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In urban and other built environments, management decisions serve as a prominent feedback between
biodiversity patterns and human-controlled environmental variables. In this study, we used the
metacommunity concept to assess the mechanisms that link zooplankton biodiversity to different
management regimes in urban water bodies associated with the Baltimore Ecosystem Study Long-Term
Ecological Research site (USA). In the summer of 2011, we sampled zooplankton in 21 ponds built for
stormwater management. Ponds were classiﬁed as either unmanaged (n = 9) or actively managed (n = 12)
for recreation and aesthetic value, where managed ponds received multiple chemical and algaecide
applications to improve water clarity. We found managed ponds had higher local (alpha) diversity and
lower spatial turnover in community composition (beta-diversity), and thus greater biotic homogenization than ponds that were unmanaged. We developed a lottery-based metacommunity simulation
(MCSim) to assess how niche and dispersal dynamics could create the observed biodiversity patterns, and
to assess whether biotic homogenization was related to management. A comparison of empirical and
simulated diversity patterns suggests the zooplankton pond metacommunity was inﬂuenced by both
dispersal and niche-based community assembly dynamics. Simulations showed that the observed biotic
homogenization effect was expected based on the spatially aggregated distribution of managed ponds,
but pond management was not likely exacerbating biotic homogenization in this system. Such insight is
essential to understand how environmental management can affect biodiversity at local and regional
scales.
ã 2014 Elsevier B.V. All rights reserved.
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1. Introduction
Humans have managed natural ecosystems for 40–50 millennia
(Bird et al., 2008), yet strategies of ecosystem management
continue to evolve as a rapidly growing human population places
accumulating demands on natural systems (Wilkinson et al., 2013).
Fortunately, our understanding of the functioning of communities
and ecosystems is also evolving, allowing for more effective
management of natural systems (Farber et al., 2006). One recent
advance in our understanding of the structure and dynamics of
ecological communities is the multi-scale perspective of metacommunity theory (Leibold et al., 2004). As a result, modern
community ecology acknowledges that the movement of organisms across landscapes may have as large an effect on community
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structure and dynamics as environmental tolerances and species
interactions (Leibold et al., 2004).
Urbanization is a leading cause of biotic homogenization
(McKinney, 2006), which describes a pattern of increasing similarity
(or decline in beta diversity) among ecological communities across a
region, or even globally (McKinney and Lockwood, 1999). This trend
is caused by both local extirpations of indigenous taxa and the
increased dispersal and introduction of “winner” taxa that become
widely established (McKinney and Lockwood, 1999; Olden, 2006). A
growing recognition among land managers and policy makers of the
value of ecosystem services associated with biodiversity is reﬂected
in municipal sustainability plans that guide conservation and natural
resource management in U.S. towns and cities (e.g., Baltimore City,
2009). Therefore, it is important that we understand links between
management and biodiversity in the built ecosystems that make up
human dominated landscapes.
A rapid expansion of the human presence on the landscape has
resulted in the increase of built ecosystems (Alig et al., 2004),
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including stormwater detention basins (Fairchild et al., 2012). Built
ponds collect stormwater and reduce the impact of a ﬂashy
hydrograph resulting from high impervious surface cover that is
characteristic of urban landscapes (Plumb et al., 2013). Some
detention ponds are also actively managed for recreational and
aesthetic purposes when they occur in green spaces set aside for
recreational use (Ferguson, 1991). Alternatively, unmanaged built
ponds (e.g., Bishop et al., 2000) are relatively free from human
alteration following construction except for routine structural
maintenance.
Ponds represent sentinel ecosystems that integrate the
landscape and are closely tied to local land use decisions
(Céréghino et al., 2008; De Meester et al., 2005), and thus may
provide a multi-scale perspective on how management practices
affect biodiversity. Here, we focus on zooplankton biodiversity
because zooplankton represent an intermediate trophic guild and
zooplankton community composition integrates a suite of abiotic
and biotic inﬂuences, including local physiological constraints,
bottom-up and top-down trophic interactions, and pond trophic
status (Jeppesen et al., 2011).
Our aim was to address the following two questions regarding
built ponds in the Baltimore Ecosystem Study (BES), Long Term
Ecological Research (LTER) site (Baltimore, Maryland, USA): does
management for common aesthetic and recreational purposes
throughout the region result in a homogenization of local habitats,
and thus biodiversity? How important are local niche-based and
regional inter-pond dispersal dynamics for understanding how
biodiversity will respond to management decisions?
The ﬁrst step in addressing the above questions was to assess
whether we could detect a difference in zooplankton biodiversity
between actively managed and unmanaged built ponds using ﬁeld
survey methods. We performed these surveys in collaboration with
the local homeowners’ association (Columbia Association, Columbia, Maryland, USA), which is responsible for management of both
stormwater runoff and water quality of these detention features.
Following the ﬁeld survey of BES ponds, our second step was to
test hypotheses about how observed biodiversity patterns could be
linked to metacommunity and hydroscape (i.e., a “landscape” of
