., Walker, J. T., White, K. M., & Young, J. L.
(2018). Effects of an experimental water-level drawdown on methane
emissions from a eutrophic reservoir. Ecosystems, 21(4), 657-674.
https://doi.org/10.1007/s10021-017-0176-2

Berg, G., & Smalla, K. (2009). Plant species and soil type cooperatively shape the
structure and function of microbial communities in the rhizosphere. FEMS
Microbiology Ecology, 68(1), 1-13. https://doi.org/10.1111/].1574-
6941.2009.00654.x

Bernal, B., & Mitsch, W. J. (2012). Comparing carbon sequestration in temperate
freshwater wetland communities. Global Change Biology, 18(5), 1636—1647.
https://doi.org/10.1111/].1365-2486.2011.02619.x

Bezabih Beyene, B., Li, J., Yuan, J., Dong, Y., Liu, D., Chen, Z., Kim, J., Kang, H.,
Freeman, C., & Ding, W. (2022). Non-native plant invasion can accelerate
global climate change by increasing wetland methane and terrestrial nitrous
oxide emissions. Global Change Biology, 28(18), 5453—-5468.
https://doi.org/10.1111/gcb.16290

Bhullar, G. S., Edwards, P. J., & Olde Venterink, H. (2013). Variation in the plant-
mediated methane transport and its importance for methane emission from
intact wetland peat mesocosms. Journal of Plant Ecology, 6(4), 298-304.
https://doi.org/10.1093/jpe/rts045

136



Bhullar, G. S., Iravani, M., Edwards, P. J., & Olde Venterink, H. (2013). Methane
transport and emissions from soil as affected by water table and vascular
plants. BMC Ecology, 13(1), 32. https://doi.org/10.1186/1472-6785-13-32

Bishop, T. F. A., McBratney, A. B., & Laslett, G. M. (1999). Modelling soil attribute
depth functions with equal-area quadratic smoothing splines. Geoderma,
91(1), 27-45. https://doi.org/10.1016/S0016-7061(99)00003-8

Blake, G. R., & Hartge, K. H. (1986). Bulk density. In A. Klute (Ed.), Methods of Soil
Analysis Part 1: Physical and Mineralogical Methods (pp. 363-375). Soil
Science Society of America. https://doi.org/10.2136/sssabookser5.1.2ed.c13

Bortolotti, L. E., St. Louis, V. L., & Vinebrooke, R. D. (2019). Drivers of ecosystem
metabolism in restored and natural prairie wetlands. Canadian Journal of
Fisheries and Aquatic Sciences, 76(12), 2396-2407.
https://doi.org/10.1139/cjfas-2018-0419

Bossio, D. A., Cook-Patton, S. C., Ellis, P. W., Fargione, J., Sanderman, J., Smith, P.,
Wood, S., Zomer, R. J., von Unger, M., Emmer, I. M., & Griscom, B. W.
(2020). The role of soil carbon in natural climate solutions. Nature
Sustainability, 3(5), Article 5. https://doi.org/10.1038/s41893-020-0491-z

Botson, B. A., Gawlik, D. E., & Trexler, J. C. (2016). Mechanisms that generate
resource pulses in a fluctuating wetland. PLOS ONE, 11(7), e0158864.
https://doi.org/10.1371/journal.pone.0158864

Bousquet, P., Ciais, P., Miller, J. B., Dlugokencky, E. J., Hauglustaine, D. A., Prigent,
C., Van der Werf, G. R., Peylin, P., Brunke, E.-G., Carouge, C., Langenfelds,
R. L., Lathi¢re, J., Papa, F., Ramonet, M., Schmidt, M., Steele, L. P., Tyler, S.
C., & White, J. (2006). Contribution of anthropogenic and natural sources to
atmospheric methane variability. Nature, 443(7110), Article 7110.
https://doi.org/10.1038/nature05132

Branton, C., & Robinson, D. T. (2020). Quantifying topographic characteristics of
wetlandscapes. Wetlands, 40(2), 433—449. https://doi.org/10.1007/s13157-
019-01187-2

Bridgham, S. D., Cadillo-Quiroz, H., Keller, J. K., & Zhuang, Q. (2013). Methane
emissions from wetlands: Biogeochemical, microbial, and modeling
perspectives from local to global scales. Global Change Biology, 19(5), 1325—
1346. https://doi.org/10.1111/gcb.12131

Brinson, M. M. (1993). Changes in the functioning of wetlands along environmental
gradients. Wetlands, 13(2), 65—74. https://doi.org/10.1007/BF03160866

Brinson, M. M., Lugo, A. E., & Brown, S. (1981). Primary productivity,
decomposition and consumer activity in freshwater wetlands. Annual Review
of Ecology and Systematics, 12(1), 123-161.
https://doi.org/10.1146/annurev.es.12.110181.001011

137



Brinson, M. M., & Rheinhardt, R. (1996). The role of reference wetlands in
functional assessment and mitigation. Ecological Applications, 6(1), 69-76.
https://doi.org/10.2307/2269553

Briones, M. J. 1., Juan-Ovejero, R., McNamara, N. P., & Ostle, N. J. (2022).
Microbial “hotspots” of organic matter decomposition in temperate peatlands
are driven by local spatial heterogeneity in abiotic conditions and not by
vegetation structure. Soil Biology and Biochemistry, 165, 108501.
https://doi.org/10.1016/j.s0i1b10.2021.108501

Brooks, R. P., Wardrop, D. H., Cole, C. A., & Campbell, D. A. (2005). Are we
purveyors of wetland homogeneity? A model of degradation and restoration to
improve wetland mitigation performance. Ecological Engineering, 24(4),
331-340. https://doi.org/10.1016/j.ecoleng.2004.07.009

Brooks, R. T., & Hayashi, M. (2002). Depth-area-volume and hydroperiod
relationships of ephemeral (vernal) forest pools in southern New England.
Wetlands, 22(2), 247-255. https://doi.org/10.1672/0277-
5212(2002)022[0247:DAVAHR]2.0.CO:2

Brown, M. G., Humphreys, E. R., Moore, T. R., Roulet, N. T., & Lafleur, P. M.
(2014). Evidence for a nonmonotonic relationship between ecosystem-scale
peatland methane emissions and water table depth. Journal of Geophysical
Research: Biogeosciences, 119(5), 826—835.
https://doi.org/10.1002/2013JG002576

Brudvig, L. A., & Catano, C. P. (2021). Prediction and uncertainty in restoration
science. Restoration Ecology, €13380. https://doi.org/10.1111/rec.13380

Bruland, G. L., & Richardson, C. J. (2005). Spatial variability of soil properties in
created, restored, and paired natural wetlands. Soil Science Society of America
Journal, 69(1), 273-284. https://doi.org/10.2136/sssaj2005.0273

Bruland, G. L., Richardson, C. J., & Whalen, S. C. (2006). Spatial variability of
denitrification potential and related soil properties in created, restored, and
paired natural wetlands. Wetlands, 26(4), 1042—-1056.
https://doi.org/10.1672/0277-5212(2006)26[1042:SVODPA]2.0.CO;2

Bullock, A., & Acreman, M. (2003). The role of wetlands in the hydrological cycle.
Hydrology and Earth System Sciences, 7(3), 358-389.
https://doi.org/10.5194/hess-7-358-2003

Calabrese, S., Garcia, A., Wilmoth, J. L., Zhang, X., & Porporato, A. (2021). Critical
inundation level for methane emissions from wetlands. Environmental
Research Letters, 16(4), 044038. https://doi.org/10.1088/1748-9326/abedea

Capps, K. A., Rancatti, R., Tomczyk, N., Parr, T. B., Calhoun, A. J. K., & Hunter, M.
(2014). Biogeochemical hotspots in forested landscapes: The role of vernal

pools in denitrification and organic matter processing. Ecosystems, 17(8),
1455-1468. https://doi.org/10.1007/s10021-014-9807-z

138



Caraco, N., Cole, J., Findlay, S., & Wigand, C. (2006). Vascular plants as engineers
of oxygen in aquatic systems. BioScience, 56(3), 219-225.
https://doi.org/10.1641/0006-3568(2006)056[0219:VPAEOQO]2.0.CO;2

Carmichael, M. J., Bernhardt, E. S., Brauer, S. L., & Smith, W. K. (2014). The role of
vegetation in methane flux to the atmosphere: Should vegetation be included
as a distinct category in the global methane budget? Biogeochemistry, 119(1—
3), 1-24. https://doi.org/10.1007/s10533-014-9974-1

Carnell, P. E., Windecker, S. M., Brenker, M., Baldock, J., Masque, P., Brunt, K., &
Macreadie, P. 1. (2018). Carbon stocks, sequestration, and emissions of
wetlands in south eastern Australia. Global Change Biology, 24(9), 4173—
4184. https://doi.org/10.1111/gcb.14319

Carpenter, B., Gelman, A., Hoffman, M. D., Lee, D., Goodrich, B., Betancourt, M.,
Brubaker, M., Guo, J., Li, P., & Riddell, A. (2017). Stan: A probabilistic
programming language. Journal of Statistical Software, 76, 1-32.
https://doi.org/10.18637/ss.v076.101

Chamberlain, S. D., Gomez-Casanovas, N., Walter, M. T., Boughton, E. H.,
Bernacchi, C. J., DeLucia, E. H., Groffman, P. M., Keel, E. W., & Sparks, J.
P. (2016). Influence of transient flooding on methane fluxes from subtropical

pastures. Journal of Geophysical Research: Biogeosciences, 121(3), 965-977.
https://doi.org/10.1002/2015JG003283

Chandler, H. C., McLaughlin, D. L., Gorman, T. A., McGuire, K. J., Feaga, J. B., &
Haas, C. A. (2017). Drying rates of ephemeral wetlands: Implications for
breeding amphibians. Wetlands, 37(3), 545-557.
https://doi.org/10.1007/s13157-017-0889-1

Chang, C.-W., Ushio, M., & Hsieh, C. (2017). Empirical dynamic modeling for
beginners. Ecological Research, 32(6), 785-796.
https://doi.org/10.1007/s11284-017-1469-9

Chang, K.-Y., Riley, W. J., Crill, P. M., Grant, R. F., & Saleska, S. R. (2020).
Hysteretic temperature sensitivity of wetland CHa4 fluxes explained by
substrate availability and microbial activity. Biogeosciences, 17(22), 5849—
5860. https://doi.org/10.5194/bg-17-5849-2020

Chang, K.-Y., Riley, W. J., Knox, S. H., Jackson, R. B., McNicol, G., Poulter, B.,
Aurela, M., Baldocchi, D., Bansal, S., Bohrer, G., Campbell, D. 1., Cescatti,
A., Chu, H., Delwiche, K. B., Desai, A. R., Euskirchen, E., Friborg, T.,
Goeckede, M., Helbig, M., ... Zona, D. (2021). Substantial hysteresis in
emergent temperature sensitivity of global wetland CH4 emissions. Nature
Communications, 12(1), 2266. https://doi.org/10.1038/s41467-021-22452-1

Chanlabut, U., Gomontean, B., & Srifa, A. (2020). Soil organic carbon stocks across
hydrologic schemes in freshwater wetlands of the Chi River Basin, Northeast
Thailand. Wetlands, 40(2), 377-389. https://doi.org/10.1007/s13157-019-
01181-8

139



Chanton, J. P., Whiting, G. J., Happell, J. D., & Gerard, G. (1993). Contrasting rates
and diurnal patterns of methane emission from emergent aquatic macrophytes.
Aquatic Botany, 46(2), 111-128. https://doi.org/10.1016/0304-
3770(93)90040-4

Chapman, S. K., Hayes, M. A., Kelly, B., & Langley, J. A. (2019). Exploring the
oxygen sensitivity of wetland soil carbon mineralization. Biology Letters,
15(1),20180407. https://doi.org/10.1098/rsbl.2018.0407

Chen, H., Xu, X., Fang, C., Li, B., & Nie, M. (2021). Differences in the temperature
dependence of wetland CO: and CHa emissions vary with water table depth.
Nature Climate Change, 1-6. https://doi.org/10.1038/s41558-021-01108-4

Chen, H., Zou, J., Cui, J., Nie, M., & Fang, C. (2018). Wetland drying increases the
temperature sensitivity of soil respiration. Soil Biology and Biochemistry, 120,
24-27. https://doi.org/10.1016/j.50ilbi0.2018.01.035

Christensen, T. R., Ekberg, A., Strém, L., Mastepanov, M., Panikov, N., Oquist, M.,
Svensson, B. H., Nykénen, H., Martikainen, P. J., & Oskarsson, H. (2003).
Factors controlling large scale variations in methane emissions from wetlands.
Geophysical Research Letters, 30(7). https://doi.org/10.1029/2002GL016848

Chu, H., Chen, J., Gottgens, J. F., Ouyang, Z., John, R., Czajkowski, K., & Becker, R.
(2014). Net ecosystem methane and carbon dioxide exchanges in a Lake Erie
coastal marsh and a nearby cropland. Journal of Geophysical Research:
Biogeosciences, 119(5), 722-740. https://doi.org/10.1002/2013JG002520

Chu, H., Gottgens, J. F., Chen, J., Sun, G., Desai, A. R., Ouyang, Z., Shao, C., &
Czajkowski, K. (2015). Climatic variability, hydrologic anomaly, and
methane emission can turn productive freshwater marshes into net carbon
sources. Global Change Biology, 21(3), 1165-1181.
https://doi.org/10.1111/gcb.12760

Chu, H., Luo, X., Ouyang, Z., Chan, W. S., Dengel, S., Biraud, S. C., Torn, M. S.,
Metzger, S., Kumar, J., Arain, M. A., Arkebauer, T. J., Baldocchi, D.,
Bernacchi, C., Billesbach, D., Black, T. A., Blanken, P. D., Bohrer, G.,
Bracho, R., Brown, S., ... Zona, D. (2021). Representativeness of eddy-
covariance flux footprints for areas surrounding AmeriFlux sites. Agricultural
and Forest Meteorology, 301-302, 108350.
https://doi.org/10.1016/j.agrformet.2021.108350

Cianciolo, T. R., Diamond, J. S., McLaughlin, D. L., Slesak, R. A., D’Amato, A. W.,
& Palik, B. J. (2021). Hydrologic variability in black ash wetlands:
Implications for vulnerability to emerald ash borer. Hydrological Processes,
35(4), e14014. https://doi.org/10.1002/hyp.14014

Conn, P. B., Johnson, D. S., Williams, P. J., Melin, S. R., & Hooten, M. B. (2018). A
guide to Bayesian model checking for ecologists. Ecological Monographs,
88(4), 526-542. https://doi.org/10.1002/ecm.1314

Conrad, O., Bechtel, B., Bock, M., Dietrich, H., Fischer, E., Gerlitz, L., Wehberg, J.,
Wichmann, V., & Bohner, J. (2015). System for Automated Geoscientific

140




Analyses (SAGA) v. 2.1.4. Geoscientific Model Development, 8(7), 1991—
2007. https://doi.org/10.5194/gmd-8-1991-2015

Couwenberg, J., Thiele, A., Tanneberger, F., Augustin, J., Bérisch, S., Dubovik, D.,
Liashchynskaya, N., Michaelis, D., Minke, M., Skuratovich, A., & Joosten, H.
(2011). Assessing greenhouse gas emissions from peatlands using vegetation
as a proxy. Hydrobiologia, 674(1), 67—89. https://doi.org/10.1007/s10750-
011-0729-x

