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Abstract
Macroalgae structure coastal ecosystems affecting metabolism, nutrient dynamics, and food webs. Spatially

explicit prediction of macroalgal abundance is critical for understanding coastal ecosystems and trajectories.
However, models of macroalgal distribution tend to be mechanistic and generalize poorly, or biogeographic and
too coarse to use over spatial scales most appropriate to ecosystem research and management (1–100 km2). Our
objective was to develop spatial distribution models for benthic macroalgae in soft-sediment environments. We
compared macroalgal abundance quantified as percent cover, with environmental drivers on 1 ha intertidal flats
in a > 900 km2 lagoon system along the Atlantic Coast of Virginia, U.S.A. Physical drivers of macroalgae
(e.g., depth-mediated light availability, exposure to waves) are related to bed morphology. We developed a novel
topographic index (τ) to determine whether bed morphology predicts macroalgal abundance. This topographic
index described variation in elevation occurring over spatial scales relevant to macroalgae, ranging from smooth
to hummocky (τ = 0.01–1.07). Models tested τ along with mean elevation, fetch, and water residence time as
predictors of macroalgal abundance. τ, and the interaction with water residence time, were most strongly related
to macroalgal abundance. Hummocky flats accumulated less macroalgae than smoother flats, but exceptions
occurred with short residence times. Model error (root mean square error) was low, varying between 8% and
18% across models. These models, based on readily measured physical features, are a useful approach for
assessing macroalgal abundance in relation to shoreline hardening, species invasions, sea-level rise, and chang-
ing sedimentation affecting coastal ecosystems.

Macroalgae structure coastal ecosystems through density-
dependent controls on metabolism (McGlathery et al. 2001;
Hardison et al. 2011), nutrient dynamics (Tyler et al. 2003;
Gonzalez et al. 2013), biodiversity, and food webs (Valiela
et al. 1997; Thomsen et al. 2009; Green and Fong 2016;
Umanzor et al. 2019). Accurate and spatially explicit estimates
of macroalgal abundance are important for understanding
coastal ecosystems and predicting future trajectories. Existing
approaches include mechanistic models of macroalgal dynam-
ics developed for individual bays (tens of km2) (Salomonsen
et al. 1997; Thomsen et al. 2006; Nejrup and Pedersen 2010),
and large-scale, low-resolution biogeographic models (thou-
sands of km2) (Martínez et al. 2012; Snickars et al. 2014; Kotta

et al. 2019). Methods are less well developed for macroalgal
prediction over intermediate spatial domains. Predictive
models of macroalgae based on easily measured variables on
the order of 1–1000 km2 domains are needed.

Mechanistic approaches focus on statistical or mathemati-
cal prediction of macroalgae in relation to drivers that directly
affect growth and abundance. Macroalgal populations are
related to nutrients, light availability, and herbivory
(Burkepile and Hay 2006; McGlathery et al. 2007; Thomsen
and McGlathery 2007; Nejrup and Pedersen 2010). Accumula-
tion also depends on substrate availability (Thomsen and
McGlathery 2005; Kollars et al. 2016; Krueger-Hadfield
et al. 2016). Macroalgae need hard substratum for spore settle-
ment and recruitment, but some algae can grow indefinitely
once they become detached from hard substratum, such as
species in the Gracilariales (Kain(Jones) and Destombe 1995;
Guillemin et al. 2008; Krueger-Hadfield et al. 2016).
Mechanism-based predictions are complicated by interactions
among drivers that lead to site-specific macroalgal responses.
Physical factors interact with nutrient enrichment, leading to
nonlinear macroalgal responses to nutrients (Valiela et al. 1997;
Cloern 2001). For example, increasing water residence time in
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the presence of high nutrient loading results in a parabolic
macroalgal biomass response, with increasing residence time
associated with higher biomass up to a threshold above which
biomass decreases due to self-shading in thick macroalgal
accumulations (Valiela et al. 1997; McGlathery et al. 2007;
Swaney et al. 2008). Limited substrate for fixation may reduce
macroalgal abundance in comparison to other estuaries even
when nutrient, light, and grazer conditions are suitable. These
mechanistic approaches do not facilitate prediction of macro-
algal abundance at larger scales because they require accurate
field measurements, and may produce nonlinear, site-specific
macroalgal responses.

Biogeographic models focus on patterns of macroalgal
diversity and abundance across regional scales. Species distri-
bution modeling (SDM) approaches have been used in this
context, which make use of correlative patterns between an
organism and environmental gradients to predict abundance
(Snickars et al. 2014; Kotta et al. 2019). Patterns between mac-
roalgal abundance and depth, slope, wave exposure, substrate,
salinity, and temperature have been identified using these
approaches (Thomsen et al. 2006; Snickars et al. 2014; Kotta
et al. 2019). These exercises mostly focus on perennial macro-
algae in subtidal or rocky intertidal habitats (Holmes
et al. 2008; Martínez et al. 2012; Snickars et al. 2014; Kotta
et al. 2019), so that with few exceptions (Thomsen et al. 2006;
Martins et al. 2007), shallow soft-sediment environments and
bloom-forming macroalgae have not been considered. SDM
approaches overcome the difficulty of predicting macroalgal
responses from interacting, mechanistic drivers. However,
these biogeographic patterns are too coarse to make spatially
explicit predictions within a site, or between sites, unless they
vary significantly along a gradient such as temperature.

In this study, we focus on predicting macroalgae on inter-
tidal flats in shallow coastal lagoons. To recruit and develop
into the adult life cycle stage, all macroalgae require hard sub-
strate, which is limited in soft-sediment coastal lagoons
(Thomsen and McGlathery 2005; Krueger-Hadfield et al. 2016;
Lees et al. 2018). Macroalgae can be found fixed by a holdfast
to hard substrate when it is available in soft-sediments
(Krueger-Hadfield et al. 2016); such as on oyster reefs and shell
fragments (Thomsen et al. 2006). However, in coastal lagoons
macroalgae tend to be free-floating or anchored by tubes of
the polychaete Diopatra cuprea on subtidal and intertidal flats
(McGlathery et al. 2001, 2012). Diopatra cuprea is a tube-
forming polychaete that facilitates macroalgae on soft-
sediment flats by incorporating thalli into its tube, anchoring
macroalgae to the sediment (Thomsen and McGlathery 2005;
Kollars et al. 2016). Where D. cuprea are abundant macroalgae
can form thick, benthic mats extending over hundreds of
meters (Besterman and Pace 2018). However, D. cuprea are not
easily mapped in these environments without intensive field
effort, thus are not useful for predictive spatial modeling.
Mapping hydrologic flow variables with an SDM approach
may be a solution because D. cuprea are found in fine sands

(Gosner 1971; Luckenbach 1986), and sediment grain size is
driven by hydrologic conditions (Wiberg et al. 2015). For spa-
tial domains on the order of thousands of m2 hydrologic flow
is more readily mapped than D. cuprea or macroalgae, and is
independently related to macroalgal abundance.