aquatic features) characteristics using process-based metacommunity simulations (Gravel et al., 2006; Hubbell, 2001; Mouquet
and Loreau, 2003; Sokol et al., 2011). Speciﬁcally, we designed
simulations to identify a set of metacommunity characteristics that
could effectively reproduce in situ biodiversity patterns in silico.
This approach can be used to identify a best-ﬁt simulation scenario
that represents a well-informed hypothesis describing zooplankton metacommunity dynamics in the built-pond hydroscape of the
BES based on our current understanding of metacommunity theory
and the empirical characteristics of the system (Fig. 1). We then
used the best-ﬁt simulation scenario as a reference for null model
hypothesis testing to determine if observed differences in
biodiversity between managed and unmanaged ponds could be
explained by exogenous factors, i.e., properties of the hydroscape
not affected by management (e.g., pond size and spatial
connectivity, Frisch et al., 2012; Steiner et al., 2013), or if
biodiversity patterns should be attributed to active pond
management.
2. Methods
2.1. Empirical data collection and analysis
We chose 21 stormwater detention ponds in and around the cities
of Columbia and Baltimore, Maryland, USA within the BES LTER for
sampling. Site selection was based on pond proximity, management
history, and accessibility. Unlike naturally occurring ponds, managers often restrict human access to private built ponds for safety and/
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or privacy concerns (e.g., by building fences around the ponds).
Therefore, we were only able to sample ponds that were unfenced or
where we had permission to visit from the local homeowners’
association. We designated ponds as either “managed” (n = 12) or
“unmanaged” (n = 9) based on whether algal management was
taking place (Table A1). Management classiﬁcation was based on
information acquired by the Columbia Association Department of
Open Space Management, which actively manages algal blooms in
built ponds with Aquashadeã (pers. comm.). Aquashadeã is an
acid-based, light-attenuating dye designed to inhibit the wavelengths of light necessary for photosynthesis.
All ponds were sampled once during 6–15 June 2011. An 11 cm
diameter, 63 mm mesh plankton net was used to collect a sample
from the littoral zone in a 30 m long horizontal tow at 1 m depth.
Samples were concentrated on a 63 mm sieve, then immediately
preserved in 70% ethanol. To estimate zooplankton density
(Table A2, A3), samples were brought to a total volume of
500 ml using distilled water, homogenized by stirring with a plastic
pipette, and 10 subsamples (2 ml each) were viewed from each
sample with a compound microscope using a 1 mm2 gridded
Sedgewick Rafter at 40  magniﬁcation. A total of 200–400 zooplankton were identiﬁed to the lowest practical taxonomic level for
each sample.
Phytoplankton biomass and conductivity were used to characterize environmental variation among ponds. Phytoplankton
biomass was estimated as chlorophyll a by collecting a 500 ml
surface grab sample from the littoral zone of each pond. We ﬁltered
the sample onto a 47 mm Whatman GF/F, and froze the ﬁlters until
they were analyzed via ethanol extraction and absorbance via
spectrophotometry (ISO, 1992; Sartory et al., 1984). Conductivity
was measured at the water’s surface in the ﬁeld with a YSI Model
30 M Conductivity Probe (YSI Inc., Yellow Springs, Ohio, USA).
Dissolved oxygen (mg l1) and temperature were measured on site
with a YSI Model 700 A Probe (YSI Inc., Yellow Springs, Ohio, USA).
The concentrations of phosphorus (PO4, mg l1) and nitrate
(NO3 mg l1) were measured via ion chromotography following
ﬁltration through 47 mm Whatman GF/F ﬁlters. We used Welch’s
two-sample t-test to compare means and the robust Brown–
Forsythe Levene-type test in the lawstat package (Gastwirth et al.,
2013) to compare variances. All analyses were conducted using R
v3.1.1 (R Core Team, 2014)
For all estimates of biodiversity in this study, we focused on
occurrence rather than relative abundance because occurrencebased metrics will be less sensitive to seasonal ﬂuctuations in
zooplankton abundances, which reﬂect local dynamics that are
beyond the scope of this study. We used the vegetarian package
(Charney and Record, 2012) to conduct multiplicative diversity
partitioning based on order q = 0 Hill numbers (Jost, 2007) to
estimate Da, Db, and Dg for managed and unmanaged ponds,
where Da, Db, and Dg represent alpha, beta, and gamma diversity,
respectively. For diversity partitions based on order q = 0 Hill
numbers, Da and Dg represent local and regional richness,
respectively, and Db represents the number of “distinct” communities in the metacommunity.
The difference in diversity between managed and unmanaged
ponds (dD) was estimated by subtracting Hill number diversity
estimates for the unmanaged group of ponds from the managed
group (e.g., dDa = Da, managed – Da, unmanaged). To test if shifts in
diversity were signiﬁcant, we calculated a null-distribution of dDa,
dDb, and dDg for 10,000 random permutations of the observed data
set (see Appendix). This test provided an estimate of the
distributions of dDa, dDb, and dDg that would be expected if
ponds were randomly assigned to a management group (managed
vs. unmanaged). Estimates of dD for alpha, beta, and gamma
diversities were considered signiﬁcantly different than 0 if they
were outside the 95% CI of their respective null distributions.
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Fig. 1. Metacommunity (A) and landscape (B) characteristics are hypothesized to interact to produce emergent biodiversity patterns. An example MCSim scenario (C) uses
pond (i) and species (ii Spp. C represents a potential, non-resident, invader) state variables to estimate recruitment probabilities (iii, Eqs. (1)–(6), see Table A4 for example
calculations) that are then used in the lottery process that determines species transitions from one generation to the next (iv). See Table 1 for state variable descriptions.

