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High spatial variability in wetland methane fluxes is tied
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Abstract Wetlands are the largest natural source of
methane (CH,), but spatial variability in fluxes com-
plicates prediction, budgeting, and mitigation efforts.
Despite the many environmental factors identified as
CH, drivers, the overall influence of wetland spatial
heterogeneity on CH, fluxes remains unclear. We
identified five dominant patch types—submersed
aquatic vegetation (SAV), emergent forbs, sedges/
rushes, grasses, and open water—within a freshwa-
ter wetland in Maryland, USA, and measured CH,
fluxes using a combined chamber and eddy covari-
ance approach from June to September 2021. Because
patch types integrate co-occurring environmental fac-
tors, we hypothesized that CH, flux is best character-
ized at the patch scale. Chamber measurements from
representative patches showed distinct CH, signals;
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fluxes from grasses and sedges/rushes were high-
est, 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 vari-
ability 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 biogeo-
chemical cycles and predicting the impacts of envi-
ronmental change on wetland ecosystem processes.
Our study demonstrates the importance of vegetation
patch types in structuring spatial variability and sup-
ports a patch-explicit representation to reduce uncer-
tainty in wetland CH, fluxes.

Keywords Freshwater wetland - Greenhouse gas
emissions - Spatial heterogeneity - Vegetation type -
Chamber method - Eddy covariance

Introduction

Wetlands are hotspots of biogeochemical activ-
ity and are characterized by spatially variable pro-
cesses (McClain et al. 2003; Capps et al. 2014;
Marton et al. 2015). Methane (CH,) flux, in particu-
lar, is highly scrutinized in wetlands because of its
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potency as a greenhouse gas (Whiting and Chanton
2001). Most wetlands contain sufficient organic
carbon (C) substrate, reducing conditions, and
methanogenic archaea to produce CH, (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 CH,
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 relation-
ship between environmental heterogeneity and CH,
flux.

In many wetlands, spatial heterogeneity is organ-
ized 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 micro-
topography and plant community (Lampela et al.
2016; Keshta et al. 2023). The mechanisms of patch
formation vary but are thought to involve self-rein-
forcing feedback among plants, soil, and hydrologi-
cal regimes. Through this 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 ecologi-
cal importance, patches are an accessible means of
describing spatial heterogeneity because they can be
detected visually and with remote sensing (Dronova
etal. 2011).

Wetland vegetation patches integrate co-occurring
drivers of spatial variability in CH, 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 physicochemi-
cal conditions that favor their dominant plants (Cou-
wenberg et al. 2011). Over time, positive feedbacks
may further differentiate patches. Plant inputs modify
soil chemistry (Palozzi and Lindo 2017), and some
wetland plants engineer their physical environment
to favor their own dominance (Caraco et al. 2006),
resulting in stronger aboveground-belowground link-
ages and additional spatial variation (Jones et al.
1994). Altogether, the interactions between plants and
the abiotic environment shape microbial communities
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(Berg and Smalla 2009), providing the basis for CH,
variability among patch types (Sharp et al. 2024).

Plants directly influence patch CH, fluxes through
physiological mechanisms. The release of oxygen
and root exudates into the rhizosphere affects rates of
CH, production and oxidation, and in emergent plants
with porous aerenchyma tissue, vascular gas transport
can be an efficient pathway for CH, emission (Laan-
broek 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 et al. 2018; Villa et al. 2020). Plants
may also regulate CH, fluxes through microbial com-
munity composition, for example, by favoring certain
groups of soil methanogens (Waldo et al. 2022; Sharp
et al. 2024) or supporting epiphytic methanotrophs
(Yoshida et al. 2014). A plant’s net effect on flux is
thus determined by its impact on multiple interact-
ing—and often competing—processes (Noyce and
Megonigal 2021; Bastviken et al. 2023). Plant func-
tional groups and traits can partially explain interspe-
cific variability (Kao-Kniffin et al. 2010; Sutton-Grier
and 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 CH, 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 (Whi-
taker et al. 2021; Noyce and Megonigal 2021). In
vegetated patches, recent studies have suggested that
plant phenology is a strong driver of seasonal flux
patterns (Helfter et al. 2022; Ge et al. 2023).

