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ABSTRACT

Large-extent vegetation datasets that co-occur with long-term hydrology data provide
new ways to develop biologically meaningful hydrologic variables and to determine plant
community responses to hydrology. We analyzed the suitability of different hydrological
variables to predict vegetation in two water conservation areas (WCAs) in the Florida
Everglades, USA, and developed metrics to define realized hydrologic optima and tolerances.
Using vegetation data spatially co-located with long-term hydrological records, we evaluated 7
variables describing water depth, hydroperiod length, and number of wet/dry events; each
variable was tested for 2-, 4- and 10-year intervals for Julian annual averages and
environmentally-defined hydrologic intervals. Maximum length and maximum water depth
during the wet period calculated for environmentally-defined hydrologic intervals over a 4-year
period were the best predictors of vegetation type. Proportional abundance of vegetation types
along hydrological gradients indicated that communities had different realized optima and
tolerances across WCAs. Although in both WCAs, the trees/shrubs class was on the
drier/shallower end of hydrological gradients, while slough communities occupied the
wetter/deeper end, the distribution of Cladium, Typha, wet prairie and Salix communities, which
were intermediate for most hydrological variables, varied in proportional abundance along
hydrologic gradients between WCAs, indicating that realized optima and tolerances are context-

dependent.
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INTRODUCTION

Although wetlands are crucial to general ecosystem health, over 50% have been lost
globally (Barbier et al 1997; Mitsch and Gosselink 2007), making wetland restoration a pressing
environmental priority. A major driver of wetland vegetation distribution and community
dynamics is the hydrologic regime (Ross et al 2003; Ogden et al 2005; Mitsch and Gosselink
2007; Larsen et al 2011; McVoy et al 2011). Hydrologic tolerances and optima for wetland plant
species are typically defined by laboratory, mesocosm or field experiments in which individual
plants are grown under controlled water depths and hydroperiods (Grace 1989; David 1996;
Newman et al 1996; Edwards et al 2003; Busch et al 2004; Jones et al 2006; Macek et al 2006;
Deegan et al 2007; Spalding and Hester 2007). These studies, however, can provide information
for only a limited number of species and can rarely be extrapolated to more complex natural
settings, where species interactions and other environmental factors influence community
composition.

In contrast to species’ hydrologic tolerances, definitions of plant community hydrologic
regimes historically have been descriptive rather than experimental. These studies have been
based primarily on observations of community presence in the field and association of this
presence with hydrology, either inferred or measured from a small number of samples that do not

represent the full range or distribution of conditions across a landscape (Loveless 1959;



Gunderson 1994; White 1994; McVoy et al 2011). Over the past several decades, however,
technological advances in environmental monitoring have allowed us to build longer
hydrological records over larger spatial extents. For example, the Everglades Depth Estimation
Network (EDEN) provides a network of water gages spread across the southern Florida
Everglades that allows for interpolated daily water surface estimates; when coupled with a
relatively dense set of systematic elevation samples, it becomes possible to estimate water depth
across large spatial extents (Desmond and Survey 2007; Jones and Price 2007; Pearlstine et al
2007, Palaseanu and Pearlstine 2008; Liu et al 2009; Xie et al 2011). EDEN estimates
hydrologic data daily for 42,415 400 x 400 m grid cells covering a total area of 678,640 ha, and
the data archive goes back to 2000. Combining such hydrologic datasets with landscape-level
community information, we now can quantify in situ hydrologic regimes of plant communities
across large spatial extents. This quantification is important, as wetland restoration targets often
associate restoration of a particular community with restoration of a particular hydrologic regime
(McVoy et al 2011; LoGalbo et al 2013), but this association is not based on quantification of the
full range of biotic and abiotic conditions in the landscape. Having large-extent datasets that
cover different landscape units allows analysis of vegetation/hydrology relations of sub-regions
that differ in hydrology or hydrological management.

Datasets with high temporal resolution and long temporal extent also provide the
opportunity to construct hydrologic variables that may have greater biological meaning than
traditional metrics such as mean annual water depth. Hydrology can be quantified in a number
of ways; variables often include measures of depth and duration of wetness (hydroperiod), as
well as flow rate. Typically, variables such as annual mean water depth or hydroperiod length

are defined based on Julian years (January 1 to December 31), and data are summarized as
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averages across years (David 1996; Givnish et al 2008; Todd et al 2010). In seasonal wetland
environments, however, such measures smooth out variations that may be important in defining
differences among plant community types. For example, some environments dry out annually
for a short time, whereas others dry out only every several years but for longer periods. These
two environments could have very similar average hydroperiods, but very different types of
vegetation based on the different periodicities of wetness.