We used distance-based redundancy analysis (dbRDA) (Legendre and Anderson, 1999) using Sorensen dissimilarities for
zooplankton occurrence data to assess the inﬂuence of environmental variables over differences in community composition
among ponds (see Sokol et al., 2013 for a discussion on the
interpretation of dbRDA using occurrence-based dissimilarities).
We used a distance-based permutational MANOVA (Anderson
et al., 2008) to test if overall community composition was different
between pond management types. Data presented here represent
cladoceran and rotifer families. Other zooplankton groups were
excluded from analyses presented in this paper because either we
were not able to practically reach a similar taxonomic resolution
(e.g., copepods only identiﬁed to order) or they were not observed
(e.g., Chaoboridae). However, analyses using all observed groups
produced similar results (see Appendix). Pond characteristics used
as predictors in dbRDA included pond surface area, temperature,

dissolved oxygen (DO), salinity, conductivity, and chloride, nitrate,
phosphate, and chlorophyll a concentrations. Ponds were similar
with respect to other characteristics (e.g., all ponds had similar
hydrology, macrophytes in the littoral zone, and resident ﬁsh
populations).
To assess the combined inﬂuence of environmental and spatial
gradients over variation in community composition, we used
variation partitioning (Borcard et al., 1992; Peres-Neto et al., 2006)
using methods described in Sokol et al. (2013) and functions
available in the vegan package (Oksanen et al., 2013) for R. Using
dbRDA models, we partitioned the among-pond variation in
zooplankton community composition between a matrix of
environmental explanatory variables [E] and a matrix of spatial
explanatory variables [S]. We used a two-step process to select the
best environmental variables. We tested the signiﬁcance of each
environmental variable as a predictor of community composition
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using a permutation test of a dbRDA model. All environmental
variables that were signiﬁcant predictors of community composition were used in forward, stepwise model selection (Blanchet
et al., 2008). Selected environmental variables were included in
matrix [E]. To estimate spatial ﬁlters that represent spatial
heterogeneity at different scales, we used the eigenvectors from
a Principal Coordinates of Neighbor Matrices (PCNM) analysis of a
distance matrix calculated from the UTM coordinates of ponds
included in the study (Dray et al., 2006). We used the same twostep process described for environmental variables to select
important spatial variables and included them in the matrix [S].
We used the adjusted R2 from dbRDA models for [E], [S], and all
variables combined [ES] to calculate how much variation in
community composition among ponds was linked to pure
environmental variation [E|S], spatially structured environmental
variation [E\S], and pure spatial variation [S|E] (Peres-Neto et al.,
2006). We conducted this analysis for all ponds combined and
ponds grouped by management type.
2.2. Metacommunity simulation-based analyses
2.2.1. Model description
We created an individual oriented metacommunity simulation
to examine how metacommunity (Fig. 1A) and hydroscape (Fig. 1B)
characteristics could contribute to emergent biodiversity patterns.
The simulation (modiﬁed from Sokol et al., 2011) was coded as a
package for the R statistical environment (MCSim, maintained at
https://github.com/sokole/MCSim v0.3 was used in this study)
based on the lottery recruitment dynamics used in Hubbell’s
neutral model (Hubbell, 2001). The simulation was modiﬁed to add
terms allowing for niche-based species sorting and spatiallyexplicit dispersal dynamics following Gravel et al. (2006). The
model tracks the composition of assemblages at multiple sites
through time (Fig. 1C, Table A4).
Here, metacommunity characteristics refer to the parameters
that deﬁne the rules that govern regional (dispersal) and local
(recruitment) community assembly dynamics as well as the
general attributes of the simulated taxa that make up the
metacommunity (Fig. 1). The parameter n is Hubbell’s speciation
coefﬁcient. Conceptually, n could reﬂect any introduction of novel
taxa, whether due to speciation or invasion from outside the extant
metacommunity, such as recruitment of propagules from a pond
outside the metacommunity, or recruitment from the dormant
propagule “seed bank” in pond sediment. Therefore, we expand
Hubbell’s original use of the term and consider n a term that
represents metacommunity “openness”.
The parameter s trait deﬁnes the niche-breadth of taxonomic
groups, and thus the functional diversity in a metacommunity.
When taxa have larger niche-breadth, there is more niche overlap
along environmental gradients (E) (Gravel et al., 2006). The
susceptibility of the metacommunity to species sorting by local
environmental ﬁlters depends on functional diversity (Chase and
Leibold, 2003). Very high niche overlap results in ecological
equivalence among taxonomic groups, and will promote neutral
metacommunity dynamics (Hubbell, 2001).
Mixing of the regional species pool was modeled using a
dispersal kernel following Gravel et al. (2006), where