Hydrologic flow variables affect the growth and stability of
macroalgae on intertidal flats. Water residence time, which
correlates with macroalgal retention (McGlathery et al. 2007),
and salinity and temperature (Swaney et al. 2008), can vary
between less than 5 and more than 2000 h (Wiberg et al. 2015).
Water currents affect the distribution (Flindt et al. 1997), and
productivity of macroalgae on intertidal flats (Jørgensen and
Revsbech 1985; Sand-Jensen and Frost-Christensen 1999).
Slow moving waters result in thicker diffusive boundary layers,
which have negative effects on production due to decreased
mass transport of oxygen, carbon dioxide, and dissolved nutri-
ents across the thallus surface. Waves disturb and mobilize
macroalgae, decreasing abundance (Krause-Jensen et al. 2007;
Martínez et al. 2012; Snickars et al. 2014), or contribute, along
with currents, to transport and deposition of macroalgae on
intertidal flats (Lanari and Copertino 2017). In coastal
lagoons, water residence time and wave energy are related to
water depth, wind fetch, and topography which differ signifi-
cantly over short distances (Fagherazzi et al. 2007; McGlathery
et al. 2013; Wiberg et al. 2015; Ganju et al. 2017). Hydrologic
and geomorphic variables may provide integrative metrics
that capture the effects of multiple environmental drivers on
macroalgal abundance (Holmes et al. 2008), while exhibiting
strong gradients useful for testing.

In this study, we test combinations of hydrologic and geo-
morphic variables as predictors of macroalgal distributions
using an SDM approach. Coastal lagoons are useful systems to
test these variables as macroalgal predictors because they
exhibit broad gradients over short distances (hundreds of
meters). We performed these tests in a system where grazing is
not a significant control on biomass (Thomsen and
McGlathery 2007), and nutrients are low (Anderson
et al. 1997), suggesting a dominant role for physical variables
driving macroalgal distribution. We focused on intertidal flats
because they often accumulate large masses (100 s g m−2) of
macroalgae (Thomsen et al. 2006; Lanari and Copertino 2017;
Besterman and Pace 2018), but are less well studied than other
coastal habitats such as coral reefs and seagrass meadows.
Tidal flats are abundant, covering at least 127,900 km2 of
earth surface (Murray et al. 2019). Tidal flats exhibit signifi-
cant variability in bed elevation across their surface inclusive
of oyster reefs (Volaric et al. 2018), tidal channels, bedforms
(Fagherazzi et al. 2013), and biofilm-driven ridges and runnels
(Weerman et al. 2010), all of which may all affect macroalgal
distribution.

We were particularly interested in testing models using
only remotely sensed geomorphic variables (in contrast to
those using field measurement-intensive variables), because
high resolution bathymetric and digital elevation maps are
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increasingly available for coastal areas. Predictive models that
require only bathymetric or digital elevation data would pro-
vide significant opportunities for macroalgal research over
large spatial scales and among coastal ecosystems. In systems
where other variables are deemed important (e.g., nutrients,
temperature), these physical models may serve as a baseline
for other variables to be added. We tested measures of mudflat
topography varying over 1–20 m in spatial scale as predictors
of macroalgal abundance and distribution. We focus on mud-
flat topography for a few reasons. Topographic relief affects
macroalgal accumulation on rocky intertidal shorelines (Cox
et al. 2017), so may be relevant on tidal flats. Topographic
relief exhibits a wide gradient across tidal flats. Also, the scale
of topographic features seemed promising for resolving macro-
algal abundance at the hectare scale. Mudflat topographic fea-
tures are likely driven by larger-scale hydrologic patterns, and
also modify flow patterns locally (Fagherazzi et al. 2013;
McGlathery et al. 2013; Wiberg et al. 2015, 2019). As a result,
these topographic features may serve as an integrative metric
of multiple drivers of macroalgal abundance.

We had two specific goals for this research. First, to
develop a metric to quantify mudflat topography on inter-
tidal flats and to identify drivers of these formations. Sec-
ond, to compare statistical linear models predicting
macroalgal abundance and distribution using readily mea-
sured or modeled geomorphic (mudflat topography, eleva-
tion) and hydrologic (water residence time, fetch) variables
(Table 1). These goals supported our overarching objective to
identify predictive models of macroalgae using physical
variables.

Methods
Study area

This study was conducted in the Virginia Coast Reserve
(VCR) Long-Term Ecological Research Site, a 110 km stretch of
protected coastline including shallow lagoons, marshes, bar-
rier islands, and tidal flats (Figs. 1, 2). The barrier islands form
a semi-enclosed system of 14 coastal lagoons having distinct
tidal, depth, and mixing properties, with oceanic exchange
occurring through narrow inlets between the islands (Safak
et al. 2015). Lagoon beds are largely underlain by shallow
flats with average depth about 1 m below mean sea level
(Safak et al. 2015). The VCR is a soft-sediment environment
(Wiberg et al. 2015), and most back-barrier tidal flats are
muddy. The patchy distribution of ecosystems landward of
the islands creates a seascape with highly variable fetch,
water residence time, sediment grain size, vegetation struc-
ture, and elevation (Fig. 1). The watersheds that feed the
coastal lagoons are small and primarily covered with forests
and agriculture, with large expanses of intact riparian vege-
tation at the land–water interface (Stanhope et al. 2009;
Anderson et al. 2010; Giordano et al. 2011). Low freshwater
input results in salinities near seawater strength across the

lagoons. Average summertime temperatures across the bays
are within 2�C (Wiberg pers. comm).

Watershed nutrient input to the lagoon is low, and among
the lowest reported for similar lagoon systems around the
world (Anderson et al. 1997; McGlathery et al. 2001). Two
lagoons have been regularly sampled since 1992 (areas sam-
pled shown on map: Supporting Information Fig. S1). The
average daily dissolved inorganic nitrogen concentration
between 2007 and 2017 was 4.1 μmol L−1, SD = 3.7 μmol L−1

(McGlathery and Christian 2018). There is no significant dif-
ference in dissolved inorganic nitrogen concentrations across
a horizontal gradient from the mainland to the islands, or
between lagoons (McGlathery and Christian 2018). Experi-
mental nitrogen enrichments of macroalgae did not enhance
growth rates, despite increased nitrogen uptake (Thomsen and
McGlathery 2007). The rapid turnover of nutrients in lagoon
sediment supports the nitrogen demand of benthic macroalgal
mats in this system (McGlathery et al. 2001; Tyler et al. 2003).
With benthic nutrient turnover supplying nitrogen to macro-
algae, and low nitrogen loading from the mainland, dissolved
nitrogen concentrations do not drive abundance patterns of
macroalgae across the VCR.

Macroalgae are generally distributed throughout intertidal
and subtidal ecosystems (Thomsen et al. 2006; Gulbransen
et al. 2012). In the VCR, mats of macroalgae typically grow
over 10–40% of exposed area on intertidal flats with
18 g dw m−2 average biomass, and maxima > 300 g dw m−2

(Besterman and Pace 2018). Macroalgal mats are distributed in
patches on tidal flats, and range in size from < 0.25 m2 to

Table 1. Names and parameters for all models tested.

Model group Model name Parameters

Percent clay models

— Clay-A RT

— Clay-B fet

— Clay-C fet + RT

τ models

— SEM-τ-A Clay

— SEM-τ-B Clay + fet + RT

Macroalgal models

Full data set

Full-A τd + elev

Full-B τd*RT

Full-C τd*RT + fet

Full-D τd *RT + elev

Less than 30% only

Low cover-A τd + elev

Low cover-B τd*RT

Low cover-C τd*RT + fet

Low cover-D τd*RT + elev

τc, continuous mudflat topography; τd, discrete mudflat topography;
elev, elevation; fet, fetch; RT, residence time.
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hundreds of m2. Macroalgal abundance on intertidal flats in
the VCR is low to moderate compared with other temperate
estuaries (Lyons et al. 2009; Nejrup and Pedersen 2010; Byers
et al. 2012; Sutula et al. 2014).