Here, we investigated the link between vegeta-
tion patches and CH, flux in a spatially heterogene-
ous wetland. Vegetation patches, as “‘environmental
integrators” of CH, drivers, may be most effective
at explaining spatial patterns in CH, fluxes (David-
son et al. 2016). Further understanding how vegeta-
tion patches influence spatially variable processes is
essential for estimating the contributions of wetlands
to global biogeochemical cycles amid widespread
environmental change in these systems. Specifically,
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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 Del-
marva 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 character-
ized by inundation for most of the year with a period
of evapotranspiration-driven water table drawdown
from late summer to autumn (Phillips and Shed-
lock 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 preva-
lence in the study wetland, importance in wetlands
throughout the region, and representation of plant
growth forms (Schultz and Pett 2018; Table 1).
Unvegetated open water appeared only in the deepest

Table 1 Description of wetland patch types

central part of the wetland. Submersed aquatic veg-
etation (SAV), such as rooted Juncus repens or Pros-
erpinaca palustris, formed dense mats in deep areas
surrounding open water. Emergent forbs, mainly Per-
sicaria 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 monospe-
cific stands underlain by mats of semi-decomposed
litter, while sedges/rushes (henceforth “sedges”) clus-
tered in tussocks and occupied shallower areas toward
the wetland margin. These distinctions are commonly
used in wetland studies to represent plant morpho-
logical 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 productiv-
ity and CH, flux (Goud et al. 2017, 2022; Villa et al.
2020). In late September, during the late growing sea-
son, 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

Patch type Dominant plant species Avg. water Chamber type Approx.
depth (m)?* coverage®
Submersed aquatic Juncus repens, Proserpinaca palustris, Utricularia sp. 0.41 Floating 28%
vegetation (SAV)
Emergent forbs Persicaria hydropiperoides, Proserpinaca spp., Ludwigia 0.32 Floating 17%
sphaerocarpa
Sedges/rushes Carex striata, Juncus effusus, Eleocharis quadrangulata 0.18 Static 35%
Grasses Panicum hemitomon 0.24 Static 10%
Open water n.a. 0.44 Floating 11%

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
June—September

"Excluding forested area around wetland margin
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plots. Plant stems were cut above the soil surface,
standing litter was separated, and samples were dried
and weighed to determine aboveground biomass
(g m_z). To estimate leaf area, we selected ten stems
from each quadrat. Leaves were digitally scanned,
and area was measured using ImageJ (Schneider et al.
2012) then scaled to the full quadrat by species. Leaf
area index (m? m~2) 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 pat-
terns 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 cam-
era’s field of view did not cover emergent forbs and
SAYV, so our analysis focused on dominant graminoids
(Table 1). Following PhenoCam network protocols
(Richardson et al. 2018), greenness was calculated for
each ROI as the mean pixel green chromatic coordi-
nate (G..) value, and time series for 2021 were con-
structed using the 90% cumulative G- over 3-day
windows. Plant active phase was defined as the period
when G 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 CH,
fluxes. The two methods are considered complemen-
tary; chambers directly measure fluxes at discrete
points, providing high precision but low spatiotem-
poral coverage, whereas EC offers continuous eco-
system-scale 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 cham-
ber and tower data and obtain robust estimates of
patch-type fluxes across space and time.

Static chambers
Patch flux point measurements were collected using

chamber incubations. We established research plots
in one representative of each patch type; plots had
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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%0.5x0.7 m)
consisting of aluminum frames covered by clear poly-
carbonate sheeting, with aluminum lids, to accom-
modate tall (>0.5 m) vegetation. In the forbs, SAV,
and open water plots we used floating chambers
(0.4x%0.4%x0.35 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, respec-
tively. During each weeklong campaign, we selected
three sampling days with similar weather forecasts
(see Supplementary Table S1 for more information
on sampling conditions). All chambers were sampled
each day in full sunlight between 08:00 and 18:00 h
and in random order by patch. We conducted an addi-
tional sampling day in November but did not include
it in the main analysis (data shown in Supplementary
Fig. S1). Water depth was monitored continuously
with pressure transducers (Onset Computer Corpo-
ration, Bourne, MA, USA) in shallow wells at our
research plots in each patch type (Supplementary
Fig. S2).