Daugherty, E. E., McKee, G. A., Bergstrom, R., Burton, S., Pallud, C., Hubbard, R.
M., Kelly, E. F., Rhoades, C. C., & Borch, T. (2019). Hydrogeomorphic
controls on soil carbon composition in two classes of subalpine wetlands.
Biogeochemistry, 145(1), 161-175. https://doi.org/10.1007/s10533-019-

00597-y

Davidson, N. C. (2014). How much wetland has the world lost? Long-term and recent
trends in global wetland area. Marine and Freshwater Research, 65(10), 934—
941. https://doi.org/10.1071/MF14173

Davidson, S. J., Sloan, V. L., Phoenix, G. K., Wagner, R., Fisher, J. P., Oechel, W.
C., & Zona, D. (2016). Vegetation type dominates the spatial variability in
CH.4 emissions across multiple arctic tundra landscapes. Ecosystems, 19(6),
1116-1132. https://doi.org/10.1007/s10021-016-9991-0

Davila, A., & Bohlen, P. J. (2021). Hydro-ecological controls on soil carbon storage
in subtropical freshwater depressional wetlands. Wetlands, 41(5), 66.
https://doi.org/10.1007/s13157-021-01453-2

Day, F. P., & Megonigal, P. (1993). The relationship between variable hydroperiod,
production allocation, and belowground organic turnover in forested wetlands.
Wetlands, 13(2), 115—121. https://doi.org/10.1007/BF03160871

Day, R. T., Keddy, P. A., McNeill, J., & Carleton, T. (1988). Fertility and disturbance
gradients: A summary model for riverine marsh vegetation. Ecology, 69(4),
1044-1054. https://doi.org/10.2307/1941260

De Steven, D., Sharitz, R. R., Singer, J. H., & Barton, C. D. (2006). Testing a passive
revegetation approach for restoring coastal plain depression wetlands.
Restoration Ecology, 14(3), 452—-460. https://doi.org/10.1111/].1526-
100X.2006.00153.x

Delwiche, K. B., Knox, S. H., Malhotra, A., Fluet-Chouinard, E., McNicol, G., Feron,
S., Ouyang, Z., Papale, D., Trotta, C., Canfora, E., Cheah, Y.-W.,
Christianson, D., Alberto, M. C. R., Alekseychik, P., Aurela, M., Baldocchi,
D., Bansal, S., Billesbach, D. P., Bohrer, G., ... Jackson, R. B. (2021).
FLUXNET-CHa: A global, multi-ecosystem dataset and analysis of methane
seasonality from freshwater wetlands. Earth System Science Data, 13(7),
3607-3689. https://doi.org/10.5194/essd-13-3607-2021

Desrosiers, K., DelSontro, T., & del Giorgio, P. A. (2022). Disproportionate
contribution of vegetated habitats to the CH4 and CO- budgets of a boreal

141



lake. Ecosystems, 25(7), 1522—1541. https://doi.org/10.1007/s10021-021-
00730-9

Deyle, E. R., Maher, M. C., Hernandez, R. D., Basu, S., & Sugihara, G. (2016).
Global environmental drivers of influenza. Proceedings of the National
Academy of Sciences, 113(46), 13081-13086.
https://doi.org/10.1073/pnas.1607747113

Diaz, E., Adsuara, J. E., Martinez, A. M., Piles, M., & Camps-Valls, G. (2022).
Inferring causal relations from observational long-term carbon and water
fluxes records. Scientific Reports, 12(1), 1610.
https://doi.org/10.1038/s41598-022-05377-7

Ding, W., Cai, Z., & Tsuruta, H. (2004a). Diel variation in methane emissions from
the stands of Carex lasiocarpa and Deyeuxia angustifolia in a cool temperate
freshwater marsh. Atmospheric Environment, 38(2), 181-188.
https://doi.org/10.1016/j.atmosenv.2003.09.066

Ding, W., Cai, Z., & Tsuruta, H. (2004b). Summertime variation of methane
oxidation in the rhizosphere of a Carex dominated freshwater marsh.
Atmospheric Environment, 38(25), 4165-4173.
https://doi.org/10.1016/j.atmosenv.2004.04.022

Dinsmore, K. J., Skiba, U. M., Billett, M. F., Rees, R. M., & Drewer, J. (2009).
Spatial and temporal variability in CHs and N2O fluxes from a Scottish
ombrotrophic peatland: Implications for modelling and up-scaling. Soi/
Biology and Biochemistry, 41(6), 1315-1323.
https://doi.org/10.1016/].50i1bi0.2009.03.022

Dong, C., Zhu, W., Zhao, Y. Q., & Gao, M. (2011). Diurnal fluctuations in root
oxygen release rate and dissolved oxygen budget in wetland mesocosm.
Desalination, 272(1), 254-258. https://doi.org/10.1016/j.desal.2011.01.030

Dooling, G. P., Chapman, P. J., Baird, A. J., Shepherd, M. J., & Kohler, T. (2018).
Daytime-only measurements underestimate CH4 emissions from a restored
bog. Ecoscience, 25(3), 259-270.
https://doi.org/10.1080/11956860.2018.1449442

Dronova, 1., Gong, P., & Wang, L. (2011). Object-based analysis and change
detection of major wetland cover types and their classification uncertainty

during the low water period at Poyang Lake, China. Remote Sensing of
Environment, 115(12), 3220-3236. https://doi.org/10.1016/j.rse.2011.07.006

Dvorett, D., Bidwell, J., Davis, C., & DuBois, C. (2013). Assessing natural and
anthropogenic variability in wetland structure for two hydrogeomorphic

riverine wetland subclasses. Environmental Management, 52(4), 1009-1022.
https://doi.org/10.1007/s00267-013-0140-7

Ebisuzaki, W. (1997). A method to estimate the statistical significance of a
correlation when the data are serially correlated. Journal of Climate, 10(9),
2147-2153. https://doi.org/10.1175/1520-
0442(1997)010<2147:AMTETS>2.0.CO;2

142




Ellison, A. M. (2004). Bayesian inference in ecology. Ecology Letters, 7(6), 509—520.
https://doi.org/10.1111/j.1461-0248.2004.00603.x

Engelhardt, K. A. M. (2006). Relating effect and response traits in submersed aquatic
macrophytes. Ecological Applications, 16(5), 1808—1820.
https://doi.org/10.1890/1051-0761(2006)016[1808:REARTI]2.0.CO:2

Epting, S. M., Hosen, J. D., Alexander, L. C., Lang, M. W., Armstrong, A. W., &
Palmer, M. A. (2018). Landscape metrics as predictors of hydrologic
connectivity between Coastal Plain forested wetlands and streams.
Hydrological Processes, 32(4), 516-532. https://doi.org/10.1002/hyp.11433

Erkkild, K.-M., Ojala, A., Bastviken, D., Biermann, T., Heiskanen, J. J., Lindroth, A.,
Peltola, O., Rantakari, M., Vesala, T., & Mammarella, 1. (2018). Methane and
carbon dioxide fluxes over a lake: Comparison between eddy covariance,
floating chambers and boundary layer method. Biogeosciences, 15(2), 429—
445, https://doi.org/10.5194/bg-15-429-2018

Erwin, K. L. (2009). Wetlands and global climate change: The role of wetland
restoration in a changing world. Wetlands Ecology and Management, 17, 71—
84. https://doi.org/10.1007/s11273-008-9119-1

Esters, L., Rutgersson, A., Nilsson, E., & Sahlée, E. (2021). Non-local impacts on
eddy-covariance air—lake CO: fluxes. Boundary-Layer Meteorology, 178(2),
283-300. https://doi.org/10.1007/s10546-020-00565-2

Eugster, W., DelSontro, T., & Sobek, S. (2011). Eddy covariance flux measurements
confirm extreme CHa emissions from a Swiss hydropower reservoir and
resolve their short-term variability. Biogeosciences, 8(9), 2815-2831.
https://doi.org/10.5194/bg-8-2815-2011

Euliss, N. H., Smith, L. M., Wilcox, D. A., & Browne, B. A. (2008). Linking
ecosystem processes with wetland management goals: Charting a course for a
sustainable future. Wetlands, 28(3), 553-562. https://doi.org/10.1672/07-154.1

Fay, P. A., Guntenspergen, G. R., Olker, J. H., & Johnson, W. C. (2016). Climate
change impacts on freshwater wetland hydrology and vegetation cover cycling
along a regional aridity gradient. Ecosphere, 7(10), e01504.
https://doi.org/10.1002/ecs2.1504

Feng, X., Deventer, M. J., Lonchar, R., Ng, G. H. C., Sebestyen, S. D., Roman, D. T.,
Griffis, T. J., Millet, D. B., & Kolka, R. K. (2020). Climate sensitivity of
peatland methane emissions mediated by seasonal hydrologic dynamics.
Geophysical Research Letters, 47(17), €2020GL088875.
https://doi.org/10.1029/2020GL0O88875

Fennessy, M. S., Cronk, J. K., & Mitsch, W. J. (1994). Macrophyte productivity and
community development in created freshwater wetlands under experimental
hydrological conditions. Ecological Engineering, 3(4), 469—-484.
https://doi.org/10.1016/0925-8574(94)00013-1

143



Fennessy, M. S., Wardrop, D. H., Moon, J. B., Wilson, S., & Craft, C. (2018). Soil
carbon sequestration in freshwater wetlands varies across a gradient of
ecological condition and by ecoregion. Ecological Engineering, 114, 129—
136. https://doi.org/10.1016/j.ecoleng.2017.09.013

Fenstermacher, D. E., Rabenhorst, M. C., Lang, M. W., McCarty, G. W., &
Needelman, B. A. (2014). Distribution, morphometry, and land use of
Delmarva Bays. Wetlands, 34(6), 1219—-1228. https://doi.org/10.1007/s13157-
014-0583-5

Fenstermacher, D. E., Rabenhorst, M. C., Lang, M. W., McCarty, G. W., &
Needelman, B. A. (2016). Carbon in natural, cultivated, and restored
depressional wetlands in the Mid-Atlantic Coastal Plain. Journal of
Environmental Quality, 45(2), 743-750.
https://doi.org/10.2134/jeq2015.04.0186

Ferreira, T. O., Queiroz, H. M., Nébrega, G. N., de Souza Junior, V. S., Barcellos, D.,
Ferreira, A. D., & Otero, X. L. (2022). Litho-climatic characteristics and its
control over mangrove soil geochemistry: A macro-scale approach. Science of
The Total Environment, 811, 152152.
https://doi.org/10.1016/].scitotenv.2021.152152

Filippa, G., Cremonese, E., Migliavacca, M., Galvagno, M., Forkel, M., Wingate, L.,
Tomelleri, E., Morra di Cella, U., & Richardson, A. D. (2016). Phenopix: A R
package for image-based vegetation phenology. Agricultural and Forest
Meteorology, 220, 141-150. https://doi.org/10.1016/j.agrformet.2016.01.006

Finnigan, J. (2004). The footprint concept in complex terrain. Agricultural and Forest
Meteorology, 127(3), 117-129.
https://doi.org/10.1016/j.agrformet.2004.07.008

Foken, T., Goockede, M., Mauder, M., Mahrt, L., Amiro, B., & Munger, W. (2004).
Post-field data quality control. In X. Lee, W. Massman, & B. Law (Eds.),
Handbook of Micrometeorology (Vol. 29, Issue 1988, pp. 181-208). Kluwer
Academic Publishers. https://doi.org/10.1007/1-4020-2265-4 9

Foken, T., Leuning, R., Oncley, S. R., Mauder, M., & Aubinet, M. (2012).
Corrections and data quality control. In M. Aubinet, T. Vesala, & D. Papale
(Eds.), Eddy Covariance: A Practical Guide to Measurement and Data
Analysis (pp. 85—131). Springer Netherlands. https://doi.org/10.1007/978-94-
007-2351-1

Forbrich, I., Kutzbach, L., Wille, C., Becker, T., Wu, J., & Wilmking, M. (2011).
Cross-evaluation of measurements of peatland methane emissions on
microform and ecosystem scales using high-resolution landcover
classification and source weight modelling. Agricultural and Forest
Meteorology, 151(7), 864-874.
https://doi.org/10.1016/j.agrformet.2011.02.006

Forstmeier, W., & Schielzeth, H. (2011). Cryptic multiple hypotheses testing in linear
models: Overestimated effect sizes and the winner’s curse. Behavioral

144



Ecology and Sociobiology, 65(1), 47-55. https://doi.org/10.1007/s00265-010-
1038-5

Fox, J., & Weisberg, S. (2018). An R Companion to Applied Regression (3rd ed.).
Sage. https://us.sagepub.com/en-us/nam/an-r-companion-to-applied-
regression/book246125

Freeman, C., Ostle, N., & Kang, H. (2001). An enzymic “latch” on a global carbon
store. Nature, 409(6817), Article 6817. https://doi.org/10.1038/35051650

Fryda, T., LeDell, E., Gill, N., Aiello, S., Fu, A., Candel, A., Click, C., Kraljevic, T.,
Nykodym, T., Aboyoun, P., Kurka, M., Malohlava, M., Poirier, S., & Wong,
W. (2024). h20: R Interface for the “H20” Scalable Machine Learning
Platform (Version 3.44.0.3) [Computer software]. https://cran.r-
project.org/web/packages/h2o/index.html

Galatowitsch, S. M., & Zedler, Joy. B. (2014). Wetland restoration. In D. P. Batzer &
R. R. Sharitz (Eds.), Ecology of Freshwater and Estuarine Wetlands (2nd ed.,
pp. 606—693). University of California Press.
https://www.degruyter.com/document/doi/10.1525/9780520959118-011/html

Ge, M., Korrensalo, A., Laiho, R., Lohila, A., Makiranta, P., Pihlatie, M., Tuittila, E.-
S., Kohl, L., Putkinen, A., & Koskinen, M. (2023). Plant phenology and
species-specific traits control plant CH4 emissions in a northern boreal fen.
New Phytologist, 238(3), 1019-1032. https://doi.org/10.1111/nph.18798

Gedney, N., Cox, P. M., & Huntingford, C. (2004). Climate feedback from wetland
methane emissions. Geophysical Research Letters, 31(20).
https://doi.org/10.1029/2004G1.020919

Girkin, N. T., Turner, B. L., Ostle, N., Craigon, J., & Sjogersten, S. (2018). Root
exudate analogues accelerate CO2 and CH4 production in tropical peat. Soi/
Biology and Biochemistry, 117, 48-55.
https://doi.org/10.1016/].s0ilbi0.2017.11.008

Girkin, N. T., Vane, C. H., Cooper, H. V., Moss-Hayes, V., Craigon, J., Turner, B. L.,
Ostle, N., & Sjogersten, S. (2019). Spatial variability of organic matter
properties determines methane fluxes in a tropical forested peatland.
Biogeochemistry, 142(2), 231-245. https://doi.org/10.1007/s10533-018-0531-
1

Godwin, C. M., McNamara, P. J., & Markfort, C. D. (2013). Evening methane
emission pulses from a boreal wetland correspond to convective mixing in
hollows. Journal of Geophysical Research: Biogeosciences, 118(3), 994—
1005. https://doi.org/10.1002/jgrg.20082

Goldman, M. A., Needelman, B. A., Rabenhorst, M. C., Lang, M. W., McCarty, G.
W., & King, P. (2020). Digital soil mapping in a low-relief landscape to
support wetland restoration decisions. Geoderma, 373, 114420.
https://doi.org/10.1016/j.geoderma.2020.114420

