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the resulting 100 regions; and (3) tested the ability of these ecological regions to

This is an open access article under the terms of the Creative Commons Attribution License, which permits use, distribution and reproduction in any medium,
provided the original work is properly cited.
© 2017 The Authors. Ecology and Evolution published by John Wiley & Sons Ltd.

3046 | www.ecolevol.org Ecology and Evolution. 2017;7:3046-3058.


www.ecolevol.org
http://orcid.org/0000-0003-1880-2880
http://creativecommons.org/licenses/by/4.0/
mailto:ksc@msu.edu

CHERUVELIL ET AL.

applications.
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1 | INTRODUCTION

Ecologists are increasingly conducting research at broad spatial and
temporal scales to understand and predict ecosystem responses to
environmental pressures such as land use intensification and global
climate change. The discipline of macrosystems ecology meets these
challenges by considering diverse ecological phenomena at scales of
regions to continents (i.e., macroscales) and their interactions with phe-
nomena at other finer scales (Heffernan et al., 2014). Translating fine-
scaled understanding to macroscales is difficult because ecosystems
are complex, heterogeneous, and strongly influenced by multiscaled
environmental and anthropogenic factors (i.e., ecological context). For
example, the importance of local drivers of ecosystem properties and
their interactions are well known; yet, there are many examples of
regional drivers constraining biological and biogeochemical patterns
and processes at local scales (e.g., Bell etal., 1993; lannone et al.,
2015; Reyer et al., 2015; Sobek, Tranvik, Prairie, Kortelainen, & Cole,
2007). Therefore, spatial heterogeneity among ecosystems is a result
of complex relationships within and across multiple spatial scales, and
the regional scale (i.e., intermediate between local and continental
scales) provides a vital link for understanding multiscaled ecological
phenomena.

One way for ecologists to include the regional scale in their re-
search is to apply a regionalization framework that classifies the
landscape into ecological regions. This approach has a long history in
geography and biogeography (e.g., Christian, 1958; Whittaker, 1956),
with many regionalization frameworks in use globally (e.g., Abell et al.,
2008; Bailey, Avers, King, & McNab, 1994; Klijn, De Waal, & Oude
Voshaar, 1994; Marshall, Smith, & Selby, 1987). These contiguous
regions are used under the assumption that ecosystems within re-
gions are more similar (in properties and in responding to stressors)
than those across regions (Seelbach, Wiley, Baker, & Wehrly, 2006).
Studies that have included ecological regions have improved scientific
understanding of the patterns and processes occurring within and
among regions. For example, multiscaled studies have documented
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capture regional variation in water nutrients and clarity for ~6,000 lakes. We found
that: (1) a combination of terrestrial, climatic, and freshwater geospatial features in-
fluenced region creation, suggesting that the oft-ignored freshwater landscape pro-
vides novel information on landscape variability not captured by traditionally used
climate and terrestrial metrics; and (2) the delineated regions captured macroscale
heterogeneity in ecosystem properties not included in region delineation—approxi-
mately 40% of the variation in total phosphorus and water clarity among lakes was
at the regional scale. Our results demonstrate the usefulness of this method for

creating customizable and reproducible regions for research and management

constrained spectral clustering, ecoregions, geospatial variables, lake, landscape, macroecology,

macrosystems, regional spatial scale, regionalization, spatial heterogeneity

that some of the spatial heterogeneity in lake characteristics across
broad spatial extents is at the regional scale (i.e., there is a significant
amount of among-region variation in lake nutrients), but that the mag-
nitude of variation attributed to regions depends upon the response
variable of interest, the ecological regions used, and the spatial ex-
tent of the study (Cheruvelil, Soranno, Bremigan, Wagner, & Martin,
2008; Cheruvelil, Soranno, Webster, & Bremigan, 2013; Jenerette,
Lee, Waller, & Carlson, 2002). Studies of lake water quality that have
included ecological regions have also quantified complex interactions
among landscape features at different spatial scales including differ-
ences in both the strength and direction of relationships between lake
response variables and local drivers, depending on the region (Fergus,
Cheruvelil, Soranno, & Bremigan, 2011; Filstrup et al., 2014; Lottig
et al., 2014). The fundamental importance of ecological regions for
capturing regional-scale ecosystem heterogeneity has been recog-
nized beyond the scientific community—they are incorporated into
big-science observatories (e.g., US-NEON program) and broad-scale
ecosystem assessments (e.g., EU Water Framework Directive, and
US EPA National Assessments). In fact, not accounting for regional
differences when studying and managing ecosystem responses to
environmental drivers could lead to inappropriate or inadequate inter-
pretations and management decisions.