Chamber fluxes were measured with 30-min incu-
bations. Gas samples were taken at 10-min intervals
(n=4 per incubation) and stored in 12 mL evacu-
ated vials (Labco, UK). Methane concentrations
were determined using gas chromatography (SRI
Instruments, Torrance, CA, USA) and corrected with
in-chamber temperature measurements. The aver-
age temperature change over the course of incuba-
tions 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). Qual-
ity 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 satura-
tion, or excessive disturbance as indicated by devia-
tion from linear trends (7.5% of total points). Flux
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curves were retained if at least three points had an
R%>0.9 (Nahlik and Mitsch 2011) or if the rate was
near zero (+1 mg CH,-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 meas-
ured fluxes, 102 were calculated using all four points,
45 had three points, and three were discarded.

Eddy covariance

Continuous wetland-scale CH, fluxes were measured
using EC (Baldocchi et al. 2001). A 2.9 m tall flux
tower located in the open-canopy area of the wet-
land was equipped with an open-path CH, 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 anemom-
eter tilt correction, time series detrending, time lag
compensation, and statistical screening (Vickers and
Mahrt 1997; Wilczak et al. 2001; Moncrieff et al.
2004). Fluxes were corrected for frequency response
(Moncrieff et al. 1997, 2004) and air density fluctua-
tions (Webb et al. 1980).

As with chamber measurements, we restricted our
analysis to the summer (June—September), which
accounted for about 70% of 2021 CH, emissions at
our site (Supplementary Fig. S3). Fluxes were qual-
ity checked using standard tests for stationarity and
sufficient turbulence (Foken et al. 2012). We fur-
ther removed periods during which a plausible time
lag was not identified (Eugster et al. 2011), the CH,
mixing ratio varied excessively (Erkkila et al. 2018),
or the friction velocity was <0.1 m s~! (Kljun et al.
2015). No gap filling was attempted.

Footprint analysis

Source areas of 30-min tower fluxes were estimated
using a two-dimensional analytical footprint model
(Kljun et al. 2015). Given the micrometeorologi-
cal 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 atmos-
pheric boundary layer height, which was acquired
from ERAS climate reanalysis data (Hersbach et al.
2020). A description of the model including its defi-
nition and parameterization can be found in Kljun
et al. (2015).

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). Stud-
ies examining flux uncertainty from footprint cal-
culations in such environments have found it to be
relatively low (Morin et al. 2017; Stoy et al. 2021);
however, we acknowledge that flow inhomoge-
neities 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 empiri-
cally for each flux averaging period to account for
the dependence of flow conditions on wind direc-
tion (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 CH, 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 (Fig. 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 tow-
er’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% cumu-
lative footprint and rescaled weights to sum to unity
(Chu et al. 2021).

Patch-type flux estimation

To estimate patch-type fluxes at a broader scale, tower
flux data was modeled as a simple weighted average:
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Fig. 1 Distribution of patch types and flux tower source area
in the study wetland. The triangular symbol indicates the loca-
tion 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

F, = Zﬁ‘bit (D
i=1

where F, is the observed tower flux at time ¢ which
integrates a source area composed of n (=5) patch
types, ¢;, is the source area fraction of patch type i
at time ¢ (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 (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 (1) can be made tempo-
rally 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 fl (rather than predictions
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of F,), we did not add parameters that could com-
plicate the interpretation of fl As such, fl should
be considered an estimate of the average flux from a
patch type over the study period.