145



Golladay, S. W., Clayton, B. A., Brantley, S. T., Smith, C. R., Qi, J., & Hicks, D. W.
(2021). Forest restoration increases isolated wetland hydroperiod: A long-term
case study. Ecosphere, 12(5), €03495. https://doi.org/10.1002/ecs2.3495

Goodrich, B., Gabry, J., Ali, L., & Brilleman, S. (2020). rstanarm: Bayesian applied
regression modeling via Stan (Version 2.21.1) [R]. https://mc-
stan.org/rstanarm/

Goodrich, J. P., Campbell, D. L., Roulet, N. T., Clearwater, M. J., & Schipper, L. A.
(2015). Overriding control of methane flux temporal variability by water table
dynamics in a Southern Hemisphere, raised bog. Journal of Geophysical
Research: Biogeosciences, 120(5), 819—831.
https://doi.org/10.1002/2014JG002844

Goodrich, J. P., Varner, R. K., Frolking, S., Duncan, B. N., & Crill, P. M. (2011).
High-frequency measurements of methane ebullition over a growing season at
a temperate peatland site. Geophysical Research Letters, 38(7).
https://doi.org/10.1029/2011GL046915

Goud, E. M., Moore, T. R., & Roulet, N. T. (2017). Predicting peatland carbon fluxes
from non-destructive plant traits. Functional Ecology, 31(9), 1824—1833.
https://doi.org/10.1111/1365-2435.12891

Goud, E. M., Touchette, S., Strachan, 1. B., & Strack, M. (2022). Graminoids vary in
functional traits, carbon dioxide and methane fluxes in a restored peatland:

Implications for modelling carbon storage. Journal of Ecology, 110(9), 2105—
2117. https://doi.org/10.1111/1365-2745.13932

Grasset, C., Abril, G., Mendonga, R., Roland, F., & Sobek, S. (2019). The
transformation of macrophyte-derived organic matter to methane relates to
plant water and nutrient contents. Limnology and Oceanography, 64(4), 1737—
1749. https://doi.org/10.1002/Ino.11148

Gray, A., Levy, P. E., Cooper, M. D. A., Jones, T., Gaiawyn, J., Leeson, S. R., Ward,
S. E., Dinsmore, K. J., Drewer, J., Sheppard, L. J., Ostle, N. J., Evans, C. D.,
Burden, A., & Zielinski, P. (2013). Methane indicator values for peatlands: A
comparison of species and functional groups. Global Change Biology, 19(4),
1141-1150. https://doi.org/10.1111/2¢b.12120

Gregorich, M., Strohmaier, S., Dunkler, D., & Heinze, G. (2021). Regression with
highly correlated predictors: Variable omission is not the solution.
International Journal of Environmental Research and Public Health, 15(8),
Atrticle 8. https://doi.org/10.3390/ijerph18084259

Griscom, B. W., Adams, J., Ellis, P. W., Houghton, R. A., Lomax, G., Miteva, D. A.,
Schlesinger, W. H., Shoch, D., Siikamiki, J. V., Smith, P., Woodbury, P.,
Zganjar, C., Blackman, A., Campari, J., Conant, R. T., Delgado, C., Elias, P.,
Gopalakrishna, T., Hamsik, M. R., ... Fargione, J. (2017). Natural climate
solutions. Proceedings of the National Academy of Sciences, 114(44), 11645—
11650. https://doi.org/10.1073/pnas.1710465114

146



Giinther, A., Barthelmes, A., Huth, V., Joosten, H., Jurasinski, G., Koebsch, F., &
Couwenberg, J. (2020). Prompt rewetting of drained peatlands reduces climate

warming despite methane emissions. Nature Communications, 11(1), Article
1. https://doi.org/10.1038/s41467-020-15499-z

Guo, H., Cui, S., Nielsen, C. K., Pullens, J. W. M., Qiu, C., & Wu, S. (2024).
Unraveling spatially diverse and interactive regulatory mechanisms of wetland
methane fluxes to improve emission estimation. Environmental Science &
Technology, 58(34), 15052—15065. https://doi.org/10.1021/acs.est.4c06057

Gustafson, E. J. (1998). Quantifying landscape spatial pattern: What is the state of the
art? Ecosystems, 1(2), 143—156. https://doi.org/10.1007/s100219900011

Hammond, M. P., & Kolasa, J. (2014). Spatial variation as a tool for inferring
temporal variation and diagnosing types of mechanisms in ecosystems. PLOS
ONE, 9(2), €89245. https://doi.org/10.1371/journal.pone.0089245

Harrison, X. A., Donaldson, L., Correa-Cano, M. E., Evans, J., Fisher, D. N.,
Goodwin, C. E. D., Robinson, B. S., Hodgson, D. J., & Inger, R. (2018). A
brief introduction to mixed effects modelling and multi-model inference in
ecology. PeerJ, 6, €4794. https://doi.org/10.7717/peerj.4794

Hassett, E., Bohrer, G., Kinsman-Costello, L., Onyango, Y., Pope, T., Smith, C.,
Missik, J., Eberhard, E., Villa, J., McMurray, S. E., & Morin, T. (2024).
Changes in inundation drive carbon dioxide and methane fluxes in a temperate
wetland. Science of The Total Environment, 915, 170089.
https://doi.org/10.1016/].scitotenv.2024.170089

Hatala, J. A., Detto, M., & Baldocchi, D. D. (2012). Gross ecosystem photosynthesis
causes a diurnal pattern in methane emission from rice. Geophysical Research
Letters, 39(L06409). https://doi.org/10.1029/2012GL051303

Hausser, J., & Strimmer, K. (2021). entropy. Estimation of Entropy, Mutual
Information and Related Quantities (Version 1.3.1) [Computer software].
https://CRAN.R-project.org/package=entropy

Hayashi, M., & van der Kamp, G. (2000). Simple equations to represent the volume—
area—depth relations of shallow wetlands in small topographic depressions.
Journal of Hydrology, 237(1), 74-85. https://doi.org/10.1016/S0022-
1694(00)00300-0

Hayashi, M., van der Kamp, G., & Rosenberry, D. O. (2016). Hydrology of prairie
wetlands: Understanding the integrated surface-water and groundwater
processes. Wetlands, 36(2), 237-254. https://doi.org/10.1007/s13157-016-
0797-9

Heger, A., Becker, J. N., Vasconez Navas, L. K., & Eschenbach, A. (2021). Factors
controlling soil organic carbon stocks in hardwood floodplain forests of the
lower middle Elbe River. Geoderma, 404, 115389.
https://doi.org/10.1016/j.geoderma.2021.115389

147



Helfter, C., Gondwe, M., Murray-Hudson, M., Makati, A., Lunt, M. F., Palmer, P. L.,
& Skiba, U. (2022). Phenology is the dominant control of methane emissions

in a tropical non-forested wetland. Nature Communications, 13(1), Article 1.
https://doi.org/10.1038/s41467-021-27786-4

Hemes, K. S., Chamberlain, S. D., Eichelmann, E., Knox, S. H., & Baldocchi, D. D.
(2018). A biogeochemical compromise: The high methane cost of

sequestering carbon in restored wetlands. Geophysical Research Letters,
45(12), 6081-6091. https://doi.org/10.1029/2018GL077747

Hersbach, H., Bell, B., Berrisford, P., Hirahara, S., Horanyi, A., Mufoz-Sabater, J.,
Nicolas, J., Peubey, C., Radu, R., Schepers, D., Simmons, A., Soci, C.,
Abdalla, S., Abellan, X., Balsamo, G., Bechtold, P., Biavati, G., Bidlot, J.,
Bonavita, M., ... Thépaut, J.-N. (2020). The ERAS5 global reanalysis.
Quarterly Journal of the Royal Meteorological Society, 146(730), 1999-2049.
https://doi.org/10.1002/qj.3803

Hiers, J. K., Jackson, S. T., Hobbs, R. J., Bernhardt, E. S., & Valentine, L. E. (2016).
The precision problem in conservation and restoration. Trends in Ecology &
Evolution, 31(11), 820—830. https://doi.org/10.1016/].tree.2016.08.001

Hiers, J. K., Mitchell, R. J., Barnett, A., Walters, J. R., Mack, M., Williams, B., &
Sutter, R. (2012). The dynamic reference concept: Measuring restoration
success in a rapidly changing no-analogue future. Ecological Restoration,
30(1), 27-36.

Hijmans, R. J., Bivand, R., Etten, J. van, Forner, K., Ooms, J., & Pebesma, E. (2022).
terra: Spatial data analysis (Version 1.5-21) [R]. https://CRAN.R-
project.org/package=terra

Hill, A. C., Schifer, K. V. R., Forbrich, 1., & Vargas, R. (2024). Empirical dynamic
modeling reveals complexity of methane fluxes in a temperate salt marsh.
Journal of Geophysical Research: Biogeosciences, 129(2), €2023JG007630.
https://doi.org/10.1029/2023JG007630

Hill, A. J., & Durchholz, B. (2015). Specific yield functions for estimating
evapotranspiration from diurnal surface water cycles. JAWRA Journal of the

American Water Resources Association, 51(1), 123—132.
https://doi.org/10.1111/jawr.12237

Hogan, D. M., Jordan, T. E., & Walbridge, M. R. (2004). Phosphorus retention and
soil organic carbon in restored and natural freshwater wetlands. Wetlands,
24(3), 573-585.

Holl, D., Pfeiffer, E.-M., & Kutzbach, L. (2020). Comparison of eddy covariance CO-
and CHa4 fluxes from mined and recently rewetted sections in a northwestern
German cutover bog. Biogeosciences, 17(10), 2853-2874.
https://doi.org/10.5194/bg-17-2853-2020

Holland, E. A., Robertson, G. P., Greenberg, J., Groffman, P. M., Boone, R. D., &
Gosz, J. R. (1999). Soil CO2, N20, and CH4 exchange. In G. P. Robertson, C.
S. Bledsoe, D. C. Coleman, & P. Sollins (Eds.), Standard Soil Methods for

148




Long-Term Ecological Research (pp. 185-201). Oxford University Press.
https://doi.org/10.1093/0s0/9780195120837.003.0010

Hollinger, D. Y., Kelliher, F. M., Byers, J. N., Hunt, J. E., McSeveny, T. M., & Weir,
P. L. (1994). Carbon dioxide exchange between an undisturbed old-growth
temperate forest and the atmosphere. Ecology, 75(1), 134—150.
https://doi.org/10.2307/1939390

Holm, G. O., & Sasser, C. E. (2008). The management and ecology of the wetland
grass, maidencane. Journal of Aquatic Plant Management, 46, 51-60.

Holmquist, J. R., Windham-Myers, L., Bliss, N., Crooks, S., Morris, J. T., Megonigal,
J. P, Troxler, T., Weller, D., Callaway, J., Drexler, J., Ferner, M. C.,
Gonneea, M. E., Kroeger, K. D., Schile-Beers, L., Woo, L., Buffington, K.,
Breithaupt, J., Boyd, B. M., Brown, L. N., ... Woodrey, M. (2018). Accuracy
and precision of tidal wetland soil carbon mapping in the conterminous United
States. Scientific Reports, 8(1), Article 1. https://doi.org/10.1038/s41598-018-
26948-7

Hondula, K. L., Jones, C. N., & Palmer, M. A. (2021). Effects of seasonal inundation
on methane fluxes from forested freshwater wetlands. Environmental
Research Letters, 16(8), 084016. https://doi.org/10.1088/1748-9326/ac1193

Horvath, E. K., Christensen, J. R., Mehaffey, M. H., & Neale, A. C. (2017). Building
a potential wetland restoration indicator for the contiguous United States.
Ecological Indicators, 83, 463—473.
https://doi.org/10.1016/j.ecolind.2017.07.026

Hossler, K., & Bouchard, V. (2010). Soil development and establishment of carbon-
based properties in created freshwater marshes. Ecological Applications,
20(2), 539-553. https://doi.org/10.1890/08-1330.1

Hruby, T. (2001). Testing the basic assumption of the hydrogeomorphic approach to
assessing wetland functions. Environmental Management, 27(5), 749-761.
https://doi.org/10.1007/s002670010185

Hsieh, C., Glaser, S. M., Lucas, A. J., & Sugihara, G. (2005). Distinguishing random
environmental fluctuations from ecological catastrophes for the North Pacific
Ocean. Nature, 435(7040), 336-340. https://doi.org/10.1038/nature03553

Hufkens, K., Basler, D., Milliman, T., Melaas, E. K., & Richardson, A. D. (2018). An
integrated phenology modelling framework in R. Methods in Ecology and
Evolution, 9(5), 1276-1285. https://doi.org/10.1111/2041-210X.12970

Hutchinson, M. F., & Gallant, J. C. (2000). Digital elevation models and
representation of terrain shape. In J. P. Wilson & J. C. Gallant (Eds.), Terrain
Analysis: Principles and Applications (pp. 29-50). John Wiley & Sons.
https://publications.csiro.au/rpr/pub?list=BRO&pid=procite:46fl1de5d-172¢-
418e-8696-da3b6f7b03ca

Hutjes, R. W. A., Vellinga, O. S., Gioli, B., & Miglietta, F. (2010). Dis-aggregation
of airborne flux measurements using footprint analysis. Agricultural and

149



Forest Meteorology, 150(7), 966-983.
https://doi.org/10.1016/j.agrformet.2010.03.004

Irvin, J., Zhou, S., McNicol, G., Lu, F., Liu, V., Fluet-Chouinard, E., Ouyang, Z.,
Knox, S. H., Lucas-Moffat, A., Trotta, C., Papale, D., Vitale, D., Mammarella,
L., Alekseychik, P., Aurela, M., Avati, A., Baldocchi, D., Bansal, S., Bohrer,
G., ... Jackson, R. B. (2021). Gap-filling eddy covariance methane fluxes:
Comparison of machine learning model predictions and uncertainties at
FLUXNET-CH4 wetlands. Agricultural and Forest Meteorology, 308—309,
108528. https://doi.org/10.1016/j.agrformet.2021.108528

Jackson, C. R., Thompson, J. A., & Kolka, R. K. (2014). Wetland soils, hydrology
and geomorphology. In D. P. Batzer & R. R. Sharitz (Eds.), Ecology of
Freshwater and Estuarine Wetlands (pp. 23—60). University of California
Press. http://www.fs.usda.gov/treesearch/pubs/47347

Jamoneau, A., Jan, G., Petitcollin, T., & Ribaudo, C. (2017). Biomass as a proxy for
available surface area in freshwater macrophytes: Influence of seasonality.
Aquatic Botany, 142, 91-95. https://doi.org/10.1016/j.aquabot.2017.07.005

Jarzemsky, R. D., Burchell, M. R., & Evans, R. O. (2013). The impact of
manipulating surface topography on the hydrologic restoration of a forested
coastal wetland. Ecological Engineering, 58, 35-43.
https://doi.org/10.1016/j.ecoleng.2013.06.002

Jeffrey, L. C., Maher, D. T., Johnston, S. G., Kelaher, B. P., Steven, A., & Tait, D. R.
(2019). Wetland methane emissions dominated by plant-mediated fluxes:
Contrasting emissions pathways and seasons within a shallow freshwater
subtropical wetland. Limnology and Oceanography, 64(5), 1895-1912.
https://doi.org/10.1002/In0.11158

Johns, C. V., Brownstein, G., Fletcher, A., Blick, R. A. J., & Erskine, P. D. (2015).
Detecting the effects of water regime on wetland plant communities: Which
plant indicator groups perform best? Aquatic Botany, 123, 54—63.
https://doi.org/10.1016/j.aquabot.2015.02.002