Despite their frequent use, existing ecological regions have char-
acteristics that potentially limit their general application. They were
created for specific purposes, each using different underlying data and
methods (Cheruvelil et al., 2013), making them unlikely to meet the
requirements for research questions outside of those they were orig-
inally developed to address (Loveland & Merchant, 2004; McMahon
et al., 2001; Thompson et al., 2005). Due mainly to limitations in the
availability of broad-scale geospatial data, most past efforts were
based on a relatively small number of terrestrial and climatic charac-
teristics that were quantified at continental or global extents. Many
ecological regions were also developed subjectively using paper
maps, leading to regions that cannot be reproduced or easily modi-

fied for new purposes (Hargrove & Hoffman, 2004). These previously
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recognized limitations have led to calls for a stronger scientific basis
for development of ecological regions for both research and applica-
tion (McMahon, Wiken, & Gauthier, 2004).

Interestingly, historic regionalization frameworks are widely used
for science and applications, despite recent computational advances
and increases in the quality and resolution of satellite and map-based
data that provide high-resolution, continental-scaled datasets for a
wide range of atmospheric, climatic, terrestrial, and freshwater char-
acteristics. Furthermore, there have been advances in statistical and
computational approaches for delineating objective and reproducible
ecological regions (e.g., Hargrove & Hoffman, 1999; Nguyen, Epps, &
Bailey, 2010; Stepinski, Niesterowicz, & Jasiewicz, 2015). However,
most of these newer methods have not been broadly disseminated to
or available in a form easily adoptable by the ecological community.
Additionally, because many of these methods are optimized to max-
imize landscape homogeneity, they do not always create contiguous
regions (Duque, Ramos, & Suriach, 2007; Olden, Kennard, & Pusey,
2012; Yuan, Tan, Cheruvelil, Collins, & Soranno, 2015). Region contigu-
ity is useful for two important reasons. First, such regions help account
for broad-scale spatial autocorrelation that is common among ecosys-
tems (Fortin & Dale, 2005). Second, contiguous regions are useful for
management because they allow managers to apply similar practices
to nearby but unstudied ecosystems. Therefore, we need methods
that create contiguous and homogeneous regions, as well as dissemi-
nation of these approaches to the ecological community.

To help fill the need for adaptable and flexible methods for creat-
ing regions, we apply a newly published computer science clustering
algorithm that creates customized ecological regions, test its use for
macrosystems ecology research, and make it available in an online re-
pository. This algorithm, known as “spatially constrained spectral clus-
tering,” is a flexible method that allows users to impose restrictions
on whether spatially adjacent points should be in the same region,
thereby influencing the clustering process to create homogeneous
regions that are also geographically connected (i.e., contiguous). This
method was developed and tested using terrestrial landscape data for
three U.S. states and was found to outperform three other algorithms
for delineating ecological regions (Yuan et al., 2015). Here, we expand
on this previous work to: (1) apply the spatially constrained spectral
clustering algorithm (Yuan et al., 2015) to create ecological regions
with a wider range of nationally available terrestrial, climatic, and fresh-
water geospatial data for 17 northeastern U.S. states (approximately
1,800,000 km?); (2) examine which of the 52 geospatial features were
most influential in creating these regions to determine how important
individual geophysical features are for ecological region delineation;
and (3) test the ability of the resulting 100 ecological regions to cap-
ture regional variation in lake characteristics that were not used to de-
velop the regions, i.e., water nutrients and clarity, for ~6,000 lakes. We
make this algorithm freely available with an accessible user interface
for other researchers to use and modify, including the ability to: create
different numbers/sizes of regions; use a subset of themes or different
combinations of measures of the terrestrial, atmospheric, and freshwa-
ter landscapes; and create regions for a different spatial extent (e.g.,
state, nation, and continent). This objective and reproducible method

and available code for creating ecological regions are designed to sup-

port a wide range of macroscale ecology applications.