(1)
W ðrÞ ¼ exp wr2
The dispersal kernel W(rk,l) describes the inﬂuence of site l over
the composition of the immigrant pool at site k, where rk,l is the
Euclidean distance between sites k and l scaled to the maximum
observed r. Overall, an increase in w corresponds with a steeper
slope in the dispersal kernel (Fig. A1), and thus a metacommunity
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in which close neighbors are more likely to contribute to each
other’s recruitment pools than far neighbors.
Metacommunity connectivity was determined by the coefﬁcient m, which is the relative contribution of the immigrant pool to
the local recruitment pool (Etienne, 2005; Hubbell, 2001), and can
be estimated as
m¼

I
IþJ1

(2)

where I represents the immigration rate at a site (no. individuals
site1 generation1). Each simulation was parameterized using an
immigration ﬂux, I* (no. individuals m2 generation1), as a
constant, and I was determined separately for each site as I = I*  A,
where A represents pond surface area (m2).
The immigrant pool (pM) at each site was determined from the
composition of each neighboring site weighted by distance such
that
P
l6¼k pi;l Wðrk;l Þ
pM;k;i ¼ Ps P
(3)
j¼1
l6¼k pj;l Wðr k;l Þ

Local recruitment at a site was modeled as a lottery process for
each time step, such that J individuals were selected from a local
recruitment pool (pR) at each site (Fig. 1C). Species interactions
were implicit based on a competitive lottery among potential
recruits for limited space (Mouquet and Loreau, 2003; Shmida and
Ellner, 1984). At each site, J (i.e., local carrying capacity) was scaled
to pond area so that all sites had the same density (no. individuals
m2), however, the total size of the metacommunity was restricted
to 106 individuals because of computational limitations. Local and
regional metacommunity dynamics determined the composition
of pR at the beginning of each generation, such that
pR;i ¼ mpM;i þ ð1  mÞpi

(4)

where pR,i is the relative abundance of taxon i in the recruitment
pool, and pM,i and pi represent the relative abundance of taxon i in
the immigrant pool and local resident pool, respectively.
For each simulation, the inﬂuence of environmental ﬁlters over
local recruitment dynamics was a function of the local environment and niche overlap. The recruitment probability of each taxon
i at a site was determined by how closely its habitat afﬁnity (m)
matched the local environment (E), following (Gravel et al., 2006)
(Fig. A2)
!
ðE  mi Þ2
li ðEÞ ¼ exp
(5)
2s 2trait

Our objective was to compare metacommunity dynamics using
niche versus neutral species pools, and an assessment of tradeoffs
among functional types (e.g., generalists vs. specialists, etc.) was
beyond the scope of this study. Therefore, s trait was a constant
parameter for each simulation that determined the overall
“neutrality” of the simulation. Because site environmental scores
(E) were scaled to the interval [0,1], species afﬁnities (m) were
randomly assigned a value in the interval [0,1]. Consequently,
values of s trait  1 effectively created ecological equivalence in the
regional species pool and simulations with neutral metacommunity dynamics.
The probability (Ri) of recruiting species i from pR during each
lottery pick was
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ð1  vÞli pR;i
S
X
vlnovel þ ð1  vÞ lj pR;j

(6)

j¼1

and the probability of recruiting a novel species was
Rnovel ¼

vlnovel
S
X
vlnovel þ ð1  vÞ lj pR;j

(7)

j¼1

where n is Hubbell’s speciation coefﬁcient, li represents the
inﬂuence of the local environmental ﬁlter over species i, pR,i is the
relative abundance of taxon i in pR.
2.2.2. Characterizing metacommunity dynamics
Simulation hydroscape characteristics (Fig. 1B) were constructed to approximate the empirical data set. Each simulation
had 21 sites, where 12 were classiﬁed as “managed” and 9 were
classiﬁed as “unmanaged”. Simulations were spatially explicit, and
the sites were mapped on an XY grid based on the UTM coordinates
of ponds included in the survey (Fig. 2). Sites were assigned sizes
based on surface area estimates (m2) and environmental values (E),
scaled to the interval [0,1], based on their scores for the ﬁrst
principal component of an ordination of environmental variables
selected in the variation partitioning analysis described above.
Simulations were initialized using a regional species pool
generated to reﬂect observed data. We used the untb package
(Hankin, 2007) to ﬁt aFisher of Fisher’s log series (Fisher et al., 1943)
to the regional rank-abundance curve for observed zooplankton
diversity, and the estimate of aFisher was used to generate regional
rank abundance curves to seed the metacommunity simulations.
The value estimated for the rank abundance curve for cladoceran
and rotifer families was 1.46, and this was used to seed simulations.
We found that the inﬂuence of model initial conditions
disappeared after 10–20 generations, after which alpha, beta,
and gamma diversity typically reached a steady state for the given
metacommunity and hydroscape parameter settings (Fig. A3).
Thus, we used 30 generations for all simulations (see Appendix for
simulation R script).
Four model parameters that were needed to deﬁne regional
metacommunity dynamics (Table 1, Fig. 1A) could not be estimated
from observed data. These were Hubbell’s speciation coefﬁcient