Johnson, Y. B., Shear, T. H., & James, A. L. (2012). Identifying ecohydrological
patterns in natural forested wetlands useful to restoration design.
Ecohydrology, 5(3), 368-379. https://doi.org/10.1002/eco.227

Johnson, Y. B., Shear, T. H., & James, A. L. (2014). Novel ways to assess forested
wetland restoration in North Carolina using ecohydrological patterns from
reference sites. Ecohydrology, 7(2), 692—702.
https://doi.org/10.1002/eco.1390

Jones, C. G., Lawton, J. H., & Shachak, M. (1994). Organisms as ecosystem
engineers. Oikos, 69(3), 373-386. https://doi.org/10.2307/3545850

Jones, C. N., Evenson, G. R., McLaughlin, D. L., Vanderhoof, M. K., Lang, M. W.,
McCarty, G. W., Golden, H. E., Lane, C. R., & Alexander, L. C. (2018).
Estimating restorable wetland water storage at landscape scales. Hydrological
Processes, 32(2), 305-313. https://doi.org/10.1002/hyp.11405

150




Jones, M. C., Willard, D. A., Wurster, F. C., & Huber, M. (2024). Quantifying post-
colonial peat carbon loss from a drained forested peatland, Great Dismal
Swamp National Wildlife Refuge, USA. Journal of Geophysical Research:
Biogeosciences, 129(10), €2024JG008137.
https://doi.org/10.1029/2024JG008137

Juottonen, H., Hynninen, A., Nieminen, M., Tuomivirta, T. T., Tuittila, E.-S.,
Nousiainen, H., Kell, D. K., Yrjél4, K., Tervahauta, A., & Fritze, H. (2012).
Methane-cycling microbial communities and methane emission in natural and
restored peatlands. Applied and Environmental Microbiology, 78(17), 6386—
6389. https://doi.org/10.1128/AEM.00261-12

Kalhori, A., Wille, C., Gottschalk, P., Li, Z., Hashemi, J., Kemper, K., & Sachs, T.
(2024). Temporally dynamic carbon dioxide and methane emission factors for

rewetted peatlands. Communications Earth & Environment, 5(1), 1-11.
https://doi.org/10.1038/s43247-024-01226-9

Kao-Kniffin, J., Freyre, D. S., & Balser, T. C. (2010). Methane dynamics across
wetland plant species. Aquatic Botany, 93(2), 107—113.
https://doi.org/10.1016/j.aquabot.2010.03.009

Kasak, K., Valach, A. C., Rey-Sanchez, C., Kill, K., Shortt, R., Liu, J., Dronova, L.,
Mander, U., Szutu, D., Verfaillie, J., & Baldocchi, D. D. (2020). Experimental
harvesting of wetland plants to evaluate trade-offs between reducing methane
emissions and removing nutrients accumulated to the biomass in constructed
wetlands. Science of The Total Environment, 715, 136960.
https://doi.org/10.1016/j.scitotenv.2020.136960

Kayranli, B., Scholz, M., Mustafa, A., & Hedmark, A. (2010). Carbon storage and
fluxes within freshwater wetlands: A critical review. Wetlands, 30(1), 111—
124. https://doi.org/10.1007/s13157-009-0003-4

Kelleway, J. J., Adame, M. F., Gorham, C., Bratchell, J., Serrano, O., Lavery, P. S.,
Owers, C. J., Rogers, K., Nagel-Tynan, Z., & Saintilan, N. (2021). Carbon
storage in the Coastal Swamp Oak Forest wetlands of Australia. In K. W.
Krauss, Z. Zhu, & C. L. Stagg (Eds.), Wetland Carbon and Environmental
Management (pp. 339-353). John Wiley & Sons.
https://doi.org/10.1002/9781119639305.ch18

Kentula, M. E. (2000). Perspectives on setting success criteria for wetland restoration.
Ecological Engineering, 15(3), 199-2009. https://doi.org/10.1016/S0925-
8574(00)00076-8

Keshta, A. E., Yarwood, S. A., & Baldwin, A. H. (2021). A new in situ method
showed greater persistence of added soil organic matter in natural than
restored wetlands. Restoration Ecology, 29(7), e13437.
https://doi.org/10.1111/rec.13437

Keshta, A. E., Yarwood, S. A., & Baldwin, A. H. (2023). Methane emissions are
highly variable across wetland habitats in natural and restored tidal freshwater
wetlands. Wetlands, 43(5), 53. https://doi.org/10.1007/s13157-023-01701-7

151



Kim, J., Hwang, T., Schaaf, C. L., Kljun, N., & Munger, J. W. (2018). Seasonal
variation of source contributions to eddy-covariance CO2 measurements in a

mixed hardwood-conifer forest. Agricultural and Forest Meteorology, 253—
254, 71-83. https://doi.org/10.1016/j.agrformet.2018.02.004

Kim, J., Verma, S. B., & Billesbach, D. P. (1999). Seasonal variation in methane
emission from a temperate Phragmites-dominated marsh: Effect of growth
stage and plant-mediated transport. Global Change Biology, 5(4), 433—440.
https://doi.org/10.1046/].1365-2486.1999.00237.x

Kim, Y., Johnson, M. S., Knox, S. H., Black, T. A., Dalmagro, H. J., Kang, M., Kim,
J., & Baldocchi, D. (2020). Gap-filling approaches for eddy covariance
methane fluxes: A comparison of three machine learning algorithms and a
traditional method with principal component analysis. Global Change
Biology, 26(3), 1499—-1518. https://doi.org/10.1111/gcb.14845

King, J. Y., & Reeburgh, W. S. (2002). A pulse-labeling experiment to determine the
contribution of recent plant photosynthates to net methane emission in arctic
wet sedge tundra. Soil Biology and Biochemistry, 34(2), 173—180.
https://doi.org/10.1016/S0038-0717(01)00164-X

Kirkman, L. K., Goebel, P. C., West, L., Drew, M. B., & Palik, B. J. (2000).
Depressional wetland vegetation types: A question of plant community
development. Wetlands, 20(2), 373—-385. https://doi.org/10.1672/0277-
5212(2000)020[0373:dwvtaq]2.0.co:2

Kirwan, M. L., Langley, J. A., Guntenspergen, G. R., & Megonigal, J. P. (2013). The
impact of sea-level rise on organic matter decay rates in Chesapeake Bay
brackish tidal marshes. Biogeosciences, 10(3), 1869—-1876.
https://doi.org/10.5194/bg-10-1869-2013

Kljun, N., Calanca, P., Rotach, M. W., & Schmid, H. P. (2015). A simple two-
dimensional parameterisation for Flux Footprint Prediction (FFP).
Geoscientific Model Development, 8(11), 3695-3713.
https://doi.org/10.5194/gmd-8-3695-2015

Knox, S. H., Bansal, S., McNicol, G., Schafer, K., Sturtevant, C., Ueyama, M.,
Valach, A. C., Baldocchi, D., Delwiche, K., Desai, A. R., Euskirchen, E., Liu,
J., Lohila, A., Malhotra, A., Melling, L., Riley, W., Runkle, B. R. K., Turner,
J., Vargas, R., ... Jackson, R. B. (2021). Identifying dominant environmental
predictors of freshwater wetland methane fluxes across diurnal to seasonal
time scales. Global Change Biology, 27(15), 3582-3604.
https://doi.org/10.1111/gcb.15661

Koéhn, D., Welpelo, C., Giinther, A., & Jurasinski, G. (2021). Drainage ditches
contribute considerably to the CH4 budget of a drained and a rewetted
temperate fen. Wetlands, 41(6), 71. https://doi.org/10.1007/s13157-021-

01465-y

Kolka, R., Trettin, C., Tang, W., Krauss, K., Bansal, S., Drexler, J., Wickland, K.,
Chimner, R., Hogan, D., Pindilli, E. J., Benscoter, B., Tangen, B., Kane, E.,

152



Bridgham, S., & Richardson, C. (2018). Chapter 13: Terrestrial wetlands. In
N. Cavallaro, G. Shrestha, R. Birdsey, M. A. Mayes, R. G. Najjar, S. C. Reed,
P. Romero-Lankao, & Z. Zhu (Eds.), Second State of the Carbon Cycle Report
(SOCCR2): A Sustained Assessment Report (pp. 507-567). U.S. Global
Change Research Program. https://doi.org/10.7930/SOCCR2.2018.Ch13

Korrensalo, A., Mammarella, 1., Alekseychik, P., Vesala, T., & Tuittila, E.-S. (2022).
Plant mediated methane efflux from a boreal peatland complex. Plant and
Soil, 471(1), 375-392. https://doi.org/10.1007/s11104-021-05180-9

Kottkamp, A. 1., Jones, C. N., Palmer, M. A., & Tully, K. L. (2022). Physical
protection in aggregates and organo-mineral associations contribute to carbon

stabilization at the transition zone of seasonally saturated wetlands. Wetlands,
42(5), 40. https://doi.org/10.1007/s13157-022-01557-3

Kraha, A., Turner, H., Nimon, K., Zientek, L., & Henson, R. (2012). Tools to support
interpreting multiple regression in the face of multicollinearity. Frontiers in
Psychology, 3, 44. https://doi.org/10.3389/fpsyg.2012.00044

Krauss, K. W., Holm, G. O., Perez, B. C., McWhorter, D. E., Cormier, N., Moss, R.
F., Johnson, D. J., Neubauer, S. C., & Raynie, R. C. (2016). Component
greenhouse gas fluxes and radiative balance from two deltaic marshes in
Louisiana: Pairing chamber techniques and eddy covariance. Journal of
Geophysical Research: Biogeosciences, 121(6), 1503—1521.
https://doi.org/10.1002/2015JG003224

Kreyling, J., Tanneberger, F., Jansen, F., van der Linden, S., Aggenbach, C., Bliiml,
V., Couwenberg, J., Emsens, W.-J., Joosten, H., Klimkowska, A., Kotowski,
W., Kozub, L., Lennartz, B., Liczner, Y., Liu, H., Michaelis, D., Oechmke, C.,
Parakenings, K., Pleyl, E., ... Jurasinski, G. (2021). Rewetting does not return
drained fen peatlands to their old selves. Nature Communications, 12(1),
5693. https://doi.org/10.1038/s41467-021-25619-y

Laanbroek, H. J. (2010). Methane emission from natural wetlands: Interplay between
emergent macrophytes and soil microbial processes. A mini-review. Annals of
Botany, 105(1), 141-153. https://doi.org/10.1093/aob/mcp201

LaBaugh, J. W., Winter, T. C., & Rosenberry, D. O. (1998). Hydrologic functions of
prairie wetlands. Great Plains Research, 8(1), 17-37.

Lai, J., Zou, Y., Zhang, J., & Peres-Neto, P. R. (2022). Generalizing hierarchical and
variation partitioning in multiple regression and canonical analyses using the
rdacca.hp R package. Methods in Ecology and Evolution, 13(4), 782—788.
https://doi.org/10.1111/2041-210X.13800

Laine, A. M., Korrensalo, A., & Tuittila, E.-S. (2022). Plant functional traits play the
second fiddle to plant functional types in explaining peatland CO: and CHa
gas exchange. Science of The Total Environment, 834, 155352.
https://doi.org/10.1016/j.scitotenv.2022.155352

Laine, A. M., Ojanen, P., Lindroos, T., Koponen, K., Maanavilja, L., Lampela, M.,
Turunen, J., Minkkinen, K., & Tolvanen, A. (2024). Climate change

153



mitigation potential of restoration of boreal peatlands drained for forestry can
be adjusted by site selection and restoration measures. Restoration Ecology,
32(7), e14213. https://doi.org/10.1111/rec.14213

Lal, R. (2008). Carbon sequestration. Philosophical Transactions of the Royal Society
B: Biological Sciences, 363(1492), 815-830.
https://doi.org/10.1098/rstb.2007.2185

Lampela, M., Jauhiainen, J., K&mdri, 1., Koskinen, M., Tanhuanpdé, T., Valkeapia,
A., & Vasander, H. (2016). Ground surface microtopography and vegetation
patterns in a tropical peat swamp forest. CATENA, 139, 127-136.
https://doi.org/10.1016/j.catena.2015.12.016

Lane, C. R., & D’Amico, E. (2010). Calculating the ecosystem service of water
storage in isolated wetlands using LiDAR in North Central Florida, USA.
Wetlands, 30(5), 967-977. https://doi.org/10.1007/s13157-010-0085-z

Lang, M., McCarty, G., Oesterling, R., & Yeo, [.-Y. (2013). Topographic metrics for
improved mapping of forested wetlands. Wetlands, 33(1), 141-155.
https://doi.org/10.1007/s13157-012-0359-8

Larkin, D. J., Bruland, G. L., & Zedler, J. B. (2016). Heterogeneity theory and
ecological restoration. In M. A. Palmer, J. B. Zedler, & D. A. Falk (Eds.),
Foundations of Restoration Ecology (pp. 271-300). Island Press/Center for
Resource Economics. https://doi.org/10.5822/978-1-61091-698-1 10

Lasslop, G., Reichstein, M., Papale, D., Richardson, A. D., Arneth, A., Barr, A., Stoy,
P., & Wohlfahrt, G. (2010). Separation of net ecosystem exchange into
assimilation and respiration using a light response curve approach: Critical
issues and global evaluation. Global Change Biology, 16(1), 187-208.
https://doi.org/10.1111/].1365-2486.2009.02041.x

Lee, S., McCarty, G. W., Lang, M. W., & Li, X. (2020). Overview of the USDA Mid-
Atlantic Regional Wetland Conservation Effects Assessment Project. Journal
of Soil and Water Conservation, 75(6), 684—694.
https://doi.org/10.2489/jswc.2020.00097

Lee, S., McCarty, G. W., Moglen, G. E., Lang, M. W, Sadeghi, A. M., Green, T. R.,
Yeo, I.-Y., & Rabenhorst, M. C. (2019). Effects of subsurface soil
characteristics on wetland-groundwater interaction in the coastal plain of the
Chesapeake Bay watershed. Hydrological Processes, 33(2), 305-315.
https://doi.org/10.1002/hyp.13326

Levy, P., Drewer, J., Jammet, M., Leeson, S., Friborg, T., Skiba, U., & Oijen, M. van.
(2020). Inference of spatial heterogeneity in surface fluxes from eddy
covariance data: A case study from a subarctic mire ecosystem. Agricultural
and Forest Meteorology, 280, 107783.
https://doi.org/10.1016/j.agrformet.2019.107783

Lewis, D. B., & Feit, S. J. (2015). Connecting carbon and nitrogen storage in rural
wetland soil to groundwater abstraction for urban water supply. Global
Change Biology, 21(4), 1704-1714. https://doi.org/10.1111/gcb.12782

154




Lhosmot, A., Jacotot, A., Steinmann, M., Binet, P., Toussaint, M.-L., Gogo, S.,
Gilbert, D., Coffinet, S., Laggoun-Deffarge, F., & Bertrand, G. (2023). Biotic
and abiotic control over diurnal CHa fluxes in a temperate transitional poor
fen ecosystem. Ecosystems, 26(5), 951-968. https://doi.org/10.1007/s10021-
022-00809-x

Lin, H., Wheeler, D., Bell, J., & Wilding, L. (2005). Assessment of soil spatial
variability at multiple scales. Ecological Modelling, 182(3), 271-290.
https://doi.org/10.1016/j.ecolmodel.2004.04.006

Lindsay, J. B. (2016). Whitebox GAT: A case study in geomorphometric analysis.
Computers & Geosciences, 95, 75-84.
https://doi.org/10.1016/j.cageo.2016.07.003