The dominant macroalga in both intertidal and subtidal
habitats (Thomsen et al. 2005; Gulbransen et al. 2012),
Agarophyton vermiculophyllum (previously referred to as
Gracilaria vermiculophylla) (Gurgel et al. 2018) is an invasive
species originating from east Asia (Krueger-Hadfield et al. 2017).
In the VCR, A. vermiculophyllum dominates on tidal flats, rep-
resenting > 60% of macroalgal biomass (Thomsen et al. 2006;
Besterman and Pace 2018). However, there is still moderate
macroalgal diversity in the VCR, with other native species
including multiple Ulva spp. comprising secondary dominates
in terms of biomass. A. vermiculophyllum can tolerate desicca-
tion better than native species, promoting its stability and
accumulation (Thomsen and McGlathery 2007; Thomsen
et al. 2009). Macroalgae, and A. vermiculophyllum especially, is
stabilized on flats by a facilitative interaction with Diopatra
cuprea (Thomsen and McGlathery 2005). D. cuprea incorpo-
rates macroalgae into its tube, anchoring thalli to the flat. As a
result, the distribution of D. cuprea partially controls the distri-
bution of macroalgae. Agarophyton vermiculophyllum is little
grazed (Thomsen and McGlathery 2007), so top-down control
of biomass is negligible. Macroalgal diversity and ecology

Fig. 1. Water residence time and fetch in the Virginia Coast Reserve LTER. Maps showing (a) the distribution of log-transformed water residence time in
hours (left), and (b) log-transformed fetch in meters (right).

Fig. 2. Map of study system and sites. Main map shows the Virginia Coast
Reserve (VCR) LTER, inset shows position of VCR relative to United States.
Violet dots are study sites. One site was just north of the map boundary in
the larger map.
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(Thomsen et al. 2006; Besterman and Pace 2018) and the
A. vermiculophyllum invasion (Thomsen et al. 2005;
Gulbransen et al. 2012; Krueger-Hadfield et al. 2017) are
described in more detail elsewhere.

Site selection
We selected 36 intertidal flats distributed across 10 of the

lagoons within the VCR and one additional lagoon just north
of the VCR boundary (Fig. 2). The selected intertidal flats

covered the entire east–west gradient from near the barrier
islands to near the mainland. The flats varied between: highly
exposed and sheltered, dominantly sandy to dominantly
muddy, and closer to and farther from an inlet. Intertidal flats
in the VCR exhibit significant variability in mudflat topogra-
phy, with some featuring a hummock-hollow morphology
(series of higher-elevation “hummocks” with lower elevation
“hollows” between them) while others appeared entirely
smooth (Figs. 3, 4). Each site was sampled over a 120 m

Fig. 3. Photographs of representative (a) smooth and (b) hummocky mudflats in the Virginia Coast Reserve LTER.

Fig. 4. Elevation profiles for three representative transects from a smooth, intermediate, and hummocky flat. Each profile is a single 120 m transect from
a flat. Elevation is cm relative to mean sea level and the dashed line is mean elevation across all intertidal flats. Panel (a) smooth mudflat topography, this
site had the lowest topographic index variable, (b) intermediate site, (c) hummocky site, this site had the largest topographic index variable.
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diameter circular plot. In some cases, these circular sampling
plots included marsh, lagoon, or channel because the shape
and size of the flat could not fit an entire 1.13 ha plot. Field
sampling was conducted along a 120 m transect running
across the plot diameter. For each flat, we determined percent
cover as well as a suite of possible predictor variables as
detailed below.

Fetch, water residence time, and sediment grain size
Water residence times for the 36 sampled flats were

extracted from a hydrodynamic model for the entire VCR
(Safak et al. 2015, Fig. 1). This approach estimated residence
by tracking neutrally buoyant tracers released from a 300-m-
resolution grid of locations in the hydrodynamic model; fur-
ther detail about the method can be found in Safak
et al. (2015). Particle-tracking residence time was estimated for
30 low-tide releases and 30 high-tide releases; here we used
the averaged values from the high-tide releases, as has been
done elsewhere (Safak et al. 2015; Wiberg et al. 2015), because
these produced the largest gradient in particle-tracking resi-
dence time across the lagoons, and included intertidal areas.
Fetch distances were modeled for the entire VCR based on
wind data from 2014 to 2015 and scripts developed for ArcGIS

9.0 (Ferguson 2018). Fetch values for the 36 sites examined in
this study were extracted from this data set (Fig. 1). Both fetch
and residence time were highly skewed, so variables were
log10-transformed, which effectively normalized the
distributions.

In order to characterize sediment size distributions, we used
modified 60 cm3 syringes to collect four, 2-cm deep sediment
cores from each site at randomly determined distances along
the sampled transect. Samples were stored in whirl-pak bags,
and kept at 4�C until analysis. Organic matter was removed
from sediment samples prior to analysis using a hydrogen per-
oxide digestion, and remaining supernatant was removed. We
did not acidify samples since the VCR does not have signifi-
cant carbonates in sediments (Greiner et al. 2013). Sodium
hexametaphosphate was added as a dispersant, then samples
were run on a Beckman-Coulter BLS 13320 Laser Diffraction
Particle Size Analyzer in duplicate. The averaged particle size
distribution was used in subsequent analyses. We calculated
the mean and median particle sizes, as well as the percent
clay. Clay particles were considered to be those smaller
than 4 μm.

To understand the relationship between flow-related vari-
ables and sediment grain size for study sites, we compared
three regression models (Table 1). Previous work has shown
that residence time is a strong predictor of grain size properties
(Wiberg et al. 2015). Since we were most interested in clay
content due to its cohesive properties, because cohesion likely
impacted the formation of hummocks, we focused on
predicting percent clay. We were also interested if fetch
predicted percent clay on intertidal flats. The three regression
models predicting percent clay were: a simple regression with
only residence time (Clay-A), a simple regression using only
fetch (Clay-B), and a multiple regression model using both
fetch and residence time (Clay-C) (Table 1). The
untransformed data met model assumptions for predicting
clay content. We compared these statistical models with
Akaike information criterion (AIC) corrected for small sample
sizes (AICC), to determine which model was best for predicting
clay content on intertidal flats (Zuur et al. 2009; Burnham
et al. 2011). This approach is used for statistical model selec-
tion by standardizing goodness-of-fit statistics across models,
so that models using different predictor variables can be
directly ranked and compared (Burnham and Anderson 1998).
The best model has the lowest AICC score, and differences of
less than four indicate models have similar predictive power
(Burnham and Anderson 1998; Arnold 2010).

Mudflat topography and elevation
Elevation data for study flats were extracted from a high-

resolution Light Detection and Ranging (LiDAR)- based 2015
digital elevation model (DEM) with a horizontal resolution of
0.7 m and vertical root mean square error (RMSE) for non-
vegetated terrain of 0.06 m (Dewberry 2016). Data were
converted to meters above mean sea level (m above msl). To

Fig. 5. Distribution τ (mudflat topography) across 36 intertidal flats. Top
panel (a) shows kernel density distribution of unitless τ, dashed
line = median. Bottom panel (b) shows density distribution of each group,
dashed lines = group means, and n = sample size shown on figure.
Smoother on both plots equals 0.0669.
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estimate elevation for each intertidal flat studied, we extracted
elevations from four 120 m transects oriented N-S, E-W, NW-
SE, and NE-SW. In total, this produced approximately 640 ele-
vation measurements per site. Fewer points were collected
from some sites because residual standing water remained on
the tidal flat at low tide. Because LiDAR cannot penetrate
water to measure bed elevation, the data were actually
reflecting the water surface. This effect is referred to as
“hydroflattening,” and these points were removed prior to
analysis. Due to significant skewness in the elevation data,
central tendency statistics (mean, median) poorly character-
ized site elevation patterns (Supporting Information Fig. S2).
To solve this problem, elevation for each flat was described
using the 75th percentile of the sampled data, which better
characterized the distribution.