(n), average niche breadth in the regional species pool (s trait,
determined the “neutrality” of a simulation), dispersal kernel slope
(w, controls metacommunity mixing), and immigrant ﬂux (I*). We
used 50 replicates each of 120 simulation scenarios (6000 total
simulations, Table A5) to explore the emergent biodiversity
patterns produced by a factorial combination of different levels
for the four unknown metacommunity parameters (Table 1).
Because our goal was to identify the scenario that best replicated
observed estimates of dD for alpha, beta, and gamma diversity, we
evaluated model ﬁt by calculating a X2 estimate of error for each
metacommunity simulation as
X2 ¼

S

i2fa;b;g g

ðdDi;obs  dDi;sim Þ2

s dDi;obs

(8)

Squared differences between observed and simulated dD were
normalized by an estimate of the standard deviation of the
observed dD for alpha, beta, and gamma, respectively (see
Appendix). The simulation scenario with the smallest X2 error
that also qualitatively produced a biotic homogenization effect in
managed ponds (dDa > 0, dDb < 0) was identiﬁed as the most
plausible representation of the in situ zooplankton metacommunity (Fig. 3, Fig. A4).
2.2.3. Null model tests
The parameter settings from the most plausible (i.e., bestmodel) metacommunity scenario (Fig. 3) were used to create null
hypothesis tests of four different factors that could potentially
explain the disparities in diversity between managed and
unmanaged ponds, represented by signiﬁcant observed non-zero
values for dD. We conducted replicated (n = 1000) null-model
simulation scenarios for each factor to test if they inﬂuenced
biodiversity. If a null-model simulation scenario produced
biodiversity outcomes that consistently deviated from the
observed data (and best-model outcomes), then we considered
that as evidence that the factor being tested inﬂuenced the
emergent biodiversity patterns observed in the BES urban pond
metacommunity. Otherwise, we concluded the factor did not affect
alpha, beta, or gamma diversity in this system. Three of these
factors were hydroscape characteristics, including site location (XY
coordinates), local habitat characteristics (E), and pond surface
area (A). We recorded diversity outcomes for three separate sets of
metacommunity simulation scenarios. In each null model scenario,
we randomized either (1) site locations, (2) environmental scores
for E, or (3) pond surface areas. The other factor was s trait (nichebreadth), which was inferred for the best-model based on
exploratory simulations (Fig. 3). To assess the importance of
niche-based species sorting in the best-model scenario, we
compared best-model diversity outcomes against neutral simulations (s trait = 20), which otherwise had the same parameter
settings as best-model scenarios. Here, neutral simulations
provided a null-model test of whether niche-based species sorting
was required to reproduce the biotic homogenization effect in
managed ponds.
3. Results
3.1. Empirical results

Fig. 2. Map of simulation hydroscape based on UTM coordinates using an arbitrary
point of origin (See Table A1 for site coordinates).

Some local habitat characteristics varied between unmanaged
and managed ponds (Table 2). Recreational ponds that were
actively managed had larger surface areas and lower chloride
concentrations, whereas unmanaged ponds had more variable
conductivity, chloride concentrations, and salinity. Other environmental variables, including chlorophyll a, nitrate, phosphate,
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Table 1
Metacommunity simulation (MCSim) state variables.
Entity

State
Description
variable

Levels

Pond

Mgmt.

Management designation (managed or unmanaged)

Fixed

x, y

Location based on UTM coordinates

Fixed

J

P
Assemblage size (no. individuals in a pond). For pond k, Jk = JM  Ak/ A,
where, JM is the total metacommunity size

Fixed

A

Surface area (m2) estimated from Google Earth imagery

Fixed

E

Environmental state variable, score from ﬁrst axis of a PCA of habitat variables Fixed
scaled to the interval [0, 1]

p

Vector of relative abundances of species occupying a pond

I*

Immigrant ﬂux (no. indiv. m2 gen.1), levels comparable to those reported by 101, low propagule deposition rate 100101102103, high propagule
Vancshoenwinkel et al. (2008)
deposition rate

n

Hubbell’s (2001) speciation coefﬁcient, a proportion representing the
contribution of novel taxa to recruitment pool

106, infrequent invasion (~ 1/generation) 104, moderate invasion
(~100/generation) 102, frequent invasion (~1% of recruitment
events)

m

Habitat afﬁnity in the interval [0,1]

Random uniform distribution

s trait

Niche breadth (Gravel et al. 2006), where high niche breadth creates a
regional pool of ecologically equivalent (i.e., neutral) taxonomic groups
(Hubbell, 2001)

0.01, low niche overlap
0.1, moderate niche overlap
0.5, high niche overlap
20, neutral

w

Dispersal kernel slope (Gravel et al. 2006)

0, ﬂat dispersal kernel, panmictic
300, steep dispersal kernel, limited mixing of the regional pool

Species

dissolved oxygen, and temperature were not signiﬁcantly different
in managed and unmanaged ponds at the time samples were
collected (P > 0.05).
Distance-based permutational MANOVA showed no difference
in overall community composition (F19,1 = 1.22, P = 0.25) between
unmanaged and actively managed ponds, and the occurrence
frequencies for individual zooplankton families did not differ
among management type (Table 3). However, zooplankton