Lindsay, J. B., & Creed, 1. F. (2006). Distinguishing actual and artefact depressions in
digital elevation data. Computers & Geosciences, 32(8), 1192—1204.
https://doi.org/10.1016/j.cageo.2005.11.002

Lisenby, P. E., Tooth, S., & Ralph, T. J. (2019). Product vs. process? The role of
geomorphology in wetland characterization. Science of The Total
Environment, 663, 980-991. https://doi.org/10.1016/j.scitotenv.2019.01.399

Loder, A. L., & Finkelstein, S. A. (2020). Carbon accumulation in freshwater marsh
soils: A synthesis for temperate North America. Wetlands, 40(5), 1173—-1187.
https://doi.org/10.1007/s13157-019-01264-6

Loder, A. L., Zamaria, S. A., Arhonditsis, G. B., & Finkelstein, S. A. (2023). Controls
on organic carbon stocks among restored wetland soils in the Long Point
region of southern Ontario, Canada. Restoration Ecology, 31(5), €13925.
https://doi.org/10.1111/rec.13925

Luan, J., Liu, S., Wu, J., Wang, M., & Yu, Z. (2018). The transient shift of driving
environmental factors of carbon dioxide and methane fluxes in Tibetan
peatlands before and after hydrological restoration. Agricultural and Forest
Meteorology, 250-251, 138—146.
https://doi.org/10.1016/j.agrformet.2017.12.248

Maitta, T., & Malhotra, A. (2024). The hidden roots of wetland methane emissions.
Global Change Biology, 30(2), e17127. https://doi.org/10.1111/gcb.17127

Mac Nally, R. (2000). Regression and model-building in conservation biology,
biogeography and ecology: The distinction between — and reconciliation of —
‘predictive’ and ‘explanatory’ models. Biodiversity & Conservation, 9(5),
655—-671. https://doi.org/10.1023/A:1008985925162

Marani, M., Silvestri, S., Belluco, E., Ursino, N., Comerlati, A., Tosatto, O., & Putti,
M. (2006). Spatial organization and ecohydrological interactions in oxygen-
limited vegetation ecosystems. Water Resources Research, 42(6), W06D06.
https://doi.org/10.1029/2005SWR 004582

Marin-Muiiz, J. L., Hernandez, M. E., & Moreno-Casasola, P. (2014). Comparing
soil carbon sequestration in coastal freshwater wetlands with various

155



geomorphic features and plant communities in Veracruz, Mexico. Plant and
Soil, 378(1), 189-203. https://doi.org/10.1007/s11104-013-2011-7

Marin-Spiotta, E., & Ostertag, R. (2016). Recovery of ecosystem processes: Carbon
and energy flows in restored wetlands, grasslands, and forests. In M. A.
Palmer, J. B. Zedler, & D. A. Falk (Eds.), Foundations of Restoration Ecology
(pp- 365-394). Island Press/Center for Resource Economics.
https://doi.org/10.5822/978-1-61091-698-1 13

Marton, J. M., Creed, 1. F., Lewis, D. B., Lane, C. R., Basu, N. B., Cohen, M. J., &
Craft, C. B. (2015). Geographically isolated wetlands are important
biogeochemical reactors on the landscape. BioScience, 65(4), 408—418.
https://doi.org/10.1093/biosci/biv009

Matthes, J. H., Sturtevant, C., Verfaillie, J., Knox, S., & Baldocchi, D. D. (2014).
Parsing the variability in CH4 flux at a spatially heterogeneous wetland:
Integrating multiple eddy covariance towers with high-resolution flux

footprint analysis. Journal of Geophysical Research: Biogeosciences, 119(7),
1322-1339. https://doi.org/10.1002/2014JG002642

Matthews, J. W. (2015). Group-based modeling of ecological trajectories in restored
wetlands. Ecological Applications, 25(2), 481-491.
https://doi.org/10.1890/14-0390.1

Matthews, J. W., Spyreas, G., & Endress, A. G. (2009). Trajectories of vegetation-
based indicators used to assess wetland restoration progress. Ecological
Applications, 19(8), 2093-2107. https://doi.org/10.1890/08-1371.1

Maynard, J. J., Dahlgren, R. A., & O’Geen, A. T. (2014). Autochthonous and
allochthonous carbon cycling in a eutrophic flow-through wetland. Wetlands,
34(2), 285-296. https://doi.org/10.1007/s13157-013-0474-1

McCauley, L. A., Anteau, M. J., van der Burg, M. P., & Wiltermuth, M. T. (2015).
Land use and wetland drainage affect water levels and dynamics of remaining
wetlands. Ecosphere, 6(6), art92. https://doi.org/10.1890/ES14-00494.1

McClain, M. E., Boyer, E. W., Dent, C. L., Gergel, S. E., Grimm, N. B., Groffman, P.
M., Hart, S. C., Harvey, J. W., Johnston, C. A., Mayorga, E., McDowell, W.
H., & Pinay, G. (2003). Biogeochemical hot spots and hot moments at the
interface of terrestrial and aquatic ecosystems. Ecosystems, 6(4), 301-312.
https://doi.org/10.1007/s10021-003-0161-9

McEwing, K. R., Fisher, J. P., & Zona, D. (2015). Environmental and vegetation
controls on the spatial variability of CH4 emission from wet-sedge and tussock
tundra ecosystems in the Arctic. Plant and Soil, 388(1), 37-52.
https://doi.org/10.1007/s11104-014-2377-1

McFarland, E. K., LaForgia, M., Yepsen, M., Whigham, D. F., Baldwin, A. H., &
Lang, M. (2016). Plant biomass and nutrients (C, N and P) in natural, restored
and prior converted depressional wetlands in the Mid-Atlantic Coastal Plain,
U.S. Folia Geobotanica, 51(3), 267-283. https://doi.org/10.1007/s12224-016-

9239-y

156



McKown, J. G., Moore, G. E., Payne, A. R., White, N. A., & Gibson, J. L. (2021).
Successional dynamics of a 35 year old freshwater mitigation wetland in
southeastern New Hampshire. PLOS ONE, 16(5), €0251748.
https://doi.org/10.1371/journal.pone.0251748

Mclatchey, G. P., & Reddy, K. R. (1998). Regulation of organic matter
decomposition and nutrient release in a wetland soil. Journal of
Environmental Quality, 27(5), 1268—1274.
https://doi.org/10.2134/jeq1998.00472425002700050036x

McLaughlin, D. L., & Cohen, M. J. (2013). Realizing ecosystem services: Wetland
hydrologic function along a gradient of ecosystem condition. Ecological
Applications, 23(7), 1619—1631. https://doi.org/10.1890/12-1489.1

McNicol, G., Fluet-Chouinard, E., Ouyang, Z., Knox, S., Zhang, Z., Aalto, T.,
Bansal, S., Chang, K.-Y., Chen, M., Delwiche, K., Feron, S., Goeckede, M.,
Liu, J., Malhotra, A., Melton, J. R, Riley, W., Vargas, R., Yuan, K., Ying, Q.,
... Jackson, R. B. (2023). Upscaling wetland methane emissions from the
FLUXNET-CH4 eddy covariance network (UpCH4 v1.0): Model
development, network assessment, and budget comparison. AGU Advances,
4(5), €2023AV000956. https://doi.org/10.1029/2023 AV000956

McNicol, G., Sturtevant, C. S., Knox, S. H., Dronova, 1., Baldocchi, D. D., & Silver,
W. L. (2017). Effects of seasonality, transport pathway, and spatial structure

on greenhouse gas fluxes in a restored wetland. Global Change Biology,
23(7), 2768-2782. https://doi.org/10.1111/gcb.13580

Megonigal, J. P., Patrick Jr., W. H., & Faulkner, S. P. (1993). Wetland identification
in seasonally flooded forest soils: Soil morphology and redox dynamics. Soil
Science Society of America Journal, 57(1), 140—-149.
https://doi.org/10.2136/sssaj1993.03615995005700010027x

Megonigal, J. P., Whalen, S. C., Tissue, D. T., Bovard, B. D., Allen, A. S., & Albert,
D. B. (1999). A plant-soil-atmosphere microcosm for tracing radiocarbon
from photosynthesis through methanogenesis. Soil Science Society of America
Journal, 63(3), 665—-671.
https://doi.org/10.2136/sssaj1999.03615995006300030033x

Meli, P., Rey Benayas, J. M., Balvanera, P., & Martinez Ramos, M. (2014).
Restoration enhances wetland biodiversity and ecosystem service supply, but
results are context-dependent: A meta-analysis. PLOS ONE, 9(4), €93507.
https://doi.org/10.1371/journal.pone.0093507

Michel, S. E., Lan, X., Miller, J., Tans, P., Clark, J. R., Schaefer, H., Sperlich, P.,
Brailsford, G., Morimoto, S., Moossen, H., & Li, J. (2024). Rapid shift in
methane carbon isotopes suggests microbial emissions drove record high
atmospheric methane growth in 2020-2022. Proceedings of the National
Academy of Sciences, 121(44), e2411212121.
https://doi.org/10.1073/pnas.2411212121

157



Mitra, B., Minick, K., Miao, G., Domec, J.-C., Prajapati, P., McNulty, S. G., Sun, G.,
King, J. S., & Noormets, A. (2020). Spectral evidence for substrate
availability rather than environmental control of methane emissions from a
coastal forested wetland. Agricultural and Forest Meteorology, 291, 108062.
https://doi.org/10.1016/j.agrformet.2020.108062

Mitsch, W. J., & Wilson, R. F. (1996). Improving the success of wetland creation and
restoration with know-how, time, and self-design. Ecological Applications,
6(1), 77-83. https://doi.org/10.2307/2269554

Moncrieff, J. B., Clement, R., Finnigan, J., & Meyers, T. (2004). Averaging,
detrending, and filtering of eddy covariance time series. In X. Lee, W.
Massman, & B. Law (Eds.), Handbook of Micrometeorology (pp. 7-31).
Springer. https://doi.org/10.1007/1-4020-2265-4 2

Mongcrieff, J. B., Massheder, J. M., de Bruin, H., Elbers, J., Friborg, T., Heusinkveld,
B., Kabat, P., Scott, S., Soegaard, H., & Verhoef, A. (1997). A system to
measure surface fluxes of momentum, sensible heat, water vapour and carbon
dioxide. Journal of Hydrology, 188—189, 589—611.
https://doi.org/10.1016/S0022-1694(96)03194-0

Moomaw, W. R., Chmura, G. L., Davies, G. T., Finlayson, C. M., Middleton, B. A.,
Natali, S. M., Perry, J. E., Roulet, N., & Sutton-Grier, A. E. (2018). Wetlands
in a changing climate: Science, policy and management. Wetlands, 38(2),
183-205. https://doi.org/10.1007/s13157-018-1023-8

Moor, H., Rydin, H., Hylander, K., Nilsson, M. B., Lindborg, R., & Norberg, J.
(2017). Towards a trait-based ecology of wetland vegetation. Journal of
Ecology, 105(6), 1623—-1635. https://doi.org/10.1111/1365-2745.12734

Moorhead, K. K. (2013). A realistic role for reference in wetland restoration.
Ecological Restoration, 31(4), 347-352. https://doi.org/10.3368/er.31.4.347

Moreno-Mateos, D., Meli, P., Vara-Rodriguez, M. 1., & Aronson, J. (2015).
Ecosystem response to interventions: Lessons from restored and created
wetland ecosystems. Journal of Applied Ecology, 52(6), 1528—-1537.
https://doi.org/10.1111/1365-2664.12518

Moreno-Mateos, D., Power, M. E., Comin, F. A., & Yockteng, R. (2012). Structural
and functional loss in restored wetland ecosystems. PLOS Biology, 10(1),
¢1001247. https://doi.org/10.1371/journal.pbio.1001247

Morgan, P. A., & Short, F. T. (2002). Using functional trajectories to track
constructed salt marsh development in the Great Bay Estuary, Maine/New
Hampshire, U.S.A. Restoration Ecology, 10(3), 461-473.
https://doi.org/10.1046/].1526-100X.2002.01037.x

Morin, T. H., Bohrer, G., Stefanik, K. C., Rey-Sanchez, A. C., Matheny, A. M., &
Mitsch, W. J. (2017). Combining eddy-covariance and chamber measurements
to determine the methane budget from a small, heterogeneous urban
floodplain wetland park. Agricultural and Forest Meteorology, 237-238, 160—
170. https://doi.org/10.1016/j.agrformet.2017.01.022

158




Morris, J. T., Barber, D. C., Callaway, J. C., Chambers, R., Hagen, S. C., Hopkinson,
C. S., Johnson, B. J., Megonigal, P., Neubauer, S. C., Troxler, T., & Wigand,
C. (2016). Contributions of organic and inorganic matter to sediment volume
and accretion in tidal wetlands at steady state. Earth’s Future, 4(4), 110-121.
https://doi.org/10.1002/2015EF000334

Morrissey, L. A., Zobel, D. B., & Livingston, G. P. (1993). Significance of stomatal
control on methane release from Carex-dominated wetlands. Chemosphere,
26(1-4), 339-355. https://doi.org/10.1016/0045-6535(93)90430-D

Morse, J. L., Ardon, M., & Bernhardt, E. S. (2012). Greenhouse gas fluxes in
southeastern U.S. coastal plain wetlands under contrasting land uses.
Ecological Applications, 22(1), 264-280. https://doi.org/10.1890/11-0527.1

Mueller, P., Jensen, K., & Megonigal, J. P. (2016). Plants mediate soil organic matter
decomposition in response to sea level rise. Global Change Biology, 22(1),
404-414. https://doi.org/10.1111/gcb.13082

Munch, S. B., Rogers, T. L., & Sugihara, G. (2023). Recent developments in
empirical dynamic modelling. Methods in Ecology and Evolution, 14(3), 732—
745. https://doi.org/10.1111/2041-210X.13983

Murguia-Flores, F., Jaramillo, V. J., & Gallego-Sala, A. (2023). Assessing methane
emissions from tropical wetlands: Uncertainties from natural variability and
drivers at the global scale. Global Biogeochemical Cycles, 37(9),
€2022GB007601. https://doi.org/10.1029/2022GB007601

Murray, K., & Conner, M. M. (2009). Methods to quantify variable importance:
Implications for the analysis of noisy ecological data. Ecology, 90(2), 348—
355. https://doi.org/10.1890/07-1929.1

Nahlik, A. M., & Mitsch, W. J. (2011). Methane emissions from tropical freshwater
wetlands located in different climatic zones of Costa Rica. Global Change
Biology, 17(3), 1321-1334. https://doi.org/10.1111/1.1365-2486.2010.02190.x

Ndanga, E. M., Lopera, C. B., Bradley, R. L., & Cabral, A. R. (2016). Effects of
preconditioning the rhizosphere of different plant species on biotic methane
oxidation kinetics. Waste Management, 55, 313-320.
https://doi.org/10.1016/j.wasman.2016.04.035

Neftel, A., Spirig, C., & Ammann, C. (2008). Application and test of a simple tool for
operational footprint evaluations. Environmental Pollution, 152(3), 644—652.
https://doi.org/10.1016/j.envpol.2007.06.062

Nelson, D. W., & Sommers, L. E. (1996). Total carbon, organic carbon, and organic
matter. In D. L. Sparks (Ed.), Methods of Soil Analysis Part 3: Chemical
Methods (pp. 961-1010). Soil Science Society of America.