In this study, we analyzed vegetation/hydrology associations for different wetland
communities across two Everglades water conservation areas (WCAs). We used vegetation data
collected with the EDEN elevation samples to create a large-extent, long-term hydrology dataset
for the vegetation point locations. Our first goal was to select different types of hydrological
variables to interpret the presence of diverse wetland plant communities. The variable selection
process was based on accuracy of vegetation prediction from different sets of variables defining
water depth, hydroperiod, and wet dry/events for different temporal extents and different
definitions of temporal units. Our second goal was to define realized plant community
hydrologic optima and tolerances for the variables selected. To accomplish this, we used the
vegetation data set in conjunction with the large extent hydrology dataset that had high spatial
resolution to develop abundance-based density estimates and conditional probabilities for plant
communities along gradients of the selected hydrological variables within each WCA, and we

evaluated whether these variables differed by vegetation type.

MATERIALS AND METHODS

Study Area and Data Sources: To evaluate the relationship of hydrological variables to

wetland vegetation patterns, we used spatially-explicit, coincident hydrological records and plant
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community data for two water conservation areas (WCAs), WCA 1 and WCA 2A, in the Florida
Everglades, USA (Fig. 1). For the hydrological record, we used EDEN version 2 daily water
surface estimates for 400 x 400 m cells (Jones and Price 2007). We calculated daily water depth
by subtracting ground elevation from the EDEN surface estimates. The ground elevation data
came from the source data of the EDEN DEM, the High Accuracy Elevation Data (HAED)
acquired by the U.S. Geological Survey (Desmond and Survey 2007; Jones and Price 2007). The
HAED elevations within WCA 1 and 2A were acquired between April and December 2004. A
10-year time-series of daily water depth estimates at each HAED point was derived starting
January 1* 2000 and ending May 10™ 2010 in order to complete the dry season of 2009. Mean
elevations of the two WCAs differ by 113 cm (WCA 1 =417 =24 cm; WCA 2A =304 £ 31 cm)
(Fig. 1A).

For the co-occurring plant community information we used the brief description of
vegetation at the sample location that was recorded for each HAED sample at the time of
elevation data collection. We created a dataset that matched the calculated hydrology at the
HAED point to a co-located vegetation type by using the descriptions to assign a vegetation
community class to each point. Our plant community classification scheme was a modification
of the Comprehensive Everglades Restoration Plan vegetation classification (Rutchey et al 2006;
Gann et al 2012) (Table 1). Slough communities were dominated by floating and some
broadleaved species (e.g., Nymphaea odorata, Utricularia spp.), as well as open water. Wet
prairie communities included mainly short graminoid species, such as Eleocharis cellulosa and
E. elongata, Rhynchospora tracyi and R. inundata, and Panicum hemitomon, as well as
occasional broadleaved and floating vegetation. The Cladium community was dominated by

Cladium jamaicense, while the Typha community was dominated by Typha domingensis and/or
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T. latifolia. The tree and shrub classes included vegetation present in tree islands (Stone et al
2002), while the Salix shrub class had Salix caroliniana communities (Table 1). The total
number of sample points was 6,051 with 3,415 in WCA 1 and 2,636 in WCA 2A.

Defining temporal extents of hydrological records: To determine whether long-term
hydrologic records improved plant community class predictions, we used 2-, 4- and 10-year
hydrological time-series. The 2-year period covered 2002 through 2003, i.e., the year
immediately prior to the HAED vegetation data acquisition; the 4-year period began in 2000 and
ended in 2003; and the 10-year period covered 2000 to 2009.

Defining start- and end-points of time intervals: To determine whether using
hydrologically-defined periods, rather than annual averages, improved plant community class
predictions, we examined data for periods spanning Julian years and hydrologically-defined
intervals (1 hydrologic interval = 1 wet season + 1 dry season). The latter began with the wet
season onset of the starting year and lasted until the end of the final dry season of the defined
period. To define hydrologic intervals, we used the National Oceanic and Atmospheric
Administration-defined onset and end of wet and dry seasons for south Florida (Biedinger and
Lushine 1993). To consider the differences between averages across years versus variables
derived from the full extent of the periods, we processed data based on Julian years, then
averaged across the Julian years; for the hydrologic intervals, we processed data from the first
day of the period to the last.

Defining hydrological variables and statistical descriptors: For all 6051 sampling
locations, we derived water depth estimates for each location by subtracting the HAED elevation
measurements from the EDEN daily stage estimates. After applying a 3-day low pass filter on

the depth estimates to eliminate single-day data spikes, we determined whether the condition of
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the location for that day was wet or dry. We used a threshold value of +5 cm that had to be
reached before a dry event switched to a wet event and -5 cm to switch from a wet to a dry event.