Response variable, initial state based on empirically observed rank
abundance curve

community composition was related to environmental variation
among ponds (Fig. 4A, Table 3).
Variation partitioning (Table 4) based on dbRDA outcomes from
forward stepwise model selection showed that the relationship
between zooplankton community composition and characteristics
of the local habitat differed between managed and unmanaged
ponds. In unmanaged ponds, zooplankton community composition was strongly linked to pure environmental variation [E|S]
represented by salinity and DO concentrations (adj. R2 = 0.48,
P < 0.001). In contrast, no signiﬁcant relationship between
zooplankton community composition and environmental or
spatial variables was observed in managed ponds. When managed
and unmanaged ponds were pooled into a single analysis, salinity
also represented the pure environmental gradient [E|S] with the
strongest link to zooplankton community composition (adj.
R2 = 0.30, P < 0.001). Model selection indicated pure spatial
variation [S|E] in community composition was represented by
PCNM3 (adj. R2 = 0.162, P < 0.001), which captured the spatial
aggregation of managed ponds and spatial dispersion of unmanaged ponds (Fig. A6). Environmental variation measured in this
study that was linked to zooplankton community composition did
not correlate with any spatial variables.
Diversity partitioning showed a biotic homogenization effect
was present in actively managed ponds, relative to unmanaged
ponds. Actively managed ponds had higher richness (dDa > 0,
Fig. 4B and C) and decreased beta diversity when compared to
unmanaged ponds (dDb < 0, Fig. 4B and C).
3.2. Simulation results

Fig. 3. Rank order of simulated metacommunity scenarios based on mean
simulation x2 error for 50 replicate scenarios (error bars are estimates of 95% CI
of the mean). The top 5 best ﬁt simulations (lowest x2 error) are shown in the inset.
The arrow indicates the scenario that most closely reproduced values of dDa,dDb,
and dDg observed for cladoceran and rotifer families in BES ponds (also see Fig. A4).
Model parameter values are shown and described in Table 1.

3.2.1. Characterizing best-model metacommunity dynamics
The simulation scenario that best reproduced zooplankton
biodiversity patterns observed in BES ponds represented a
metacommunity in which community assembly was inﬂuenced
by both dispersal and niche-based dynamics. This scenario had a
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Table 2
Environmental characteristics of unmanaged and actively managed built ponds in the Baltimore Ecosystem Study (BES) at time of sampling.
Pond characteristic

Unmanaged (Mean (S.E.))

Managed (Mean (S.E.))

Number Obs.
Area (m2)a
Chlorophyll a (mg/L)a
Conductivity (mS)a
Cl (mg/L)a
NO3 (mg/L)a
PO4 (mg/L)a
Temperature ( C)
DO (mg/L)a
Salinity (PPT)a

9
3003 (909)
19.97 (6.86)
3300 (2350)
2650 (2140)
0.15 (0.071)
0.127 (0.097)
26.5 (0.751)
7.75 (1.18)
1.93 (1.43)

12
28700 (17800)
20.29 (3.99)
377.4 (31.2)
114.4 (23.7)
0.297 (0.134)
0.121 (0.035)
24.7 (1.7)
9.67 (2.09)
0.183 (0.017)

Compare means

Compare var.

Stat.

P value

Stat.

P value

2.4
0.1
2.2
2.5
0.9
0.2
1.0
0.4
1.7

0.025
0.910
0.056
0.030
0.356
0.878
0.351
0.715
0.123

0.010
0.024
9.64
7.00
0.37
0.003
1.19
0.94
5.44

0.931
0.889
0.008
0.012
0.587
0.956
0.320
0.376
0.009

Group means (unmanaged vs. managed) were compared using Welch’s two-sample t-test and variances were compared using the robust Brown–Forsythe Levene-type test
using group medians, P-value for the comparison of variances were estimated from 1000 bootstrap samples.
a
Indicates comparisons were made using log (x + 1) transformed data.
Table 3
Occurrence of cladoceran and rotifer families modeled as functions of pond management regimea and environmental variationb.

Family

Freq. of occurrence associated with management of built ponds
Unman.
Managed
P value

Occurrence associated with Env. (dbRDA)
CA 1
CA 2

Bosminidae
Daphniidae
Chydoridae
Sididae
Asplanchnidae
Brachionidae
Notommatidae
Collothecidae
Dicranophoridae
Filinidae
Floscularidae
Lecanidae
Mytilinidae
Philodinidae
Synchaetidae
Trichocercidae

0.78
0.56
0.44
0.22
0.22
0.67
0.33
0.00
0.22
0.22
0.22
0.56
0.11
0.11
0.33
0.44

0.55
0.71
0.75
0.11
0.22
-0.24
0.06
0.06
0.16
0.13
0.39
0.39
0.03
0.15
0.21
0.54

1.00
0.75
0.83
0.67
0.50
1.00
0.33
0.08
0.08
0.25
0.58
0.42
0.08
0.08
0.33
0.83

0.997
0.355
0.074
0.054
0.205
0.997
1.000
0.998
0.384
0.882
0.109
0.530
0.831
0.831
1.000
0.074