The model was parameterized using Bayesian lin-
ear regression. Bayesian methods provide a robust
representation of uncertainty and, importantly,
allowed us to incorporate prior knowledge on param-
eter distributions (Ellison 2004). We set normal pri-
ors on f;:

JTi NN(ﬂnO'i) 2

where y; and o; are the median and median absolute
deviation of chamber-measured fluxes from patch
type i, respectively. Posterior distributions of fl were
estimated iteratively using Markov chain Monte
Carlo MCMC) sampling with tower data. To exam-
ine 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 Fig. S4). Models
were evaluated by comparing the observed data dis-
tribution with simulated datasets from the posterior
predictive distribution (Conn et al. 2018; Supplemen-
tary Fig. S5). 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 multicol-
linearity 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
(Fig. 1). Although informative priors can mitigate
multicollinearity issues in Bayesian analyses (Pesaran
and Smith 2019), parameters in our model without
the chamber prior likely had some degree of depend-
ence. Parameter identifiability was assessed by exam-
ining pairwise correlations between MCMC samples
(Ogle and Barber 2020; Supplementary Figs. S6 and
S7).

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
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patch 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 Ime4 (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 bio-
mass and leaf area index (Table 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™>
and 3.20 m> m~2, respectively) and were further char-
acterized by a long growing season (Table 2). Com-
pared 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 (Fig. 2). Phenology also differed
between C. striata and other dominant sedges/rushes,
with all three species exhibiting unique greenness
patterns (Fig. 2).

Table 2 Plant productivity in vegetated patches

0.501 ) Panicum hemitomon
0.45 1
0.40 1

0.35

0.401 b) Carex striata

0.38 1
0.36 1
0.34 1

0.32 1
0.42

c) Eleocharis quadrangulata

0.39 1

Greenness index

0.36 1

0.33 1

0384 d) Juncus effusus
0.36

0.34 4

0132 im0 . . i e,
Jan 21 Apr '21 Jul 21 Oct 21 Jan '22

Fig. 2 Species-specific phenology for dominant grasses (a)
and sedges/rushes (b—d) in the study wetland in 2021. Green-
ness 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 dif-
ferent 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 ampli-
tude

Aboveground biomass, g m~2 Leaf area index, m* m™2 Peak greenness, DOY

Active phase
length, days

Patch type

Submersed aquatic 34.9 (6.9)
vegetation®

Emergent forbs 83.6 (15.3)

Sedges/rushes® 361 (30.9)

Grasses 255 (15.8)

0.61 (0.10) n.r. n.r.
0.93 (0.18) n.r. n.r.
3.20(0.27) 181 239
2.15(0.14) 195 172

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 “Patch veg-

etation parameters”. n.r. not recorded

“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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Empirical distributions of patch-type fluxes

Chamber flux distributions had distinct shapes
among patches (Fig. 3). Most open water fluxes
were low (median flux=0.591 mg CH,-C m~2h™");
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 CH,-C m™2 h™!, respectively) and
were positively skewed. Fluxes from SAV and forbs
(median=6.50, 7.09 mg CH,-C m=2 h7!, respec-
tively) were centered between open water and grami-
noids, spanned almost the full range of fluxes, and
had a strong positive skew. The maximum flux was
between 32 and 46 mg CH,-C m~2 h™! for all veg-
etated patches.

Temporal variability in fluxes within patches

Relative differences between patch fluxes were gen-
erally consistent over time (Fig. 4). Graminoid
(sedge and grass) fluxes were always highest and
never fell below 5 mg CH,-C m~ 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.,

Fig. 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

SAV

Forbs

Sedges/
rushes

Grasses

Open
water
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these patches had occasional elevated fluxes through-
out the summer. Open water fluxes never exceeded
2.2 mg CH,-C m~2 h~! and were always lowest.

Variability among patches was the largest source of
chamber flux variability in our study design (Supple-
mentary Table S2). According to our variance com-
ponent model, patch accounted for 65.4% of the vari-
ance in power-transformed 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). This reduced the patch component, but
patch (19.8%) remained larger than chamber (10.8%)
and campaign (7.0%). In other words, patch variabil-
ity was greater than temporal variability (among cam-
paigns) and spatial variability within patches. Exclud-
ing 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 variabil-
ity identified with static chambers (Fig. 5). Tower

10 20 30 40 50
CHy flux (mg CH,-Cm2h™")
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Fig. 4 Patch flux boxplots for the three sampling campaigns.
Fluxes (n=8-9 for each patch per campaign) were measured
using chambers in 2021. Campaigns consisted of three sam-
pling days during which three chambers were sampled in each

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 (Fig. 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 cham-
ber data was the lower model estimate for grasses.
Our model also indicated a small but nonnegligible
source of CH, from open water, greater than what
we measured with floating chambers.