To predict macroalgal abundance, we sought an index that
could describe the topographic variability of each tidal flat
with a single statistical metric, and could compare tidal flats
across the smooth to hummocky topographic gradient. Similar
metrics such as rugosity (the ratio of the contoured horizontal
distance to the idealized horizontal distance) have been devel-
oped for describing coral reef topography, but these were not
ideal for our purposes (Dahl 1973; Rogers et al. 2018). Some
tidal flats in the VCR exhibit low frequency (one or two fea-
tures per 120 m transect) but large amplitude (0.3 m or
greater) topography, while others exhibit high frequency (~ 20
features per 120 m transect) but smaller amplitude (0.10 m or
less) topography. As a result, tidal flats with few extreme topo-
graphic features could result in similar rugosity measurements
to tidal flats with more moderate but higher frequency topog-
raphies. Related metrics such as the root-mean-square
approach measure the deviation between an idealized

sinusoidal topographic profile, with the actual depth profile
(Rogers et al. 2018). This approach could result in similar met-
rics for a flat with irregular hummocks that deviated from a
sinusoidal curve, and a smooth flat that did not exhibit hum-
mocks at all (Rogers et al. 2018). Since these topographic met-
rics were not suitable for the observed mudflat features, we
developed a novel topographic metric.

The index variable (τ) was developed to characterize the
mudflat topography across the flats. First, we fit a 25-point
(17.5 m) moving average for each transect on each site, and
calculated the residuals between the raw elevation data and
the moving average (Supporting Information Fig. S3). Again,
due to skewness in the data, we used the 75th percentile of the
absolute value of the residuals to characterize the intertidal flat
mudflat topography (Supporting Information Fig. S4). Finally,
across sites τ was right skewed, so we log10-transformed the
values to produce the τ index statistic. More detail about
the method and an example calculation are provided in the
Supporting Information.

We explored the shape of the τ distribution across all sites
using a kernel density plot (R Core Team 2019) (Fig. 5). The
distribution exhibited multiple peaks, indicating τ may have
breakpoints (Fig. 5). We used a cluster analysis to investigate τ

classification. A k-means method was used with the Hartigan
and Wong algorithm, as described in the documentation for
function “kmeans” in package “stats” in R (Hartigan and
Wong 1979; R Core Team 2019). The results of the cluster
analysis were used to classify sites as having smooth, interme-
diate, or hummocky τ (Fig. 5). In subsequent tests, we tested τ

as both a continuous variable (τc = 0.01–1.07), and as a dis-
crete variable (τd = smooth, intermediate, or hummocky) using
the assignments from the cluster analysis.

Table 2. Elevation, amplitude, and percent clay statistics for τ groups. Superscript letters indicate significant differences in elevation
and percent clay among sites determined by ANOVA and Tukey HSD post hoc tests. Amplitude is distance of hummock height, hollow
depth—a measure not applicable (NA) to smooth sites because these sites did not have hummocks. Clay content is the percent of sedi-
ment grains < 4 μm at the site.

Variable Statistic

Tidal flat topography groups (τ)

Smooth Intermediate Hummocky

n 12 13 11

Elevation (m above msl)

Range −0.60 to −0.02 −0.37 to 0.36 −0.18 to 0.00

Mean −0.33a −0.14b −0.11b

SD 0.14 0.23 0.09

Amplitude (m)
Range NA 0.05–0.09 0.09–0.21

Mean NA 0.06 0.13

SD NA 0.01 0.04

Clay content (%)

Mean 12.53a 14.75a 23.42b

SD 8.40 7.26 4.83
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We tested the differences in percent clay, and elevation,
across τd and τc using ANOVA with Tukey HSD post hoc tests,
as well as linear regression. We checked that these tests met all
assumptions. We calculated the amplitude of the hummock-
hollow elevation patterns on hummocky and intermediate
sites. To do this, we first calculated the 90th percentile of the
absolute-value residuals calculated from the moving average.
The 90th percentile was a threshold for the clearest peaks and
troughs across the intertidal flats. This value was an approxi-
mation of mudflat topography amplitude.

Using structural equation modeling (SEM), we explored the
causal relationships among flow variables, sediment grain size,
and τ (Table 1). The goal was to determine if flow variables
had a direct effect on τ, or only indirect by controlling sedi-
ment grain size. Full methods describing our approach are in
the Supporting Information, but briefly, SEM is a method of
testing multiple models simultaneously that have a structural
relationship (Supporting Information) (Grace et al. 2010;

Lefcheck 2016). This enables testing the effects of indirect and
direct variables on a response.

Macroalgal cover
At each site, we quantified macroalgal abundance as cover by

visually scanning the 1.13 ha mudflat plot from the edge, and
estimating percent cover. Researchers practiced estimating cover
by visual scans at a training mudflat (1 ha plot, not included in
the data presented here). We estimated cover by visually scan-
ning from the plot edge, then validated the scan estimates by
standard transect sampling using a 0.25 m2 quadrat at 40 sam-
pling points. Thereafter, each researcher (n = 3) estimated the
percent cover at a site, and we averaged the estimates to produce
the abundance estimate used for analyses. This approach was
used in order to facilitate rapid data collection. This was neces-
sary to complete all sampling within a short enough time frame
that we could exclude seasonal effects on macroalgal abundance.
We collected biomass samples from randomly determined points
along the sampled transect to characterize the macroalgal com-
munity, using a 0.0625 m2 quadrat (n = 8 per site). We identified
collected macroalgal samples to functional group (red filamen-
tous, green filamentous, green foliose), and to species when

Fig. 6. (a) Relationship between percent clay, residence time, and fetch
(top panel). Water residence time (RT), and fetch predict percent clay on
intertidal flats. (b) Relationship between percent clay and mudflat topog-
raphy (bottom panel). Prediction of τc by clay content, with model fit line
and 95% confidence interval (bottom). τc = mudflat topography index as
a unitless, continuous variable, where low values are smooth flats and
high values have high heterogeneous, “hummocky” mudflat topography.
Fetch is log-transformed.

Fig. 7. Box-and-whisker plots for macroalgal abundance as percent
cover by τd groups (discrete mudflat topography). Macroalgal abundance
shown on sqrt-transformed axis. Legend shows τd groups with lightest
color corresponding with smooth flats, middle shade showing intermedi-
ate flats, and the darkest color showing hummocky flats. Significant differ-
ences are shown with the letters, where intermediate flats differed from
hummocky flats, but smooth flats were similar to both hummocky and
intermediate flats. Upper and lower box boundaries show the 75th and
25th percentiles of the distribution, and whiskers extend to the most dis-
tant value on either end of the distribution, excluding outliers (1.5 times
the interquartile range). There was one outlier in the hummocky group,
not shown on this figure.
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possible. We used the percent cover data collected in the field to
build and assess models that predicted macroalgae from environ-
mental variables.