Neubauer, S. C. (2014). On the challenges of modeling the net radiative forcing of
wetlands: Reconsidering Mitsch et al. 2013. Landscape Ecology, 29(4), 571—
577. https://doi.org/10.1007/s10980-014-9986-1

159



Neubauer, S. C., & Megonigal, J. P. (2015). Moving beyond global warming
potentials to quantify the climatic role of ecosystems. Ecosystems, 18(6),
1000-1013. https://doi.org/10.1007/s10021-015-9879-4

Newcomb, S. K., & Godsey, S. E. (2023). Nonlinear riparian interactions drive
changes in headwater streamflow. Water Resources Research, 59(10),
€2023WR034870. https://doi.org/10.1029/2023WR034870

Newman, D. R., Lindsay, J. B., & Cockburn, J. M. H. (2018). Evaluating metrics of
local topographic position for multiscale geomorphometric analysis.
Geomorphology, 312, 40-50. https://doi.org/10.1016/j.geomorph.2018.04.003

Nikolausz, M., Kappelmeyer, U., Székely, A., Rusznyak, A., Marialigeti, K., &
Kaéstner, M. (2008). Diurnal redox fluctuation and microbial activity in the
rhizosphere of wetland plants. European Journal of Soil Biology, 44(3), 324—
333. https://doi.org/10.1016/].ejsobi.2008.01.003

North, B. V., Curtis, D., & Sham, P. C. (2002). A note on the calculation of empirical
P values from Monte Carlo procedures. The American Journal of Human
Genetics, 71(2), 439—441. https://doi.org/10.1086/341527

Noyce, G. L., & Megonigal, J. P. (2021). Biogeochemical and plant trait mechanisms
drive enhanced methane emissions in response to whole-ecosystem warming.
Biogeosciences, 18(8), 2449-2463. https://doi.org/10.5194/bg-18-2449-2021

Noyce, G. L., Smith, A. J., Kirwan, M. L., Rich, R. L., & Megonigal, J. P. (2023).
Oxygen priming induced by elevated CO: reduces carbon accumulation and
methane emissions in coastal wetlands. Nature Geoscience, 16(1), 63—68.
https://doi.org/10.1038/s41561-022-01070-6

O’Brien, L. (2022). mpspline2: Mass-Preserving Spline Functions for Soil Data
(Version 0.1.6) [Computer software]. https://CRAN.R-
project.org/package=mpspline2

O’Connell, J. L., Daniel, D. W., McMurry, S. T., & Smith, L. M. (2016). Soil organic
carbon in playas and adjacent prairies, cropland, and Conservation Reserve
Program land of the High Plains, USA. Soil and Tillage Research, 156, 16—
24. https://doi.org/10.1016/].still.2015.09.012

O’Driscoll, M. A., & Parizek, R. R. (2008). Geological controls on seasonal-pool
hydroperiod in a karst setting. Wetlands, 28(4), 1004.
https://doi.org/10.1672/08-88.1

Ogle, K., & Barber, J. J. (2020). Ensuring identifiability in hierarchical mixed effects
Bayesian models. Ecological Applications, 30(7), €02159.
https://doi.org/10.1002/eap.2159

Olefeldt, D., Euskirchen, E. S., Harden, J., Kane, E., McGuire, A. D., Waldrop, M. P.,
& Turetsky, M. R. (2017). A decade of boreal rich fen greenhouse gas fluxes

in response to natural and experimental water table variability. Global Change
Biology, 23(6), 2428-2440. https://doi.org/10.1111/gcb.13612

160



Oliver, 1., Dorrough, J., & Travers, S. K. (2023). The acceptable range of variation
within the desirable stable state as a measure of restoration success.
Restoration Ecology, 31(1), €13800. https://doi.org/10.1111/rec.13800

Osland, M. J., Gabler, C. A., Grace, J. B., Day, R. H., McCoy, M. L., McLeod, J. L.,
From, A. S., Enwright, N. M., Feher, L. C., Stagg, C. L., & Hartley, S. B.
(2018). Climate and plant controls on soil organic matter in coastal wetlands.
Global Change Biology, 24(11), 5361-5379.
https://doi.org/10.1111/gcb.14376

Otte, M. L., Fang, W.-T., & Jiang, M. (2021). A framework for identifying reference
wetland conditions in highly altered landscapes. Wetlands, 41(4), 40.
https://doi.org/10.1007/s13157-021-01439-0

Owers, C. J., Rogers, K., Mazumder, D., & Woodroffe, C. D. (2020). Temperate
coastal wetland near-surface carbon storage: Spatial patterns and variability.
Estuarine, Coastal and Shelf Science, 235, 106584.
https://doi.org/10.1016/j.ecss.2020.106584

Palmer, M. A., Zedler, J. B., & Falk, D. A. (2016). Ecological theory and restoration
ecology. In M. A. Palmer, J. B. Zedler, & D. A. Falk (Eds.), Foundations of
Restoration Ecology (pp. 3—26). Island Press/Center for Resource Economics.
https://doi.org/10.5822/978-1-61091-698-1 1

Palozzi, J. E., & Lindo, Z. (2017). Boreal peat properties link to plant functional traits
of ecosystem engineers. Plant and Soil, 418(1), 277-291.
https://doi.org/10.1007/s11104-017-3291-0

Pan, Y., Cieraad, E., Clarkson, B. R., Colmer, T. D., Pedersen, O., Visser, E. J. W.,
Voesenek, L. A. C. J., & Bodegom, P. M. van. (2020). Drivers of plant traits
that allow survival in wetlands. Functional Ecology, 34(5), 956-967.
https://doi.org/10.1111/1365-2435.13541

Papale, D., Reichstein, M., Aubinet, M., Canfora, E., Bernhofer, C., Kutsch, W.,
Longdoz, B., Rambal, S., Valentini, R., Vesala, T., & Yakir, D. (2006).
Towards a standardized processing of net ecosystem exchange measured with
eddy covariance technique: Algorithms and uncertainty estimation.
Biogeosciences, 3(4), 571-583. https://doi.org/10.5194/bg-3-571-2006

Park, J., Botter, G., Jawitz, J. W., & Rao, P. S. C. (2014). Stochastic modeling of
hydrologic variability of geographically isolated wetlands: Effects of hydro-
climatic forcing and wetland bathymetry. Advances in Water Resources, 69,
38-48. https://doi.org/10.1016/j.advwatres.2014.03.007

Park, J., Smith, C., Sugihara, G., & Deyle, E. (2024). rEDM: Empirical Dynamic
Modeling ('"EDM’) (Version 1.15.4) [Computer software]. https://cran.r-
project.org/package=rEDM

Pastorello, G., Trotta, C., Canfora, E., Chu, H., Christianson, D., Cheah, Y.-W.,
Poindexter, C., Chen, J., Elbashandy, A., Humphrey, M., Isaac, P., Polidori,
D., Ribeca, A., van Ingen, C., Zhang, L., Amiro, B., Ammann, C., Arain, M.
A., Ardo, J., ... Papale, D. (2020). The FLUXNET2015 dataset and the

161




ONEFlux processing pipeline for eddy covariance data. Scientific Data, 7(1),
Article 1. https://doi.org/10.1038/s41597-020-0534-3

Peacock, M., Audet, J., Bastviken, D., Futter, M. N., Gauci, V., Grinham, A.,
Harrison, J. A., Kent, M. S., Kosten, S., Lovelock, C. E., Veraart, A. J., &
Evans, C. D. (2021). Global importance of methane emissions from drainage
ditches and canals. Environmental Research Letters, 16(4), 044010.
https://doi.org/10.1088/1748-9326/abeb36

Pearse, A. L., Barton, J. L., Lester, R. E., Zawadzki, A., & Macreadie, P. 1. (2018).
Soil organic carbon variability in Australian temperate freshwater wetlands.
Limnology and Oceanography, 63(S1), S254-S266.
https://doi.org/10.1002/In0.10735

Pebesma, E. (2018). Simple features for R: Standardized support for spatial vector
data. The R Journal, 10(1), 439—446. https://doi.org/10.32614/RJ-2018-009

Percival, D. B., & Walden, A. T. (2000). Wavelet Methods for Time Series Analysis.
Cambridge University Press. https://doi.org/10.1017/CB0O9780511841040

Pereyra, A. S., & Mitsch, W. J. (2018). Methane emissions from freshwater cypress
(Taxodium distichum) swamp soils with natural and impacted hydroperiods in
Southwest Florida. Ecological Engineering, 114, 46-56.
https://doi.org/10.1016/j.ecoleng.2017.04.019

Pesaran, M. H., & Smith, R. P. (2019). A Bayesian analysis of linear regression
models with highly collinear regressors. Econometrics and Statistics, 11, 1—
21. https://doi.org/10.1016/j.ecosta.2018.10.001

Petrescu, A. M. R., Lohila, A., Tuovinen, J.-P., Baldocchi, D. D., Desai, A. R.,
Roulet, N. T., Vesala, T., Dolman, A. J., Oechel, W. C., Marcolla, B., Friborg,
T., Rinne, J., Matthes, J. H., Merbold, L., Meijide, A., Kiely, G., Sottocornola,
M., Sachs, T., Zona, D., ... Cescatti, A. (2015). The uncertain climate
footprint of wetlands under human pressure. Proceedings of the National
Academy of Sciences, 112(15), 4594-4599.
https://doi.org/10.1073/pnas. 1416267112

Phillips, P. J., & Shedlock, R. J. (1993). Hydrology and chemistry of groundwater
and seasonal ponds in the Atlantic Coastal Plain in Delaware, USA. Journal of
Hydrology, 141(1), 157-178. https://doi.org/10.1016/0022-1694(93)90048-E

Poindexter, C. M., & Variano, E. A. (2013). Gas exchange in wetlands with emergent
vegetation: The effects of wind and thermal convection at the air-water
interface. Journal of Geophysical Research: Biogeosciences, 118(3), 1297—
1306. https://doi.org/10.1002/jgrg.20099

Poulter, B., Fluet-Chouinard, E., Hugelius, G., Koven, C., Fatoyinbo, L., Page, S. E.,
Rosentreter, J. A., Smart, L. S., Taillie, P. J., Thomas, N., Zhang, Z., &
Wijedasa, L. S. (2021). A review of global wetland carbon stocks and
management challenges. In K. W. Krauss, Z. Zhu, & C. L. Stagg (Eds.),
Wetland Carbon and Environmental Management (pp. 1-20). John Wiley &
Sons. https://doi.org/10.1002/9781119639305.ch1

162




Praetzel, L. S. E., Schmiedeskamp, M., & Knorr, K.-H. (2021). Temperature and
sediment properties drive spatiotemporal variability of methane ebullition in a
small and shallow temperate lake. Limnology and Oceanography, 66(7),
2598-2610. https://doi.org/10.1002/Ino.11775

QGIS Development Team. (2022). QGIS Geographic Information System [Computer
software]. QGIS Association. https://qgis.org

R Core Team. (2022). R: a language and environment for statistical computing
(Version 4.2.0) [Computer software]. R Foundation for Statistical Computing.
https://www.R-project.org/

Rains, M. C., Leibowitz, S. G., Cohen, M. J., Creed, 1. F., Golden, H. E., Jawitz, J.
W., Kalla, P., Lane, C. R., Lang, M. W., & McLaughlin, D. L. (2016).
Geographically isolated wetlands are part of the hydrological landscape.
Hydrological Processes, 30(1), 153—160. https://doi.org/10.1002/hyp.10610

Ray-Mukherjee, J., Nimon, K., Mukherjee, S., Morris, D. W., Slotow, R., & Hamer,
M. (2014). Using commonality analysis in multiple regressions: A tool to
decompose regression effects in the face of multicollinearity. Methods in
Ecology and Evolution, 5(4), 320-328. https://doi.org/10.1111/2041-
210X.12166

Reichstein, M., Falge, E., Baldocchi, D. D., Papale, D., Aubinet, M., Berbigier, P.,
Bernhofer, C., Buchmann, N., Gilmanov, T., Granier, A., Grunwald, T.,
Havrankova, K., Ilvesniemi, H., Janous, D., Knohl, A., Laurila, T., Lohila, A.,
Loustau, D., Matteucci, G., ... Valentini, R. (2005). On the separation of net
ecosystem exchange into assimilation and ecosystem respiration: Review and
improved algorithm. Global Change Biology, 11(9), 1424—-1439.
https://doi.org/10.1111/].1365-2486.2005.001002.x

Reichwein Zientek, L., & Thompson, B. (2006). Commonality analysis: Partitioning
variance to facilitate better understanding of data. Journal of Early
Intervention, 28(4), 299-307. https://doi.org/10.1177/105381510602800405

Repo, E., Huttunen, J. T., Naumov, A. V., Chichulin, A. V., Lapshina, E. D., Bleuten,
W., & Martikainen, P. J. (2007). Release of CO2 and CHa from small wetland
lakes in western Siberia. Tellus B: Chemical and Physical Meteorology, 59(5),
788-796. https://doi.org/10.1111/5.1600-0889.2007.00301.x

Rey-Sanchez, A. C., Morin, T. H., Stefanik, K. C., Wrighton, K., & Bohrer, G.
(2018). Determining total emissions and environmental drivers of methane
flux in a Lake Erie estuarine marsh. Ecological Engineering, 114, 7-15.
https://doi.org/10.1016/j.ecoleng.2017.06.042

Richardson, A. D., Hutkens, K., Milliman, T., Aubrecht, D. M., Chen, M., Gray, J.
M., Johnston, M. R., Keenan, T. F., Klosterman, S. T., Kosmala, M., Melaas,
E. K., Friedl, M. A., & Frolking, S. (2018). Tracking vegetation phenology
across diverse North American biomes using PhenoCam imagery. Scientific
Data, 5(1), Article 1. https://doi.org/10.1038/sdata.2018.28

163



Richardson, M. C., Mitchell, C. P. J., Branfireun, B. A., & Kolka, R. K. (2010).
Analysis of airborne LiDAR surveys to quantify the characteristic
morphologies of northern forested wetlands. Journal of Geophysical
Research: Biogeosciences, 115, G03005.
https://doi.org/10.1029/2009JG000972

Richter, B. D., Baumgartner, J. V., Powell, J., & Braun, D. P. (1996). A method for
assessing hydrologic alteration within ecosystems. Conservation Biology,
10(4), 1163—1174. https://doi.org/10.1046/j.1523-1739.1996.10041163.x

Ricker, M. C., & Lockaby, B. G. (2015). Soil organic carbon stocks in a large
eutrophic floodplain forest of the southeastern Atlantic Coastal Plain, USA.
Wetlands, 35(2), 291-301. https://doi.org/10.1007/s13157-014-0618-y

Ricker, M. C., Stolt, M. H., Donohue, S. W., Blazejewski, G. A., & Zavada, M. S.
(2013). Soil organic carbon pools in riparian landscapes of southern New
England. Soil Science Society of America Journal, 77(3), 1070-1079.
https://doi.org/10.2136/sss2j2012.0297

Rietl, A. J., Nyman, J. A., Lindau, C. W., & Jackson, C. R. (2017). Wetland methane
emissions altered by vegetation disturbance: An interaction between stem
clipping and nutrient enrichment. Aquatic Botany, 136, 205-211.
https://doi.org/10.1016/j.aquabot.2016.10.008

Rinne, J., Riutta, T., Pihlatie, M., Aurela, M., Haapanala, S., Tuovinen, J.-P., Tuittila,
E.-S., & Vesala, T. (2007). Annual cycle of methane emission from a boreal
fen measured by the eddy covariance technique. Tellus B: Chemical and
Physical Meteorology, 59(3), 449—457. https://doi.org/10.1111/1.1600-
0889.2007.00261.x