Sedges/ Open
ruishes ‘ Grasses .

water

patch. Diamonds are patch-campaign means and colored points
lie outside 1.5 times the interquartile range. SAV submersed
aquatic vegetation

Discussion
Patches have distinct CH, flux distributions

Chamber sampling in our wetland revealed that the
distribution of CH, fluxes had distinct shapes among
patch types. This suggests strong spatial variability
in the processes driving CH, 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. Stud-
ies across ecoregions and wetland types have shown
that graminoid vegetation is a strong source of CH,
(e.g., Turetsky et al. 2014; Akhtar et al. 2020; Bao
et al. 2021). This is partly because dominant grami-
noids are generally productive, which is considered a
driver of wetland CH, fluxes (Whiting and Chanton
1993). In our wetland, graminoid productivity was
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Fig. 5 Estimates of aver-

age growing season CH,

fluxes for wetland patch

types from a model using SAV
both chamber and tower

data (“Chamber & tower”

model). The model was

a Bayesian linear regres-

sion of tower flux on patch Forbs
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% uncer-
tainty. SAV submersed
aquatic vegetation

Sedges/
rushes

Grasses

Open
water

Model
Tower
Chamber & tower

Chamber

indicated by greater aboveground biomass and leaf
area index (Table 2). These traits have been linked to,
for example, inputs of litter and root exudates (Sut-
ton-Grier and Megonigal 2011; Goud et al. 2017),
which can fuel methanogenesis directly as substrate
and indirectly by priming the decomposition of com-
plex soil organic matter into compounds more read-
ily accessible to methanogens (Waldo et al. 2019).
We did not measure belowground biomass, which
interacts more directly with CH,-cycling microbes
and does not always correlate with aboveground
vegetation parameters (Maittd and Malhotra 2024).
However, the relationship between biomass and CH,
fluxes depends on species and abiotic factors (Kao-
Kniffin et al. 2010; Bhullar et al. 2013b), 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 con-
duits for CH, to the atmosphere (Bhullar et al. 2013a;
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Ge et al. 2023). The same traits can also increase
radial oxygen loss and stimulate CH, oxidation (Kao-
Kniffin et al. 2010; Sutton-Grier and 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, CH,
concentrations were reduced in graminoid rooting
zones (Sharp et al. 2024), which is characteristic of
plant-driven CH, transport and rhizosphere oxygena-
tion (van den Berg et al. 2020).

The efficiency of plant-mediated transport can sup-
press other flux pathways (e.g., ebullition; van den
Berg et al. 2020), resulting in a CH, signal dominated
by plant ventilation. The graminoids in our wetland
exchange gases passively, so their influence on CH,
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 quad-
rats; data not shown) and can be an additional pas-
sive conduit for CH, (Carmichael et al. 2014). Thus,
plant-mediated transport may explain the relative
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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),
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 vas-
cular gas transport in both emergent forbs and SAV
(Andrews et al. 2013; Bhullar et al. 2013a). Never-
theless, C inputs in these patches could support high
CH, production (Theus et al. 2023), and without an
efficient plant conduit, CH, can quickly accumulate
in the sediment. These conditions promote CH, over-
saturation and ebullition (Grasset et al. 2019), which
could account for episodic fluxes. Others have noted
the importance of ebullition in SAV patches (e.g.,
Jeffrey et al. 2019; Barbosa et al. 2021; 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 CH, concentrations beneath open
water (Sharp et al. 2024), which could suggest an
increased residence time of CH, produced in the soil.
Open water was found in the deepest areas of our wet-
land (Table 1), and, without ebullition and plant con-
duits as efficient transport pathways, most flux likely
occurred via slow diffusion. These factors increase
the opportunity for CH, 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 CH,
flux

Fluxes varied more between than within patches,
suggesting that vegetation patchiness is important
in explaining spatial heterogeneity in wetland CH,
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 accom-
panied by a similar degree of flux variability. Thus,
differences between patch types appear to outweigh
any effects of within-patch biotic and abiotic hetero-
geneity on CH, fluxes.