Linear models to predict macroalgal abundance
We used multiple linear regression to test models

predicting macroalgal abundance. Different combinations of

τ, fetch, residence time, elevation, and interactions among
these variables were again used as predictors (Table 1). We ini-
tially explored interactions between both fetch and mudflat
topography, and residence time and mudflat topography.
Since the residence time-mudflat topography interaction was
stronger, and the literature supports residence time as a predic-
tor of macroalgae, subsequent model formulations used this
interaction instead of fetch-mudflat topography. The main
effect of fetch as an independent variable was still tested in
models. Fetch and water residence time were log10-
transformed to meet model assumptions for predicting macro-
algal abundance. We tested models using both the continuous
(τc) and discrete (τd) metrics of mudflat topography, and com-
pared which specification was a better predictor.

In the data exploration process, we observed significant
heteroscedasticity; specifically, that when macroalgal abun-
dance as cover was > 30%, model skill decreased sharply. Con-
sequently, we explored a reduced data set (hereafter, Low
Cover models) using the same set of models, and contrasted
these results with the full data set (hereafter, Full models)
(Table 1). The reduced data set had 26 observations, and
corrected the heteroscedasticity.

The four best models, based on AICC, R
2, and residual plots,

for both the full and reduced data sets were selected for further
evaluation. We also explored interaction effects by testing
regressions on data subsets to identify over what ranges pat-
terns were significant. To validate the linear models, we com-
pared model predictions against previously collected
macroalgal cover data from three of the study sites in 2015,
and four of the study sites in 2016 (Fig. 3). Although cover
was compared on the same tidal flats for multiple years, these
seven spring estimates were reasonably independent because
macroalgae senesce in late summer and can detach and advect
off flats during storms (McGlathery et al. 2001). We calculated
the correlation between the predicted data, and observed data

Table 3. Model selection for linear prediction of macroalgal abundance. Model names in the first column correspond with those in
Table 1. Low cover models are abbreviated as just “low” here. AICC = AIC corrected for small sample sizes, and ΔAICC = difference
between a model and the best-fit model. τint = intermediate mudflat topography, τsm = smooth mudflat topography, RT = water resi-
dence time, elev = elevation, and fet = fetch. Validation columns show the correlation (Corr) and root mean square error (RMSE)
between predicted and observed for previously collected data (years 2015, 2016). In 2015, we compared three sites, and in 2016 four
sites. Comparisons were not possible with low cover models. (–).

Model terms and parameters ΔAICC R2 Validation

τint τsm RT τint*RT τsm*RT Elev Fet Corr RMSE

Full-B 0.55 −0.70 −0.23 −0.14 0.36 0 0.43 0.87 0.08

Full-D 0.68 −0.72 −0.20 −0.20 0.33 −0.35 0.04 0.48 0.91 0.07

Full-C 0.80 −0.73 −0.21 −0.25 0.36 0.09 1.40 0.46 0.92 0.06

Full-A 0.28 0.08 −0.38 2.06 0.29 0.93 0.07

Low-D −0.77 −0.58 −0.13 0.36 0.23 −0.50 0 0.68 – –

Low-A 0.12 −0.03 −0.55 3.83 0.43 – –

Low-B −0.62 −0.55 −0.17 0.29 0.28 9.68 0.45 – –

Low-C −0.58 −0.59 −0.15 0.28 0.28 0.08 10.19 0.53 – –

Fig. 8. Effect of interactions between RT (water residence time) and τd
(discrete mudflat topography) for prediction of macroalgal abundance as
percent cover. Figure shows fitted models for macroalgal abundance
predicted by RT separated by τd groups. X-axis is log10-transformed and
y-axis is sqrt-transformed. Legend shows color and line type for each
group, where the dark solid line is hummocky, the short dash and
medium shade is intermediate τd, and the lightest shade and long dash is
smooth flats. Hummocky and smooth slopes were significant, indicated
by *.
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from 2015 and 2016, and also RMSE. The best four models
were selected for reporting. Additional details on statistical
techniques are provided in the Supporting Information.

Results
Fetch, water residence time, and sediment grain size

Fetch and residence time both varied over three orders of
magnitude across sites in the VCR. Fetch ranged between
51 and 6700 m, with an average of 900 m (based on the log-
normal distribution). Residence time (resolution ~ 7 ha) range
was 4 h to over 2000 h. Average residence time was 200 h
(based on the log-normal distribution). Fetch and residence
time were not strongly correlated (r = −0.33). Locations with
short residence time were closer to inlets, while long residence
time sites were closer to the mainland (Fig. 1a).

Across sites percent clay (particles < 4 μm) ranged between
0.14% and 31%. On average, intertidal flats in the VCR con-
tained 17%, SD = 8.3% clay (Table 2). Clay-C, the model
including fetch and residence time best explained the varia-
tion in clay fraction on the flats (F2,33 = 15.7, R2 = 0.49,
p < 0.001) (Fig. 6). Delta-AICC scores for Clay-A and Clay-B
were both greater than 4. Percent clay decreased with increas-
ing fetch (ßfetch = −0.002), and increased with longer residence
times (ßresidence = 0.004).

Mudflat topography and elevation
The mudflat topographic index τc varied over 100-fold

(Table 2). At the low end (τc = 0.01), mudflat topography was
gently sloping, sandy, without any apparent topographic relief
(Fig. 4a). The most hummocky (i.e., largest τc values) site

(τc = 1.07) was a sheltered, semi-enclosed mudflat where dis-
tance between hummock peaks and hollow troughs were con-
sistently 30–40 cm (Fig. 4c). The k-means cluster analysis
grouped the τc data into a hummocky group (n = 11), a
smooth group (n = 12), and an intermediate group (n = 13)
(Table 2; Fig. 5).

The hummocky group had clear hummock- hollow forma-
tions across the flat platform; on average the amplitude was
0.13 m (calculated using 90th percentile elevations, described
above), and mean τc = 0.88 (Fig. 4; Table 2). At some sites, the
hummock-hollow formations were regular and nearly parallel
with perpendicular orientation to the main channel
(Supporting Information Fig. S5a). In other cases, the forma-
tions were more dendritic, without a dominant orientation
(Supporting Information Fig. S5b). A third case existed where
the flat was incised by larger channels, with less branching,
producing a more stochastic elevation pattern across the flat
platform (Supporting Information Fig. S5c). For the hum-
mocky flats exhibiting perpendicular or dendritic formations,
the distance between hummock peaks ranged from about
10–20 m. Flats in the smooth group did not exhibit these
larger scale formations; however, they were not perfectly
smooth either. Smooth flats tended to have high frequency,
low relief variations in elevation, that were within LiDAR data
error range (< 6 cm) (Figs. 3, 4). The patterning on the inter-
mediate flats was less clear and followed at least three patterns.
In the first case, flats appeared to have regular hummock for-
mations; but these formations were lower relief than those on
the hummocky sites, so they did not fall into the hummocky
category (Supporting Information Fig. S6a). In the second
case, the tidal flat exhibited a sharp transition between

Fig. 9. Model fit for best (a) full data set model, and (b) low cover model where macroalgal abundance < 30%. Plots show observed vs. predicted data;
line shows a slope of 1 for reference, and axes are square-root transformed. Each plot shows model equation where elev = elevation, τd = mudflat topog-
raphy, RT = water residence time. Interactions are symbolized using (*).
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hummocky and smooth mudflat topography (Supporting
Information Fig. S6b). These transitions appeared to corre-
spond with the presence of oyster reefs. In a third case, inter-
mediate flats exhibited randomly located high or low points
that were not large enough or frequent enough to classify the
flat as hummocky, but too large for the flat to be classified as
smooth (Supporting Information Fig. S6c).