Rinne, J., Tuittila, E.-S., Peltola, O., Li, X., Raivonen, M., Alekseychik, P.,
Haapanala, S., Pihlatie, M., Aurela, M., Mammarella, 1., & Vesala, T. (2018).
Temporal variation of ecosystem scale methane emission from a boreal fen in
relation to temperature, water table position, and carbon dioxide fluxes.
Global Biogeochemical Cycles, 32(7), 1087-1106.
https://doi.org/10.1029/2017GB005747

Rubbo, M. J., Cole, J. J., & Kiesecker, J. M. (2006). Terrestrial subsidies of organic
carbon support net ecosystem production in temporary forest ponds: Evidence
from an ecosystem experiment. Ecosystems, 9, 1170—-1176.
https://doi.org/10.1007/s10021-005-0009-6

Ruddell, B. L., & Kumar, P. (2009). Ecohydrologic process networks: 1.
Identification. Water Resources Research, 45(3).
https://doi.org/10.1029/2008 WR 007279

Runge, J., Bathiany, S., Bollt, E., Camps-Valls, G., Coumou, D., Deyle, E., Glymour,
C., Kretschmer, M., Mahecha, M. D., Munoz-Mari, J., van Nes, E. H., Peters,
J., Quax, R., Reichstein, M., Scheffer, M., Scholkopf, B., Spirtes, P.,
Sugihara, G., Sun, J., ... Zscheischler, J. (2019). Inferring causation from time

164



series in Earth system sciences. Nature Communications, 10(1), Article 1.
https://doi.org/10.1038/s41467-019-10105-3

Runge, J., Gerhardus, A., Varando, G., Eyring, V., & Camps-Valls, G. (2023). Causal
inference for time series. Nature Reviews Earth & Environment, 4(7), 487—
505. https://doi.org/10.1038/s43017-023-00431-y

Ryo, M., Aguilar-Trigueros, C. A., Pinek, L., Muller, L. A. H., & Rillig, M. C.
(2019). Basic principles of temporal dynamics. Trends in Ecology &
Evolution, 34(8), 723—733. https://doi.org/10.1016/j.tree.2019.03.007

Sakabe, A., Itoh, M., Hirano, T., & Kusin, K. (2018). Ecosystem-scale methane flux
in tropical peat swamp forest in Indonesia. Global Change Biology, 24(11),
5123-5136. https://doi.org/10.1111/gcb.14410

Saunois, M., Stavert, A. R., Poulter, B., Bousquet, P., Canadell, J. G., Jackson, R. B.,
Raymond, P. A., Dlugokencky, E. J., Houweling, S., Patra, P. K., Ciais, P.,
Arora, V. K., Bastviken, D., Bergamaschi, P., Blake, D. R., Brailsford, G.,
Bruhwiler, L., Carlson, K. M., Carrol, M., ... Zhuang, Q. (2020). The global
methane budget 2000-2017. Earth System Science Data, 12(3), 1561-1623.
https://doi.org/10.5194/essd-12-1561-2020

Schaller, C., Hofer, B., & Klemm, O. (2022). Greenhouse gas exchange of a NW
German peatland, 18 years after rewetting. Journal of Geophysical Research:
Biogeosciences, 127(2), €2020JG005960.
https://doi.org/10.1029/2020JG005960

Schalles, J. F., & Shure, D. J. (1989). Hydrology, community structure, and
productivity patterns of a dystrophic Carolina Bay wetland. Ecological
Monographs, 59(4), 365-385. JSTOR. https://doi.org/10.2307/1943072

Schlatter, K. J., Faist, A. M., & Collinge, S. K. (2016). Using performance standards
to guide vernal pool restoration and adaptive management. Resforation
Ecology, 24(2), 145-152. https://doi.org/10.1111/rec.12326

Schlesinger, W. H., & Amundson, R. (2019). Managing for soil carbon sequestration:
Let’s get realistic. Global Change Biology, 25(2), 386—389.
https://doi.org/10.1111/gcb.14478

Schmid, H. P. (1997). Experimental design for flux measurements: Matching scales
of observations and fluxes. Agricultural and Forest Meteorology, 87(2), 179—
200. https://doi.org/10.1016/S0168-1923(97)00011-7

Schneider, C. A., Rasband, W. S., & Eliceiri, K. W. (2012). NIH Image to Imagel: 25
years of image analysis. Nature Methods, 9(7), Article 7.
https://doi.org/10.1038/nmeth.2089

Schreiber, T., & Schmitz, A. (1996). Improved surrogate data for nonlinearity tests.
Physical Review Letters, 77(4), 635—638.
https://doi.org/10.1103/PhysRevLett.77.635

Schulte, M. L., McLaughlin, D. L., Wurster, F. C., Balentine, K., Speiran, G. K.,
Aust, W. M., Stewart, R. D., Varner, J. M., & Jones, C. N. (2019). Linking

165




ecosystem function and hydrologic regime to inform restoration of a forested
peatland. Journal of Environmental Management, 233, 342-351.
https://doi.org/10.1016/j.jenvman.2018.12.042

Schultz, R. E., & Pett, L. (2018). Plant community effects on CHa fluxes, root surface
area, and carbon storage in experimental wetlands. Ecological Engineering,
114,96-103. https://doi.org/10.1016/j.ecoleng.2017.06.027

Schuster, L., Taillardat, P., Macreadie, P. 1., & Malerba, M. E. (2024). Freshwater
wetland restoration and conservation are long-term natural climate solutions.
Science of The Total Environment, 922, 171218.
https://doi.org/10.1016/].scitotenv.2024.171218

Shackelford, N., Dudney, J., Stueber, M. M., Temperton, V. M., & Suding, K. L.
(2021). Measuring at all scales: Sourcing data for more flexible restoration
references. Restoration Ecology, €e13541. https://doi.org/10.1111/rec.13541

Sharp, S. J., Maietta, C. E., Stewart, G. A., Taylor, A. K., Williams, M. R., & Palmer,
M. A. (2024). Net methane production predicted by patch characteristics in a
freshwater wetland. Journal of Geophysical Research: Biogeosciences,
129(1), €2023JG007814. https://doi.org/10.1029/2023JG007814

Sieben, E. J. J., Khubeka, S. P., Sithole, S., Job, N. M., & Kotze, D. C. (2018). The
classification of wetlands: Integration of top-down and bottom-up approaches
and their significance for ecosystem service determination. Wetlands Ecology
and Management, 26(3), 441-458. https://doi.org/10.1007/s11273-017-9585-4

Sigut, L. (2024). Lsigut/openeddy (Version 0.0.0.9008) [R].
https://github.com/Isigut/openeddy (Original work published 2018)

Silvey, C., Jarecke, K. M., Hopfensperger, K., Loecke, T. D., & Burgin, A. J. (2019).
Plant species and hydrology as controls on constructed wetland methane
fluxes. Soil Science Society of America Journal, 83(3), 848—855.
https://doi.org/10.2136/sssaj2018.11.0421

Smirnoff, N., & Crawford, R. M. M. (1983). Variation in the structure and response
to flooding of root aerenchyma in some wetland plants. Annals of Botany,
51(2), 237-249.

Soil Survey Staff. (2022). Web Soil Survey. Natural Resources Conservation Service,
United States Department of Agriculture.
http://websoilsurvey.sc.egov.usda.gov/

Spadafora, E., Leslie, A. W., Culler, L. E., Smith, R. F., Staver, K. W., & Lamp, W.
0. (2016). Macroinvertebrate community convergence between natural,
rehabilitated, and created wetlands. Restoration Ecology, 24(4), 463—470.
https://doi.org/10.1111/rec.12352

Stander, E. K., & Ehrenfeld, J. G. (2009). Rapid assessment of urban wetlands: Do
hydrogeomorphic classification and reference criteria work? Environmental
Management, 43(4), 725-742. https://doi.org/10.1007/s00267-008-9211-6

166



Stoler, A. B., & Relyea, R. A. (2020). Reviewing the role of plant litter inputs to
forested wetland ecosystems: Leafing through the literature. Ecological
Monographs, 90(2), €01400. https://doi.org/10.1002/ecm.1400

Stolt, M. H., Genthner, M. H., Daniels, W. L., & Groover, V. A. (2001). Spatial
variability in palustrine wetlands. Soil Science Society of America Journal,
65(2), 527-535. https://doi.org/10.2136/sssaj2001.652527x

Stolt, M. H., Genthner, M. H., Daniels, W. L., Groover, V. A., Nagle, S., & Haering,
K. C. (2000). Comparison of soil and other environmental conditions in

constructed and adjacent palustrine reference wetlands. Wetlands, 20(4), 671—
683. https://doi.org/10.1672/0277-5212(2000)020[0671:COSAOE]2.0.CO:2

Stolt, M. H., & Rabenhorst, M. C. (1987). Carolina Bays on the Eastern Shore of
Maryland: 1. Soil characterization and classification. Soil Science Society of
America Journal, 51(2), 394-398.
https://doi.org/10.2136/sssaj1987.03615995005100020025x

Stoy, P. C., Cook, A. A., Dore, J. E., Kljun, N., Kleindl, W., Brookshire, E. N. J., &
Gerken, T. (2021). Methane efflux from an American bison herd.
Biogeosciences, 18(3), 961-975. https://doi.org/10.5194/bg-18-961-2021

Strakova, P., Penttild, T., Laine, J., & Laiho, R. (2012). Disentangling direct and
indirect effects of water table drawdown on above- and belowground plant
litter decomposition: Consequences for accumulation of organic matter in
boreal peatlands. Global Change Biology, 18(1), 322-335.
https://doi.org/10.1111/j.1365-2486.2011.02503.x

Strom, L., Ekberg, A., Mastepanov, M., & Rgjle Christensen, T. (2003). The effect of
vascular plants on carbon turnover and methane emissions from a tundra
wetland. Global Change Biology, 9(8), 1185-1192.
https://doi.org/10.1046/].1365-2486.2003.00655.x

Strém, L., Mastepanov, M., & Christensen, T. R. (2005). Species-specific effects of
vascular plants on carbon turnover and methane emissions from wetlands.
Biogeochemistry, 75(1), 65-82. https://doi.org/10.1007/s10533-004-6124-1

Stubbs, Q., Yeo, I.-Y., Lang, M., Townshend, J., Sun, L., Prestegaard, K., & Jantz, C.
(2020). Assessment of wetland change on the Delmarva Peninsula from 1984
to 2010. Journal of Coastal Research, 36(3), 575-589.
https://doi.org/10.2112/JCOASTRES-D-16-00038.1

Sturtevant, C., Ruddell, B. L., Knox, S. H., Verfaillie, J., Matthes, J. H., Oikawa, P.
Y., & Baldocchi, D. D. (2016). Identifying scale-emergent, nonlinear,
asynchronous processes of wetland methane exchange. Journal of
Geophysical Research: Biogeosciences, 121(1), 188-204.
https://doi.org/10.1002/2015JG003054

Suding, K., Spotswood, E., Chapple, D., Beller, E., & Gross, K. (2016). Ecological
dynamics and ecological restoration. In M. A. Palmer, J. B. Zedler, & D. A.
Falk (Eds.), Foundations of Restoration Ecology (pp. 27-56). Island

167



Press/Center for Resource Economics. https://doi.org/10.5822/978-1-61091-
698-1 2

Sugihara, G. (1994). Nonlinear forecasting for the classification of natural time series.
Philosophical Transactions: Physical Sciences and Engineering, 348(1688),
477-495. https://doi.org/10.1098/rsta.1994.0106

Sugihara, G., & May, R. M. (1990). Nonlinear forecasting as a way of distinguishing
chaos from measurement error in time series. Nature, 344(6268), 734—741.
https://doi.org/10.1038/344734a0

Sugihara, G., May, R., Ye, H., Hsieh, C., Deyle, E., Fogarty, M., & Munch, S. (2012).
Detecting causality in complex ecosystems. Science, 338(6106), 496-500.
https://doi.org/10.1126/science.1227079

Sutton-Grier, A. E., Kenney, M. A., & Richardson, C. J. (2010). Examining the
relationship between ecosystem structure and function using structural
equation modelling: A case study examining denitrification potential in
restored wetland soils. Ecological Modelling, 221(5), 761-768.
https://doi.org/10.1016/j.ecolmodel.2009.11.015

Sutton-Grier, A. E., & Megonigal, J. P. (2011). Plant species traits regulate methane
production in freshwater wetland soils. Soil Biology and Biochemistry, 43(2),
413-420. https://doi.org/10.1016/j.s0ilbi0.2010.11.009

Taddeo, S., & Dronova, 1. (2020). Landscape metrics of post-restoration vegetation
dynamics in wetland ecosystems. Landscape Ecology, 35(2), 275-292.
https://doi.org/10.1007/s10980-019-00946-0

Taillardat, P., Thompson, B. S., Garneau, M., Trottier, K., & Friess, D. A. (2020).
Climate change mitigation potential of wetlands and the cost-effectiveness of
their restoration. Interface Focus, 10(5), 20190129.
https://doi.org/10.1098/rsfs.2019.0129

Tak, D.B. Y., Vroom, R. J. E., Lexmond, R., Lamers, L. P. M., Robroek, B. J. M., &
Temmink, R. J. M. (2023). Water level and vegetation type control carbon

fluxes in a newly-constructed soft-sediment wetland. Wetlands Ecology and
Management, 31(4), 583—594. https://doi.org/10.1007/s11273-023-09936-1

Tangen, B. A., & Bansal, S. (2019). Hydrologic lag effects on wetland greenhouse
gas fluxes. Atmosphere, 10(5), 269. https://doi.org/10.3390/atmos10050269

Tangen, B. A., & Bansal, S. (2020). Soil organic carbon stocks and sequestration
rates of inland, freshwater wetlands: Sources of variability and uncertainty.
Science of The Total Environment, 749, 141444,
https://doi.org/10.1016/j.scitotenv.2020.141444

Teh, Y. A., Silver, W. L., Sonnentag, O., Detto, M., Kelly, M., & Baldocchi, D. D.
(2011). Large greenhouse gas emissions from a temperate peatland pasture.
Ecosystems, 14(2), 311-325. https://doi.org/10.1007/s10021-011-9411-4

Theus, M. E., Ray, N. E., Bansal, S., & Holgerson, M. A. (2023). Submersed
macrophyte density regulates aquatic greenhouse gas emissions. Journal of

168




Geophysical Research: Biogeosciences, 128(10), €2023JG007758.
https://doi.org/10.1029/2023JG007758

Tiner, R. (2017). Wetland Indicators (Second). CRC Press.
https://doi.org/10.1201/9781420048612

Turetsky, M. R., Kotowska, A., Bubier, J., Dise, N. B., Crill, P., Hornibrook, E. R. C.,
Minkkinen, K., Moore, T. R., Myers-Smith, I. H., Nykdnen, H., Olefeldt, D.,
Rinne, J., Saarnio, S., Shurpali, N., Tuittila, E.-S., Waddington, J. M., White,
J. R., Wickland, K. P., & Wilmking, M. (2014). A synthesis of methane
emissions from 71 northern, temperate, and subtropical wetlands. Global
Change Biology, 20(7), 2183-2197. https://doi.org/10.1111/gcb.12580

Turner, J. C., Moorberg, C. J., Wong, A., Shea, K., Waldrop, M. P., Turetsky, M. R.,
& Neumann, R. B. (2020). Getting to the root of plant-mediated methane
emissions and oxidation in a thermokarst bog. Journal of Geophysical
Research: Biogeosciences, 125(11), €2020JG005825.
https://doi.org/10.1029/2020JG005825

Turner, M. G. (2005). Landscape ecology: What is the state of the science? Annual
Review of Ecology, Evolution, and Systematics, 36(1), 319-344.
https://doi.org/10.1146/annurev.ecolsys.36.102003.152614

Tyndall, R. W. (2000). Vegetation change in a Carolina Bay on the Delmarva
Peninsula of Maryland during an eleven-year period (1987-1997). Castanea,
65(2), 155-164. JSTOR.