Variability among summer sampling campaigns
was low. Our results follow Turner et al. (2020) and
Korrensalo et al. (2022), who observed low intra-
seasonal variability in CH, 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 Fig. S1), suggesting that
patches responded similarly to shifts in seasonal
conditions. One exception, however, was a decrease
in fluxes from grasses relative to sedges (Fig. 4),
which may be 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,
Fig. 2). This could result in lower CH, 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 CH, budget. Plant phenology is a
functional quality of vegetation patches with respect
to CH, flux, and temporal dynamics in general
should be considered intrinsically linked to spatial
heterogeneity in wetlands (Hammond and 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, Fig. 2). A longer active
phase could imply an extended supply of fresh sub-
strate and a prolonged time when aerenchyma tis-
sue is fully developed and can optimally transport
gases (Vazquez-Lule and Vargas 2021). Based on
this difference, we expect sedges to be a greater per-
area CH, source relative to grasses than our summer
measurements would suggest (Fig. 5).
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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
CH, fluxes varied systematically by patch type. Our
results support previous studies suggesting that wet-
land vegetation patches serve as “environmental inte-
grators”, representing distinct arrays of co-occurring
CH, drivers (Couwenberg et al. 2011; Davidson et al.
2016). Thus, it is likely that wetland-scale CH, fluxes
depend on patch composition, and efforts to model
and inventory wetland CH, should account for differ-
ences among patch types.

The persistence of a patch signal across a wide
range of spatial and temporal variability suggests
that CH, 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 (Fig. 1). Tem-
porally, our data spanned fluctuations in temperature,
water level, and other environmental variables within
the growing season (Supplementary Figs. S2 and S3).
Diel variability was also captured, although to a lim-
ited extent as most nighttime fluxes were removed by
quality control measures (as is common in EC; Kim
et al. 2020). Therefore, it is likely that the patch varia-
bility in our wetland is driven by differences in under-
lying CH, dynamics that influence fluxes irrespective
of spatial and temporal context.

Unvegetated open water was a minor source of
CH, in our study. Our model estimate of open water
fluxes was higher than chamber measurements alone
(Fig. 5), suggesting that chamber sampling may have
missed a small but nonnegligible CH, source from
this patch type. This underscores the need for high-
frequency measurements to capture “hot moments” in
CH, fluxes, which can contribute disproportionately
to CH, budgets (Anthony and Silver 2021). Neverthe-
less, open water fluxes were the lowest of the patch
types. Flux estimates from our model closely resem-
bled measurements from forested, closed-canopy
Delmarva bay wetlands that lacked emergent veg-
etation (Hondula et al. 2021). This suggests that flux
estimates for specific patch types may have broader
applicability across 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
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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 (Fig. 5), there were some differences between
the two methods. These results highlight the impor-
tance of combining, rather than contrasting, measure-
ments 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 cham-
ber fluxes (Fig. 5), which is a common finding in
studies using both methods (e.g., Krauss et al. 2016;
Erkkild et al. 2018). For emergent forbs, within-type
spatial variability may have contributed to this dis-
crepancy. This patch type had multiple dominant spe-
cies; our forb chambers were placed in a Persicaria
hydropiperoides patch, but we observed other patches
near the flux tower dominated by Ludwigia sphaero-
carpa and Proserpinaca spp. that may have had lower
fluxes. Because CH, 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 fluxes and may limit the geo-
graphic applicability of flux estimates (Gray et al.
2013). Instead, research should focus on identifying
plant or environmental attributes that efficiently dis-
tinguish patches based on their CH, fluxes (Laine
et al. 2022).