Clay significantly differed among τd groups (F2,33 = 7.6,
p = 0.002). Hummocky flats had 23% clay on average, with
higher clay content by 9% (p = 0.013), and 11% (p = 0.002)
than intermediate or smooth sites, respectively (Table 2).
Intermediate and smooth flats did not differ in clay content
(Table 2). Percent clay was linearly related to τc (F1,34 = 16.5,
ßclay = 0.02, p < 0.001, R2 = 0.33) (Fig. 6). The Clay-models
indicated both fetch and residence time were important, so
we used an SEM test to determine whether fetch and residence
time were directly related to τ, or only indirectly through the
effects on sediment grain sizes deposited on flats (percent clay)
(Supporting Information). The SEM revealed that residence
time and fetch were important for predicting percent clay,
and percent clay directly predicted τ (Fig. 6). But residence
time and fetch were only indirectly related to τ through per-
cent clay, without any direct effects (Supporting Information).
We checked residuals for the SEM tests, and the models
met all assumptions (Supporting Information).

Across all sites, the mean elevation was −0.19 m,
SD = 0.19 m above msl. Elevation ranged between −0.6 and
0.4 m above msl (Table 2). Elevation differed among topo-
graphic groups (F2,33 = 6.4, p = 0.004). Smooth sites were
0.2 m lower in elevation on average than intermediate
(p = 0.017) or hummocky (p = 0.006) sites. Intermediate and
hummocky sites were similar to each other in elevation, both
about −0.1 m above msl (Table 2).

Macroalgal cover
The dominant macroalga was Agarophyton vermiculophyllum,

comprising 68% of macroalgae on intertidal flats on average.
Other important macroalgae were filamentous and foliose Ulva
spp. In addition, various species of red, green, and brown mac-
roalgae were observed in samples in small amounts, including
Bryopsis sp., Ceramium spp., Leathesia sp., and Agardhiella
sp. Macroalgal cover on intertidal flats was 16% (SD = 20%)
on average. Overall, cover ranged between 0% and 75%, and
demonstrated a right-skewed distribution with a median value
of 8.7% cover. Macroalgae were present on 83% of intertidal
flats in the VCR, and 70% of intertidal flats had at least 2%
macroalgal cover (n = 36). Fifty-six percent of intertidal flats
had macroalgal cover above zero but less than 30%, and only
three out of the 36 sites sampled had macroalgal cover greater
than 50%. Macroalgae were most abundant when water-
residence time was moderate to long, mudflat topography was
intermediate between smooth and hummocky, elevation was
lower than 0 m above msl, and the median sediment grain
size was around 80 μm.

Linear models to predict macroalgal abundance
We evaluated 28 linear models predicting macroalgal abun-

dance (percent cover) using the full data set. Of the 28 models,
half used τc and half used τd, so that 14 unique combinations
of variables and interactions were tested once using τc, and
then the models were run again with the only change a switch
to τd. We compared these paired models (identical other than
including either τc or τd) and concluded that τd was always
better based on AICC. The six best models using τd were
selected for testing on the data restricted to macroalgal cover
< 30%. The top models all included τd as a main effect, and
this variable had the strongest main effect in almost all
models (Fig. 7; Table 3). Macroalgal cover differed between τd
groups (ANOVA: F2,33 = 4.83, p = 0.015). Post hoc analyses rev-
ealed that macroalgal cover was higher on intermediate τd flats
(mean = 27% cover � 7 SE) than hummocky flats (mean = 6%
cover � 3 SE), but that macroalgal abundance on smooth flats
(15% cover � 4 SE) was similar to hummocky and intermedi-
ate flats (Fig. 7). However, the interaction between flow-related
variables and τd in models complicates the interpretation of
this main effect (Fig. 8). Mudflat topography can provide
coarse estimates of macroalgal abundance, but predictions are
better when nonlinearity is accounted for using interactions
with fetch and residence time (Figs. 7, 8; Table 3).

Three of the best four models included an interaction
between residence time and τd (Figs. 8, 9; Table 3). The inter-
action indicated that macroalgal abundance increases with
higher residence times on smooth flats, but decreases with
higher residence times on hummocky flats (Fig. 8; Table 3).
We explored the interaction with separate regressions between
residence time and macroalgal cover for each topographic
group. To meet model assumptions, we used generalized least
squares, or ordinary least squares, as needed (details in
Supporting Information). The relationship between residence
time and macroalgae was significant for smooth sites
(F1,10 = 12.3, ßres = 0.2, p = 0.01), but was not for the interme-
diate sites (F1,11 = 0.9, ßres = −0.4, p = 0.4). The test for hum-
mocky flats exhibited some heteroscedasticity that was not
fully corrected using generalized least squares, but parameter
estimates and statistical tests still suggested a strong trend
(Supporting Information, F1,9 = 14.2, ßres = −0.2, p < 0.01). For
an increase in residence time from 20 to 200 h, the interaction
model predicts a 7% increase in macroalgal cover on smooth
flats, but a 15% decrease on hummocky flats over the same
interval. We also explored the interaction by excluding sites
with short residence times (< 100 h), and retesting the rela-
tionship between macroalgal abundance and mudflat topogra-
phy using τc (Supporting Information). There was a significant
negative relationship between macroalgal abundance and
τc after excluding short water residence sites (F1,28 = 46.4,
ßτ = −0.6, p < 0.001) (Supporting Information Fig. S7).

The best four Full-models were not different from each
other based on AICC; with the largest difference only
ΔAICC = 2.06 (Table 3). The models all included τd, and three
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out of the four included the interaction between τd and resi-
dence time (Table 3). Since the four models were relatively
similar, we present results for the one example, Full-D, which
included a residence time-τd interaction and elevation. The
Full-D model had a RMSE of 18% cover, and R2 = 0.48
(Table 3; Fig. 9). The Low Cover-models (for data where cov-
erage < 30%) were more easily distinguished based on AICC,
with the smallest difference ΔAICC = 3.83 (Table 3). Predictive
accuracy increased for Low Cover-models over Full models.
The best Low Cover-model, Low Cover-D, included the resi-
dence time-τd interaction and elevation, had RMSE of 8%
cover, and R2 = 0.68 (Table 3; Fig. 9).

Both Full and Low Cover models underpredicted cases of
high coverage on flats. The maximum macroalgal cover
predicted from any of the Full models was 37%, and in the
Low Cover models the highest cover predicted was 15%. Since
macroalgal cover was right skewed, this limitation did not
compromise prediction too severely. Only four out of 36 sites
in the Full data set had macroalgal cover greater than 37%,
and only three out of 26 sites had macroalgal cover greater
than 15% in the Low Cover data set. The importance of eleva-
tion increased in the Low Cover models. Elevation was not
significant for the Full-D (ßelev = −0.35, p = 0.11), but was for
Low Cover-D where elevation was highly significant
(ßelev = −0.50, p = 0.001) (Table 3).

We validated the Full models against data collected in 2015
and 2016 (Table 3). We could not validate the Low Cover
models with these data, because high cover sites were overrep-
resented in this small validation data set (cover > 15% for 42%
of measurements). These models back-predicted cover well
(correlations = 0.87 or above, RMSE = 0.08 or less, Table 3).
Based on these tests, Full-A, Full-C, and Full-D had similar pre-
diction accuracy, with Full-B performing slightly less well
(Table 3).