Uhran, B., Windham-Myers, L., Bliss, N., Nahlik, A. M., Sundquist, E. T., & Stagg,
C. L. (2021). Improved wetland soil organic carbon stocks of the
conterminous U.S. through data harmonization. Frontiers in Soil Science, 1,
16. https://doi.org/10.3389/fs0il.2021.706701

Urbanova, Z., Barta, J., & Picek, T. (2013). Methane emissions and methanogenic
archaea on pristine, drained and restored mountain peatlands, Central Europe.
Ecosystems, 16(4), 664—677. https://doi.org/10.1007/s10021-013-9637-4

Urbanova, Z., Picek, T., Hjek, T., Bufkova, 1., & Tuittila, E.-S. (2012). Vegetation
and carbon gas dynamics under a changed hydrological regime in central
European peatlands. Plant Ecology & Diversity, 5(1), 89—103.
https://doi.org/10.1080/17550874.2012.688069

U.S. Army Corps of Engineers. (2005). Technical standard for water-table
monitoring of potential wetland sites (No. ERDC TN-WRAP-05-2; WRAP
Technical Notes Collection). U.S. Army Engineer Research and Development
Center. https://hdl.handle.net/11681/3552

USDA-NRCS. (2010). Conservation Practice Standard for Wetland Restoration
Code 657. https://www.nrcs.usda.gov/resources/guides-and-
instructions/wetland-restoration-ac-657-conservation-practice-standard

Valach, A. C., Kasak, K., Hemes, K. S., Anthony, T. L., Dronova, 1., Taddeo, S.,
Silver, W. L., Szutu, D., Verfaillie, J., & Baldocchi, D. D. (2021). Productive

169



wetlands restored for carbon sequestration quickly become net CO- sinks with
site-level factors driving uptake variability. PLOS ONE, 16(3), €0248398.
https://doi.org/10.1371/journal.pone.0248398

van den Berg, M., van den Elzen, E., Ingwersen, J., Kosten, S., Lamers, L. P. M., &
Streck, T. (2020). Contribution of plant-induced pressurized flow to CHa
emission from a Phragmites fen. Scientific Reports, 10(1), 12304.
https://doi.org/10.1038/s41598-020-69034-7

Vanderhoof, M. K., Distler, H. E., Mendiola, D. A. T. G., & Lang, M. (2017).
Integrating Radarsat-2, lidar, and Worldview-3 imagery to maximize detection
of forested inundation extent in the Delmarva Peninsula, USA. Remote
Sensing, 9(2), Article 2. https://doi.org/10.3390/rs9020105

Viazquez-Lule, A., & Vargas, R. (2021). Biophysical drivers of net ecosystem and
methane exchange across phenological phases in a tidal salt marsh.
Agricultural and Forest Meteorology, 300, 108309.
https://doi.org/10.1016/j.agrformet.2020.108309

Vélez-Martin, A., Davy, A. J., Luque, C. J., & Castellanos, E. M. (2018). Reference
conditions for restoration of heterogeneous Mediterranean wetland are best
defined by multiple, hydrologically diverse sites. Restoration Ecology, 26(1),
145-155. https://doi.org/10.1111/rec.12549

Vickers, D., & Mabhrt, L. (1997). Quality control and flux sampling problems for
tower and aircraft data. Journal of Atmospheric and Oceanic Technology,
14(3), 512-526. https://doi.org/10.1175/1520-
0426(1997)014<0512:QCAFSP>2.0.CO:2

Villa, J. A., Ju, Y., Stephen, T., Rey-Sanchez, C., Wrighton, K. C., & Bohrer, G.
(2020). Plant-mediated methane transport in emergent and floating-leaved
species of a temperate freshwater mineral-soil wetland. Limnology and
Oceanography, 65(7), 1635-1650. https://doi.org/10.1002/Ino0.11467

Villa, J. A., Ju, Y., Yazbeck, T., Waldo, S., Wrighton, K. C., & Bohrer, G. (2021).
Ebullition dominates methane fluxes from the water surface across different
ecohydrological patches in a temperate freshwater marsh at the end of the

growing season. Science of The Total Environment, 767, 144498.
https://doi.org/10.1016/j.scitotenv.2020.144498

Volik, O., Elmes, M., Petrone, R., Kessel, E., Green, A., Cobbaert, D., & Price, J.
(2020). Wetlands in the Athabasca Oil Sands Region: The nexus between
wetland hydrological function and resource extraction. Environmental
Reviews, 28(3), 246-261. https://doi.org/10.1139/er-2019-0040

Vroom, R. J. E., van den Berg, M., Pangala, S. R., van der Scheer, O. E., & Sorrell,
B. K. (2022). Physiological processes affecting methane transport by wetland
vegetation — a review. Aquatic Botany, 182, 103547.
https://doi.org/10.1016/j.aquabot.2022.103547

Waldo, N. B., Chistoserdova, L., Hu, D., Gough, H. L., & Neumann, R. B. (2022).
Impacts of the wetland sedge Carex aquatilis on microbial community and

170




methane metabolisms. Plant and Soil, 471(1), 491-506.
https://doi.org/10.1007/s11104-021-05239-7

Waldo, N. B., Hunt, B. K., Fadely, E. C., Moran, J. J., & Neumann, R. B. (2019).
Plant root exudates increase methane emissions through direct and indirect
pathways. Biogeochemistry, 145(1), 213-234. https://doi.org/10.1007/s10533-
019-00600-6

Walter, K., Don, A., Tiemeyer, B., & Freibauer, A. (2016). Determining soil bulk
density for carbon stock calculations: A systematic method comparison. Soi/
Science Society of America Journal, 80(3), 579-591.
https://doi.org/10.2136/sssaj2015.11.0407

Wang, H., Ho, M., Flanagan, N., & Richardson, C. J. (2021). The effects of
hydrological management on methane emissions from southeastern shrub
bogs of the USA. Wetlands, 41(7), 87. https://doi.org/10.1007/s13157-021-
01486-7

Wardinski, K. M., Hotchkiss, E. R., Jones, C. N., McLaughlin, D. L., Strahm, B. D.,
& Scott, D. T. (2022). Water-soluble organic matter from soils at the
terrestrial-aquatic interface in wetland-dominated landscapes. Journal of
Geophysical Research: Biogeosciences, 127(9), €2022JG006994.
https://doi.org/10.1029/2022JG006994

Webb, E. K., Pearman, G. ., & Leuning, R. (1980). Correction of flux measurements
for density effects due to heat and water vapour transfer. Quarterly Journal of
the Royal Meteorological Society, 106(447), 85—100.
https://doi.org/10.1002/qj.49710644707

Webster, K. L., Creed, 1. F., Beall, F. D., & Bourbonniére, R. A. (2011). A
topographic template for estimating soil carbon pools in forested catchments.
Geoderma, 160(3), 457-467. https://doi.org/10.1016/j.geoderma.2010.10.016

Were, D., Kansiime, F., Fetahi, T., Cooper, A., & Jjuuko, C. (2019). Carbon
sequestration by wetlands: A critical review of enhancement measures for

climate change mitigation. Earth Systems and Environment, 3(2), 327-340.
https://doi.org/10.1007/s41748-019-00094-0

Whalen, S. C. (2005). Biogeochemistry of methane exchange between natural
wetlands and the atmosphere. Environmental Engineering Science, 22(1), 73—
94. https://doi.org/10.1089/ees.2005.22.73

Whitaker, J., Richardson, H. R., Ostle, N. J., Armstrong, A., & Waldron, S. (2021).
Plant functional type indirectly affects peatland carbon fluxes and their
sensitivity to environmental change. European Journal of Soil Science, 72(2),
1042—-1053. https://doi.org/10.1111/ejss.13048

White House Office of Management and Budget. (2022). National Strategy to
Develop Statistics for Environmental-Economic Decisions (Public Comment
Draft Nos. 2022—-17993). https://www.regulations.gov/document/OMB-2022-
0009-0002

171



White, P. S., & Walker, J. L. (1997). Approximating nature’s variation: Selecting and
using reference information in restoration ecology. Restoration Ecology, 5(4),
338-349. https://doi.org/10.1046/j.1526-100X.1997.00547.x

Whiting, G. J., & Chanton, J. P. (1993). Primary production control of methane
emission from wetlands. Nature, 364(6440), 794-795.
https://doi.org/10.1038/364794a0

Whiting, G. J., & Chanton, J. P. (2001). Greenhouse carbon balance of wetlands:
Methane emission versus carbon sequestration. Tellus B: Chemical and
Physical Meteorology, 53(5), 521-528.
https://doi.org/10.3402/tellusb.v53i5.16628

Wilczak, J. M., Oncley, S. P., & Stage, S. A. (2001). Sonic anemometer tilt correction
algorithms. Boundary-Layer Meteorology, 99(1), 127-150.
https://doi.org/10.1023/A:1018966204465

Williams, A. S., Mushet, D. M., Lang, M., McCarty, G. W., Shaffer, J. A., Kahara, S.
N., Johnson, M.-V. V., & Kiniry, J. R. (2020). Improving the ability to include
freshwater wetland plants in process-based models. Journal of Soil and Water
Conservation, 75(6), 704—712. https://doi.org/10.2489/jswc.2020.00089

Wilmoth, J. L., Schaefer, J. K., Schlesinger, D. R., Roth, S. W., Hatcher, P. G.,
Shoemaker, J. K., & Zhang, X. (2021). The role of oxygen in stimulating
methane production in wetlands. Global Change Biology, 27(22), 5831-5847.
https://doi.org/10.1111/gcb.15831

Wilson, D., Farrell, C. A., Fallon, D., Moser, G., Miiller, C., & Renou-Wilson, F.
(2016). Multiyear greenhouse gas balances at a rewetted temperate peatland.
Global Change Biology, 22(12), 4080—4095.
https://doi.org/10.1111/gcb.13325

Winter, T. C. (1988). A conceptual framework for assessing cumulative impacts on
the hydrology of nontidal wetlands. Environmental Management, 12(5), 605—
620. https://doi.org/10.1007/BF01867539

Winter, T. C. (2001). The concept of hydrologic landscapes. JAWRA Journal of the
American Water Resources Association, 37(2), 335-349.
https://doi.org/10.1111/].1752-1688.2001.tb00973.x

Wu, Q., Lane, C., & Liu, H. (2014). An effective method for detecting potential
woodland vernal pools using high-resolution LiDAR data and aerial imagery.
Remote Sensing, 6(11), Article 11. https://doi.org/10.3390/rs61111444

Wu, Q., Lane, C. R., Wang, L., Vanderhoof, M. K., Christensen, J. R., & Liu, H.
(2019). Efficient delineation of nested depression hierarchy in digital
elevation models for hydrological analysis using level-set method. J4WRA
Journal of the American Water Resources Association, 55(2), 354-368.
https://doi.org/10.1111/1752-1688.12689

Wautzler, T., Lucas-Moffat, A., Migliavacca, M., Knauer, J., Sickel, K., Sigut, L.,
Menzer, O., & Reichstein, M. (2018). Basic and extensible post-processing of

172



eddy covariance flux data with REddyProc. Biogeosciences, 15(16), 5015—
5030. https://doi.org/10.5194/bg-15-5015-2018

Yarwood, S. A. (2018). The role of wetland microorganisms in plant-litter
decomposition and soil organic matter formation: A critical review. FEMS
Microbiology Ecology, 94(fiy175). https://doi.org/10.1093/femsec/fiy 175

Yavitt, J. B., Burtis, J. C., Smemo, K. A., & Welsch, M. (2018). Plot-scale spatial
variability of methane, respiration, and net nitrogen mineralization in muck-
soil wetlands across a land use gradient. Geoderma, 315, 11-19.
https://doi.org/10.1016/j.geoderma.2017.11.038

Ye, H., Deyle, E. R., Gilarranz, L. J., & Sugihara, G. (2015). Distinguishing time-
delayed causal interactions using convergent cross mapping. Scientific
Reports, 5(1), Article 1. https://doi.org/10.1038/srep14750

Yepsen, M., Baldwin, A. H., Whigham, D. F., McFarland, E., LaForgia, M., & Lang,
M. (2014). Agricultural wetland restorations on the USA Atlantic Coastal
Plain achieve diverse native wetland plant communities but differ from natural
wetlands. Agriculture, Ecosystems & Environment, 197, 11-20.

https://doi.org/10.1016/J.AGEE.2014.07.007

Yoshida, N., Iguchi, H., Yurimoto, H., Murakami, A., & Sakai, Y. (2014). Aquatic
plant surface as a niche for methanotrophs. Frontiers in Microbiology, 5, 30.
https://doi.org/10.3389/fmicb.2014.00030

Yu, L., Huang, Y., Sun, F., & Sun, W. (2017). A synthesis of soil carbon and nitrogen
recovery after wetland restoration and creation in the United States. Scientific
Reports, 7(7966), 1-9. https://doi.org/10.1038/s41598-017-08511-y

Yuan, S., Yang, Z., Liu, X., & Wang, H. (2017). Key parameters of water level
fluctuations determining the distribution of Carex in shallow lakes. Wetlands,
37(6), 1005—-1014. https://doi.org/10.1007/s13157-017-0934-0

Yvon-Durocher, G., Allen, A. P., Bastviken, D., Conrad, R., Gudasz, C., St-Pierre,
A., Thanh-Duc, N., & del Giorgio, P. A. (2014). Methane fluxes show
consistent temperature dependence across microbial to ecosystem scales.
Nature, 507(7493), 488—491. https://doi.org/10.1038/nature13164

Zedler, J. B. (2000). Progress in wetland restoration ecology. Trends in Ecology &
Evolution, 15(10), 402—407. https://doi.org/10.1016/S0169-5347(00)01959-5

Zedler, J. B. (2003). Wetlands at your service: Reducing impacts of agriculture at the
watershed scale. Frontiers in Ecology and the Environment, 1(2), 65-72.
https://doi.org/10.2307/3868032

Zedler, J. B., & Callaway, J. C. (1999). Tracking wetland restoration: Do mitigation

sites follow desired trajectories? Restoration Ecology, 7(1), 69-73.
https://doi.org/10.1046/].1526-100X.1999.07108.x

Zedler, J. B., & Kercher, S. (2005). Wetland resources: Status, trends, ecosystem
services, and restorability. Annual Review of Environment and Resources,
30(1), 39-74. https://doi.org/10.1146/annurev.energy.30.050504.144248

173




Zhang, W.-J., Xiao, H.-A., Tong, C.-L., Su, Y.-R., Xiang, W., Huang, D.-Y., Syers, J.
K., & Wu, J. (2008). Estimating organic carbon storage in temperate wetland
profiles in Northeast China. Geoderma, 146(1), 311-316.
https://doi.org/10.1016/j.geoderma.2008.06.006

Zuur, A. F., Ieno, E. N., & Smith, G. M. (2007). Analyzing Ecological Data (1st ed.).
Springer. https://link.springer.com/book/10.1007/978-0-387-45972-1

174