Grass fluxes estimated by our tower model were
considerably lower than our median chamber meas-
urement (Fig. 5). This difference may reflect unmeas-
ured 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 domi-
nant grass, Panicum hemitomon. Between our July
and September sampling campaigns, water levels
receded below the soil surface in some areas (Sup-
plementary Fig. S2), which may have dispropor-
tionately affected CH, fluxes from grass patches. P.
hemitomon grows optimally under flooded conditions
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(Holm and Sasser 2008), and we observed a rapid
decline in its greenness concurrent with drying, fol-
lowed by a recovery upon flooding (midway between
Jul’21 and Oct’21 in Fig. 2). This response was simi-
larly pronounced for only one of the three dominant
sedge/rush species and not for the sedge found in our
chamber plot (Carex striata; Fig. 2). Hence, grasses
may have undergone a disturbance that temporar-
ily reduced their ability to facilitate CH, 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 tem-
poral environmental data (e.g., water level, tempera-
ture, nutrients) may be necessary to fully understand
how fluxes vary among patches (Levy et al. 2020).
The spatial distribution of patches is dynamic, espe-
cially when wetlands are newly restored, recovering
from disturbance, or influenced by external stressors
(Taddeo and Dronova 2020; McKown et al. 2021;
Antonijevi¢ et al. 2023). Intra-annual shifts in patch
distribution may even occur in some systems (Jef-
frey et al. 2019). Patches may interact, meaning that
configurational aspects such as patch size, shape,
and arrangement can influence processes (Turner
2005). This has been largely unexplored in the con-
text of wetland CH, fluxes, but Matthes et al. (2014)
found that the fractal dimension of vegetated patches
explained variability in fluxes beyond patch composi-
tion alone. Finally, vegetation patches may not fully
capture the spatial variability of CH, drivers (Briones
et al. 2022), and the best representation of spatial het-
erogeneity likely involves a combination of discrete
and continuous approaches (Gustafson 1998).

Interdependence of vegetation and environmental
influences

We have proposed various biogeochemical mecha-
nisms that may contribute to patch variability in CH,
fluxes, but we were unable to determine whether veg-
etation or the environment were the dominant driv-
ers. Distinguishing these sources of variability is an

important avenue for future research on, for example,
the impacts of non-native plant colonization (Beza-
bih Beyene et al. 2022) and strategies to minimize
CH, emissions in restored or created wetlands (Sil-
vey et al. 2019). However, separating vegetation and
environmental effects may not always be feasible.
The abiotic environment (e.g., hydrology, soil phys-
icochemical properties) controls plant survival and
growth, while plants, in turn, modify the environ-
ment through processes like transpiration and root
exudation (Moor et al. 2017). Further, many plant
functional traits reflect both species identity and envi-
ronmental context (i.e., “response traits”’; Engelhardt
2006). For example, root aecrenchyma development is
a species-specific trait that can affect CH, cycling, but
its expression depends on flooding and oxygen avail-
ability during growth (Smirnoff and Crawford 1983).
A reductionist approach may therefore overlook the
entanglement of vegetation and environmental influ-
ences, 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 CH, 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 vari-
ability in wetland CH, fluxes and support the incor-
poration of a patch-explicit representation to reduce
CH, uncertainty in process-based models and inven-
tories (Dinsmore et al. 2009). Amidst global change,
accounting for patch variability is essential even
when ecosystem-scale flux measurements are availa-
ble as shifts in vegetation cover are expected to affect
greenhouse gas exchange, and certain patch types
may respond disproportionately to wetland-scale dis-
turbance (Urbanova et al. 2012; Rietl et al. 2017).
Attributing patch-specific CH, fluxes could also
inform practices to minimize greenhouse gas emis-
sions in managed and restored wetlands (Tak et al.
2023), although these strategies must be balanced
with targeted ecosystem services (e.g., nutrient reten-
tion; Kasak et al. 2020). In addition to CH, flux, other
consequential wetland processes may be best repre-
sented at the patch scale, and further research should
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address the extent to which patches drive spatial het-
erogeneity in wetland ecosystem processing.
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