We used the hydrology dataset to develop hydrological variables that described the depth,
duration and frequency of hydrological events. Water depth variables during wet events
included the mean, median and maximum water depths. Hydroperiod length variables were the
maximum number of consecutive dry or wet days and the total number of wet days for a given
time interval. Hydroperiod frequency was expressed as number of distinct wet events during the
time period under consideration. Each of these variables was computed for the 2-, 4- and 10-
year periods and for both the Julian years and the hydrologic intervals, for a total of 42
hydrologic variables.

Analytical methods for variable selection: To select hydrological variables to use in
defining plant community hydrology, we used classifier performance for subsets of variables to
determine their suitability in differentiating plant communities. Since vegetation abundance
along hydrological gradients is not expected to be normally distributed, we used a non-
parametric classification algorithm based on the recursive partitioning and random forest
principles pioneered by Breiman (Breiman 2001). It has been demonstrated that the
incorporation of random forest techniques in vegetation distribution models can lead to improved
predictive models when compared to models based on the generalized linear model framework
(Peters et al 2007).

We considered three hydrologic variable types (depth, length and periodicity) for each of
the two types of hydrological periods (Julian year averages vs. hydrological intervals) and three
record lengths (2-yr. vs. 4-yr. vs. 10-yr.) to create a total of 18 models. Variable selection was

performed in two steps. We first evaluated classification model accuracies for subsets of
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variables. In a second step we determined the best variables within the subsets of the best
models. Model performance was evaluated based on out-of-bag (oob) error for each model; this
is an unbiased estimator of classification error for a given model and can be compared among
models (Breiman 2001). In order to build confidence in the model selection process, for each
model we sub-sampled the full data set with replacement for 20 iterations, selecting a randomly
stratified sample of 20% of the data for each iteration. The significance of differences between
models was evaluated for pairwise model oob-error estimates using an analysis of variance
(ANOVA).

We utilized the random forest algorithm implemented in the R package randomForest
(Liaw and Wiener 2002). For each iteration of samples we built 500 trees (ntree = 500) using a
randomly selected variable for each node (mtry = square root of the number of variables), and
recorded the oob. For the best depth and length variable models, we determined the most
important variable based on the unscaled (scale = FALSE) (Strobl et al 2007) mean decrease in
accuracy across all 20 iterations of each model. We evaluated the significance of the mean
decrease in accuracy of each variable with an ANOVA. With the three selected hydrological
variables, we established a classifier for individual datasets of WCA 1 and 2A and for the
pooled data to determine overall accuracy estimates for the three classifiers.

Analytical methods for determining realized plant community optima and tolerances: To
interpret the distribution of plant communities along each of the three selected hydrological
variable gradients, we generated probability density plots for each class (area under each
community class curve = 1) (Bowman and Azzalini 2014). These plots showed the distribution
of each class along the hydrological gradient. We derived estimates of community hydrologic

optima and tolerances as summary statistics from these density estimates (Hintze and Nelson
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(1A) Hydrologic Interval 2000-2003 for WCA 1 (2A) Hydrologic Interval 2000-2003 for WCA 2A
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(1B) Hydrologic Interval 2000-2003 for WCA 1 (2B) Hydrologic Interval 2000-2003 for WCA 2A
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Figure 3. Distribution of plant community classes for hydrological variables given as violin
plots (boxplots + density distribution) for classes in WCA 1 and WCA 2A. Estimates are for
the 4-year hydrological intervals for maximum water depth in cm (A), maximum length of
wet events in days (B), and the number of wet events (C). Median is indicated by the small
white circle inside the violin; the 25™ and 75™ percentiles by the upper and lower bounds of
the narrow white box; and the minimum of either 1.5 times the interquartile range or the
maximum and minimum values of the data by the black lines. Community class
abbreviations as in Figure 1.
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Hydrologic Interval 2000-2003
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Figure 4. Density plots of the 4-year maximum water depth for the 4-yr hydrologic interval

by region. A) density for each community along the hydrological gradient (sum of area
under each class curve = 1); B) conditional density (at each location along the gradient, the
sum of all class densities = 1); C) conditional density deviation (conditional density —
proportional community abundance). Community class abbreviations as in Figure 1.
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Hydrologic Interval 2000-2003
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Figure 5. Density plots of the 4-year maximum length of wet events for the hydrologic
interval by region. A) density for each community along the hydrological gradient; B)
conditional density; C) conditional density deviation. Community class abbreviations as in
Figure 1.
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Figure 6. Comparison of number of wet events for 4-year record vs. 2-year record. A)
Density for each community along the hydrological gradient; B) conditional density. The 4-
year record (1A, B) shows a much better separation among classes than the 2-year record
(2A, B). Community class abbreviations as in Figure 1.
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