0.12
0.24
0.35
0.13
0.33
0.13
0.23
0.14
0.08
0.08
0.24
0.43
0.19
0.17
0.25
0.58

a

Family occurrence modeled as a function of pond management using binomial family generalized linear model with a logit linking function (Venables and Ripley, 2002).
Family occurrence associated with environmental variables was assessed using dbRDA (Fig. 4). Environmental variables strongly associated with CA (canonical axis) 1
include salinity (0.92), conductivity (0.83), chloride (0.82), and chlorophyll a (0.65); environmental variables strongly associated with CA 2 include phosphorus (0.66)
and temperature (0.37).
b

low rate of invasion by novel taxa (n = 106 recruitment event1), a
steep dispersal kernel (w = 300), a moderate immigrant ﬂux
(I* = 10 propagules m2 generation1), and moderate niche overlap
among taxonomic groups (s trait = 0.1) (Table 1). While other

scenarios had equally low estimates of x2 error (Fig. 3), this
scenario was the only one that qualitatively reproduced the in situ
biotic homogenization effect (Fig. A4), which was characterized by
dDg ~0, dDb < 0, and dDa > 0 (Fig. 4C).
3.2.2. Null model tests of the biotic homogenization effect
Null model tests of the best-model metacommunity scenario
(Fig. 5) showed the biotic homogenization effect (dDa > 0 and
dDb < 0) in managed ponds disappeared when pond xy coordinates
were randomized (Rand. XY sim. in Fig. 5 does not predict dDa and
dDb are different from 0). The biotic homogenization effect was
also eliminated in neutral model simulations (Fig. 5B, Neutral
sim.), which overestimated total alpha diversity and underestimated total beta diversity (Fig. 5A, Neutral sim.). Alternatively,
a biotic homogenization effect remained prominent in managed
ponds in simulations with randomized environmental gradients
(Fig. 5, Rand. env. sim.) or pond areas (Fig. 5, Rand. area sim.).
4. Discussion

Fig. 4. Cladoceran and rotifer community composition and diversity (families) in
unmanaged and managed BES ponds. A constrained ordination (A) shows
environmental variation among ponds is associated with variation in community
composition (also see Tables 3 and 4). Multiplicative diversity partitioning
outcomes (B) based on occurrence (order q = 0) and a null model test
(10,000 resamples) of differences (dD) in diversity partitions between pond types
(C). Similar patterns are observed when these analyses are conducted using all
observed zooplankton taxa (Fig. A5).

Using ﬁeld survey data, we detected biotic homogenization
(decreased beta-diversity) of zooplankton among actively managed BES ponds, relative to unmanaged ponds. Without context,
this outcome could lead the Columbia Association to conclude that
their current management plan (i.e., application of Aquashadeã
dye to mitigate algal blooms) is homogenizing the zooplankton
metacommunity, and in turn lead pond managers to modify their
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Table 4
Variation partitioning of zooplankton (cladoceran and rotifer) community composition in actively managed and unmanaged ponds.
Adj. R2
Group

N

Best ﬁt env. variable(s)

Best ﬁt spatial variable(s)

[E|S]

[E\S]

[S|E]

Un-explained

Managed
Unmanaged
All

12
9
21

ns
Salinity, DO
Salinity

ns
ns
PCNM3

NA
0.478*
0.285*

NA
NA
0.058

NA
NA
0.162*

NA
0.522
0.611

N is number of ponds represented in each group, ns indicates no variables were correlated with community composition using a cutoff of P < 0.05 (based on a permutational
test), DO is dissolved oxygen, PCNM3 is the third eigenvector from the principal coordinate analysis of neighbor matrices (PCNM) used to calculate spatial variables from pond
geospatial data, NA indicates no available R2 value because no model was signiﬁcant. [E|S] is the pure environmental partition of beta-diversity, which represents variation in
community composition that is related to environmental variation after factoring out spatial inﬂuences; [E\S] is the spatially structured environmental partition; and [S|E] is
the pure spatial partition, which represents the relationship between beta-diversity and spatial variables after factoring out the inﬂuence of environmental variation.
*
indicates an adj. R2 signiﬁcantly greater than 0 using a cutoff of P < 0.05.