Discussion
Despite understanding of mechanisms driving macroalgal

accumulation, prediction of abundance across a range of envi-
ronmental conditions and at different spatial scales remains
poor. In this study, we explored hydrologic and geomorphic
predictors of macroalgal distributions on intertidal flats in
shallow, soft-sediment lagoons. The Virginia Coast Reserve
was a good test system for physical parameters because other
factors affecting macroalgal distribution (e.g., nutrients, her-
bivory) do not vary between sites, and can serve as a baseline
predictor upon which to add other cofactors in systems where
they may be important. Using high-resolution LiDAR data, we
developed a novel index variable of mudflat topographic vari-
ation that was a useful predictor of macroalgal distribution.
Macroalgal abundance was lower on hummocky tidal flats
than smoother flats. Predictions of macroalgal abundance
were improved after accounting for interactions between mud-
flat topography and water residence time. These interactions

improved models by explaining higher macroalgal abun-
dances than expected on hummocky flats and lower than
expected on smooth flats. These results suggest macroalgal dis-
tribution and abundance can be successfully modeled over
large seascape areas using a simple set of flow-related and geo-
morphic variables.

Mudflat topography quantification and drivers
The geomorphology of intertidal flats is controlled by feed-

backs among biological, hydrologic, and geologic factors
(Fagherazzi et al. 2007, 2013; Weerman et al. 2010). However,
a metric to quantify or categorize mudflat topography has yet
to be developed, limiting comparisons across flats in coastal
lagoons. The topographic index variable we developed suc-
cessfully differentiated flats in relation to macroalgal abun-
dance. Percent clay was positively related to the mudflat
topographic index, with higher clay corresponding with the
formation of hummocks. The cohesive properties of clay bind
sediments when content is at least 10% (van Ledden
et al. 2004), possibly facilitating the building of hummocks.
All of the sites in the hummocky category had greater than
10% clay, and clay content was significantly higher on hum-
mocky flats than smooth or intermediate flats (Table 2). Some
smooth and intermediate flats also had high clay content,
indicating clay is not the only driver of mudflat topography
on flats. Nevertheless, clay was a good predictor of mudflat
topography across a wide range of environmental conditions.

Factors other than clay, residence time, and fetch, should
affect mudflat topography, such as biological processes, total
sediment delivery, and water depth. Biofilm formation
(Weerman et al. 2010; Reidenbach and Timmerman 2019),
bioturbation (Woodin 1978; Widdows and Brinsley 2002; Fag-
herazzi et al. 2013), and oyster reefs (McGlathery et al. 2013;
Wiberg et al. 2019) could all contribute to mudflat topo-
graphic patterns by affecting sediment dynamics and erodibil-
ity. We observed mudflat topographic variation on smooth
flats in the field; however, these formations were within the
error for LiDAR data (< 6 cm in the vertical direction). Mudflat
topographic variation on this scale is similar to patterns cau-
sed by biofilm and macrofauna (Woodin 1978;Widdows and
Brinsley 2002; Weerman et al. 2010), suggesting mudflat
topography on smooth flats may have been biologically
driven (Widdows and Brinsley 2002; Weerman et al. 2010).
On some flats, hummocks were colonized with narrow bands
of oyster reef, suggesting a positive correlation between hum-
mock development and oyster reef formation. Tidal flat geo-
morphic development is limited by wind waves that erode
and scour sediments (Fagherazzi et al. 2007, 2013; McGlathery
et al. 2013). As a result, we expected that higher fetch would
relate to larger waves that may erode mudflat topographic fea-
tures. We did not observe this pattern, and were surprised that
SEM results indicated fetch did not explain mudflat topo-
graphic variation beyond its effect on clay content. Properly
accounting for the effects of organisms, and other variables on

Besterman et al. Mudflat topography predicts macroalgae

134



the building and maintenance of hummocks may improve the
prediction of mudflat topography.

Macroalgal distribution predicted by mudflat topography
The abundance of macroalgae on intertidal flats in the VCR

is moderate as compared with other estuaries (Freshwater
et al. 2006; Lyons et al. 2009; Byers et al. 2012; Sutula
et al. 2014), and spatial patterns are related to Diopatra cuprea
distributions (Thomsen and McGlathery 2005). D. cuprea are
important for macroalgae in soft-sediment systems as they sta-
bilize thalli and retain algae in the photic zone. In the VCR,
macroalgal abundance and D. cuprea densities have been
assessed across the mainland-barrier island gradient. Both are
widespread, but macroalgae were found to be most abundant
on mid-lagoon flats (130 g dw m−2) (Thomsen et al. 2006),
and D. cuprea most abundant on mainland intertidal mudflats
(35–40 tubes m−2) (Thomsen and McGlathery 2005). D. cuprea
facilitates macroalgal accumulation across this mainland-
barrier island gradient, with 70% of macroalgal thalli incorpo-
rated into D. cuprea tubes on mudflats (Thomsen and
McGlathery 2005). By including mudflat topography in spatial
distribution models macroalgae can be assessed at higher reso-
lution over larger areas than previously possible, in part
because topography relates to D. cuprea distributions. Both
mudflat topography and D. cuprea are directly correlated with
sediment grain size (Fig. 6), and indirectly with water resi-
dence time through its effect on sediment grain size (Wiberg
et al. 2015). D. cuprea is most abundant in fine sands
(Woodin 1978; Luckenbach 1986), and near the mainland,
but resolving their distribution at a finer scale is difficult with-
out intensive field sampling. We have observed mudflats with
abundant D. cuprea, but without significant macroalgal accu-
mulation, further indicating additional factors such as geo-
morphology and hydrology are important. Mudflat
topography integrates multiple factors that affect macroalgal
accumulation and growth, and might indicate D. cuprea den-
sity, making it a highly useful predictive metric.

Mudflat topography was a useful predictor of macroalgal
abundance on intertidal flats; specifically, increased hum-
mocks were negatively related to macroalgal abundance. One
reason this pattern emerged was because mudflat topography
integrates numerous environmental factors, such as D. cuprea
distributions, sediment grain sizes, and tidal flat elevation. On
average, hummocky sites in the VCR were higher in elevation
than smooth or intermediate sites (Table 2). Macroalgae have
poorer survival at high elevations where desiccation and heat
stress are higher (Thomsen and McGlathery 2007; Thomsen
et al. 2009). Macroalgae rapidly desiccate at elevations equal
to or greater than 0 m above msl, and many hummocky flats
were near or above this elevation (Thomsen and
McGlathery 2007). When high macroalgal abundance sites
(> 30% cover) were excluded, elevation became even more
important in the models (Fig. 9; Table 3), further suggesting

low macroalgal abundance and absence was caused by stress
at high elevations.

Mudflat topography also likely integrated some of the vari-
ability in flow-related variables, which affects macroalgal
abundance through algal advection, and mass transport of dis-
solved gases and nutrients at both the tidal flat scale and
across thalli surfaces (Jørgensen and Revsbech 1985; Flindt
et al. 1997; Sand-Jensen and Frost-Christensen 1999). Most
hummocky flats occurred in higher residence-time locations.
Their complex bed topography may also have further slowed
water velocity (McGlathery et al. 2013). Extremely thick diffu-
sive boundary layers could form in these conditions, limiting
gas and nutrient uptake and inhibiting growth (Jørgensen and
Revsbech 1985). Additionally, the higher elevations of hum-
mocky flats sometimes resulted in steeper slopes between sub-
tidal areas and the flat platform, which could limit advective
transport of macroalgae onto the flat (Salomonsen et al. 1997;
Lanari and Copertino 2017). Macroalgal thalli that did accu-
mulate on hummocky flats usually were found in hollows, or
low-elevation channels between hummocks (with the excep-
tion of hummocky flats in lagoon units with water residence
times < 100 h, discussed in greater detail below). These chan-
nels often did not fully drain during low tide, with 2–6 cm of
standing water remaining. Shallow pools in channels could
get very hot and possibly depleted of oxygen at low tide.
While we did not measure channel conditions at low tide, we
observed the thalli that accumulated in hummock channels
were in various stages of decay. As a result of elevation and
feedbacks between mudflat topography and flow conditions,
macroalgae were usually not able to establish in high abun-
dance on flats with more hummocky mudflat topography.

Mudflat topography and water residence time interaction
The relationship between macroalgal abundance and mud-

flat topography (τc) for sites with water residence times greater
than 100 h was strongly negative (Supporting Information).
This suggests that for most tidal flats topography is a good pre-
dictor of macroalgal abundance, with macroalgae decreasing
as hummocks increase. However, exceptions to this pattern
occurred with short water residence times. Because of this,
including an interaction term between mudflat topography
and water residence time significantly improved models.

The pattern of higher macroalgal abundance on smoother
tidal flats reversed with short water residence times (< 100 h)
(Fig. 8). Smooth flats at short residence times had unusually
low macroalgal abundances (including two sites without any
macroalgae). These sites were dominated by sands, almost
completely devoid of fine sediments, were near an inlet, and
highly exposed. High disturbance from waves and high cur-
rent speeds on these smooth, exposed flats may lead to macro-
algal advection off the tidal flat, and prevent macroalgae
stabilizing and accumulating (Flindt et al. 1997; Salomonsen
et al. 1997; Lanari and Copertino 2017). While typically
smooth mudflat topography promoted macroalgal
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accumulation, in areas with high water velocities the lack of
sheltering topographic relief prevented accumulation.

Hummocky sites with short water residence times (< 100 h)
had higher macroalgal abundance than other hummocky
sites. We hypothesize hummocky flats with higher than typi-
cal macroalgal abundances were the result of geomorphic fea-
tures that formed small (~ 1 ha), locally sheltered flats, within
lagoon units (~ 7 ha) characterized by short water residence
times and fast-moving waters. This cross-scale interaction
could promote fine sediment and macroalgal settlement over
tidal flats, while tidal flushing in the larger lagoon unit
refreshed oxygen and nutrient supply, thereby avoiding the
physical and biological factors limiting macroalgae over typi-
cal hummocky flats. In streams, the presence of side channels,
backwaters, and/or isolated pools cause small reaches to
exhibit locally long residence times with restricted hydrologic
exchange with the main channel, so that particulates, fine
sediments, algae, and other organisms accumulate (Reynolds
et al. 1991; Gooseff et al. 2007). Hummocky sites (usually con-
taining higher clay content, Table 2), within short water resi-
dence time areas (usually lower clay, Fig. 2) (Wiberg
et al. 2015), may suggest the presence of high retention side
pools, or “transient storage” areas, as in streams (Reynolds
et al. 1991; Gooseff et al. 2007). The transient storage area is
still flushed by the channel, but at a slower rate than adjacent
regions, promoting both entrapment and growth of macro-
algae (Gooseff et al. 2007).

We do not know how ubiquitous these muddy- “side
pool,” or exposed-sandy tidal flats are throughout coastal-
barrier systems like the VCR. But together, these short water
residence time cases suggest that there is a threshold effect of
mudflat topography. Specifically, we hypothesize hummocks
have a negative effect on macroalgal growth and accumula-
tion, except when water residence times in lagoon units are
less than 100 h, at which point the hummocky features help
stabilize macroalgae. In these fast-moving waters, hummocks
have a positive effect, sheltering macroalgae from advective
transport off flats.

Model limitations
Due to our limited sample size (n = 36 tidal flats), we were

unable to use cross-validation and most of the models had
moderate R2 values (i.e., R2 mainly < 0.5 with the exception of
Low Cover-D for which R2 = 0.68, Table 3, Fig. 9). However,
the models predicted algal coverage well for independent data
collected in other years (Table 3). In addition, they point to a
set of physical parameters that to date have not been included
in models of macroalgal abundance and distribution. Across
the three Low Cover and three Full model formulations that
included mudflat topography and residence time, parameter
estimates were consistent in direction and similar in magni-
tude. These models, developed from field surveys, provide
first-order predictions that may be improved with future field
testing and validation, ideally over a wider range of conditions

than studied here and over multiple time points. For example,
future research should predict macroalgal cover in the field
using this suite of models, then survey macroalgae to estimate
model precision and accuracy. These results will help to iden-
tify the most important predictors of macroalgal abundance
and provide a basis for mechanistic hypotheses.

Additional factors should also be considered. For example,
the relationship between D. cuprea and macroalgal abundance
is well established (Thomsen and McGlathery 2005; Kollars
et al. 2016), and may help explain distributions in addition to
physical variables. Since directly measuring polychaete abun-
dance is at least as intensive as monitoring macroalgae
directly, the topographic index we developed can advance pre-
diction of macroalgae over large spatial areas, like the
> 900 km2 VCR LTER. However, model accuracy declined
when macroalgal cover was above 30%. D. cuprea density and
distribution might explain macroalgal abundances greater
than 30% cover, and their inclusion in statistical models could
improve macroalgal prediction in these cases. Positive feed-
backs may also explain abundances > 30% cover, resulting
from distinct macroalgal patches overlapping, and forming a
homogenous mat. This process promotes macroalgal mat sta-
bility, and resistance to erosive forces from waves (Lawson
et al. 2012; Volaric et al. 2019). Even with these limitations, a
novel mudflat topographic index, that can be measured with
remote sensing, along with hydrological features is a promis-
ing predictor of macroalgal abundance on large spatial scales
appropriate for monitoring.

Conclusions
Analysis of macroalgal distribution and abundance using

topographic indices is promising, because this approach may
allow better resolution of algal impacts on coastal ecosystems
over large spatial scales. The patchy distribution of depth,
substrate-type, vegetation, and other variables in shallow
lagoons has complicated the modeling of processes over large
spatial extents. The interaction between mudflat topography
and water residence time helped explain macroalgal abun-
dance in this study indicating the possibility of better predic-
tion of macroalgae over spatial scales relevant for ecosystem
studies. These models also indicate how physical factors deter-
mine macroalgal colonization, survival, growth, and prolifera-
tion to high abundances.

Changes in macroalgal dynamics due to overfishing, eutro-
phication, and species invasions are having large impacts on
coastal ecosystems worldwide (Mumby 2006; McGlathery
et al. 2007; Williams and Smith 2007). This work shows that
activities impacting coastal flow and circulation, sediment
delivery, and bathymetry affect macroalgae and consequently
ecosystem function. Accelerations of shoreline hardening,
dredging, damming, and coastal development are occurring
globally (Syvitski 2008; Bulleri and Chapman 2010;
Temmerman et al. 2013). Thus, in addition to the better-
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known drivers affecting macroalgae like eutrophication, physi-
cal processes also require study. By identifying models that
predict macroalgal density at hectare and greater spatial scales
across coastal seascapes, understanding of both local and
global change processes affecting coastal ecosystems can be
improved.
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