management strategy because biotic homogenization contradicts
Baltimore’s municipal sustainability and conservation goals
(Baltimore City, 2009; Duraiappah et al., 2005). However, further
examination of empirical data suggests multiple explanations for
biotic homogenization in managed ponds are possible. Consequently, the effectiveness of a change in Aquashadeã use as a
means of increasing zooplankton beta-diversity will depend on
which metacommunity dynamic(s) is causing the observed biotic
homogenization pattern.
One hypothesis is that pond managers have common goals for
their management outcomes based on aesthetic and recreational
ecosystem services provided by ponds (Cooke et al., 2005). Thus,
the active management of ponds may lead to habitat homogenization, and ultimately biotic homogenization, through niche-based
species sorting dynamics. Surprisingly, chlorophyll a concentrations were not signiﬁcantly different between unmanaged ponds
and ponds that received applications of Aquashadeã dye,
suggesting this management activity was not contributing to
habitat homogenization. However, managed ponds had lower and
less variable conductivity, Cl, and salinity, which were linked to
zooplankton community composition (Figs. 3 and S3, Table 4).
These patterns suggest unmanaged ponds drain catchments with
greater and more variable impervious surface cover, which creates
a less predictable and more stressful local habitat for zooplankton
(Kaushal et al., 2005; Van Meter et al., 2011). Therefore, relative to
unmanaged ponds, managed ponds represent a more homogenous
habitat with the potential for biotic homogenization via nichebased species sorting dynamics.
A second hypothesis is that the observed biotic homogenization effect is a product of limited dispersal in a spatially
synchronous hydroscape, where managed ponds tend to be
clustered together (e.g., spatial synchrony, Koenig, 1999; Liebhold

Fig. 5. Simulated metacommunity biodiversity outcomes (A) and management
effects (B), estimated as dD = Dmanaged – Dunmanaged. Boxplots represent distribution
of outcomes from 1000 replicated simulations. Black represents the best-model
simulation; brown, green, and blue represent scenarios in which pond XYcoordinates, the environmental gradient (E), and pond surface area were
randomized, respectively, to provide null model comparisons against the bestmodel; gray represents neutral model simulations. Red lines represent the
estimates of D and dD based on the observed occurrences of cladoceran and
rotifer families in BES ponds. (For interpretation of the references to color in this
ﬁgure legend, the reader is referred to the web version of this article.)

et al., 2004). While resource managers decide where to build
ponds and which ponds to manage, this mechanism is independent from the effects of active management once the pond is
constructed. Consistent with this hypothesis, variation partitioning showed a strong spatial component that was independent
from environmental variation at a scale that corresponded with
the spatial synchrony of management. A related hypothesis is that
dispersal dynamics may also interact with pond size. Managed
ponds in this study were larger than unmanaged ponds, and pond
size could potentially affect local diversity based on a sampling
effect (e.g., species-area relationships) or by changing immigration/colonization dynamics (Dodson, 1991; Frisch et al., 2012;
Fryer, 1985).
Because metacommunities are inherently complex systems, a
major goal in this study was to create a relatively simple
parameterization scheme to allow us to relate state variables to
meaningful metacommunity characteristics that could be used to
link ecological hypotheses to simulation scenarios (Fig. 1). Given
the assumptions outlined in the model description, we narrowed
unparameterized metacommunity variables to include I*, n, s trait,
and w (Table 1). Simulations allowed us to explore a range of
parameter settings that represented different metacommunity
concepts, including scenarios contrasting different levels of
ecological equivalence in the regional taxonomic pool and different
levels of metacommunity mixing. The best-model simulation
scenario that explained the observed biotic homogenization
pattern required both a steep dispersal kernel (dispersal limitation) and heterogeneity in habitat afﬁnities among taxonomic
groups (non-neutral). Therefore, given our assumptions about the
system, the characteristics of the hydroscape (spatial arrangement,
surface areas, environmental variation), and the observed emergent biodiversity patterns (biotic homogenization), we were able
to identify the most likely metacommunity characteristics for
zooplankton in BES ponds (Fig. 3).
The parameterized best-model representation of the zooplankton metacommunity in BES ponds provided a tool to test
alternative hypotheses using a null model approach (Fig. 5). We
found that the clustered arrangement (i.e., spatial synchrony,
Fig. 1B) of managed ponds was necessary for the observed biotic
homogenization effect to occur. We also found that niche-based
species sorting was necessary for the biotic homogenization effect,
but not because species sorting dynamics linked biotic homogenization to environmental homogenization. Rather, neutral models
overestimated local pond diversity given the same regional
richness as niche-based models (Fig. 5A). This result suggests
that local niche-based processes were necessary to create
sufﬁcient heterogeneity in the metacommunity for dispersal
dynamics to create observed biodiversity patterns. Thus, the biotic
homogenization effect observed in managed ponds in this system
appears to be an emergent pattern from a complex interaction
between spatial and niche dynamics that could not be understood
without a process-based model.
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Built and managed habitats, such as green spaces and retention
ponds, are a rapidly expanding component of the humandominated landscape (Céréghino et al., 2008; Fairchild et al.,
2012). In this study, we demonstrated that a failure to account for
metacommunity and hydroscape characteristics could lead investigators, managers, or land-owners to incorrectly attribute biotic
homogenization to pond management activities. Moving forward,
metacommunity theory will improve our ability to understand
mechanisms linking management decisions to biodiversity in
realistic landscapes. Failure to account for the complex dynamics
that emerge based on metacommunity and landscape characteristics could potentially lead to management regimes having
unintended consequences, such as decreased regional diversity
(Noss, 1983). Approaches that allow a multi-scale understanding of
the dynamics that organize biodiversity, such as the simulationbased approach presented here, can be implemented to better
understand how biodiversity outcomes may or may not be
associated with the choices of natural resource managers.
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