2 | MATERIALS AND METHODS

2.1 | Study extent and data

This study uses a harmonized geospatial dataset of landscape and lake
ecosystem features called LAGOS-NE (LAke multiscaled GeOSpatial
and temporal database; Soranno et al., 2015). LAGOS-NE was devel-
oped at the subcontinental extent of a land area of ~1,800,000 km?
within 17 northeastern U.S. states that have ~50,000 lakes with sur-
face area 24 ha (Figure 1). LAGOS-NE comprises two modules. First,
LAGOS-NE, v1.03 includes geospatial data on features including
climate, atmospheric deposition, land use and land cover, hydrology,
freshwater connectivity, geology, and topography measured across
a range of spatial and temporal extents. The base geographic unit
used to create ecological regions was the U.S. Geological Survey 12-
digit hydrologic unit (HU-12), which is based on river basins (Seaber,
Kapinos, & Knapp, 1987). There are 20,257 HU-12s in the study ex-
tent, ranging in land area from 0.35 to 1,276 km? (Table 1, Figure 1).
The 52 natural geographic variables used in this study were quantified
at the HU-12-scale in LAGOS-NE . and grouped into three themes:
terrestrial landscape features, climate features, and freshwater land-
scape features (Appendix S1 in Supporting Information). In-lake or
lake-specific characteristics were not used when creating the regions.
The second LAGOS-NE module, LAGOS-NE, \yno V1.054.1, in-
cludes lake-specific water quality and chemistry data compiled from
54 individual datasets for a subset of ~10,000 lakes in the study extent
(Soranno et al., 2015). For independently testing the ecological regions
created in this study (see below for analytical approach), we used sum-
mer values for total phosphorus from the surface waters of lakes and
for water clarity of the lake measured as the Secchi depth reading. We
used these two lake-specific response variables because they: (1) are
important variables for lake functioning and (2) are routinely measured
in monitoring programs and thus applicable to regional management
(Appendix S2 in Supporting Information). Because lake nutrients and
water clarity can vary seasonally and temporally, we used mean sum-
mer values (i.e., June 15-August 15) from the most recent 10 years of
data available (i.e., 2002-2011) (Table 1). The data and metadata for
all analyses are available in a data repository (Cheruvelil et al., 2016).

2.2 | Creating ecological regions

2.2.1 | Spatially constrained spectral clustering

We created ecological regions using a constrained spectral cluster-
ing method recently proposed by Yuan et al. (2015). This objective
computational approach is repeatable, allows users to specify multi-
theme inputs and the number of regions, and takes into account both
landscape homogeneity and region contiguity. Yuan et al. (2015) and
Appendix S3 in Supporting Information provide detailed descrip-
tions of the algorithm and methods, respectively, for creating and
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evaluating ecological regions. Analyses were conducted in MatLab
(Release 2015a, The MathWorks, Inc., Natick, MA, USA) and then
replicated within the R computing environment (R Core Team 2015)
for more accessible use by ecologists. Our R code is publicly available
on GitHub for download and can be modified for individual research
needs (https://github.com/cont-limno/SpectralClustering4Regions).
Briefly, data were preprocessed to remove HU-12s that included
spatially isolated landscape features (e.g., islands and peninsulas), to fill

in missing values in the geospatial database through interpolation, and

to remove egregious outliers, all of which could degrade the effective-
ness of the clustering algorithm (Figure 2). This preprocessing resulted in
18,856 HU-12s in the study extent. To reduce bias introduced by geospa-
tial variables with wide ranges and to help account for multicollinearity,
geospatial data were standardized and reduced to a smaller number of

unweighted, independent variables using Principal Components Analysis

(PCA; n = 24 axes accounting for 85% of variation; Appendix S3). .
0 500 1,000 2,000 Kilometers

Using the PCA scores, we applied the Yuan et al. (2015) method I T N N R B B

to aggregate HU-12s into coarser ecological regions. Between every
pair of HU-12s, a landscape feature similarity matrix that measures
landscape homogeneity was computed using the Gaussian radial basis
function (Buhmann, 2003), and a binary-valued spatial constraint ma-
trix was constructed based on HU-12 contiguity (i.e., 1 if the HU-12s
share a border; 0 if the HU-12s do not share a border; Figure 2). The
spatial constraint matrix is used to guide the clustering process into
finding spatially contiguous regions. Specifically, the algorithm allows
users to specify a parameter, §, that controls the neighborhood size in
which a pair of HU-12s are required to be in the same region (i.e., as §
increases, the spatial constraint becomes more relaxed; Figure 1; Yuan
et al. 2105). These two matrices are merged into a combined similarity
matrix through a Hadamard product that includes both landscape ho-
mogeneity and spatial contiguity information. The constrained spectral
clustering algorithm applied the following two steps to group the HU-
12s into regions: (1) eigenvectors are extracted from the combined

similarity matrix using generalized eigenvalue decomposition (von

[ L L L | L L L |

Luxburg, 2007) and (2) k-means clustering is applied to the extracted

eigenvectors to obtain the final clusters/regions (Appendix S3).

We evaluated these ecological regions by quantifying the quality
of the clustering solution in two ways. First, we quantified the sum-
of-square error within and between clusters (SSW and SSB, respec-
tively), which represents landscape heterogeneity within and between
regions. Regions with low SSW and high SSB have high within-region
homogeneity and high among-region heterogeneity of geospatial fea-
tures. The clustering step was repeated 1,000 times because k-means
clustering results are sensitive to initialization of cluster centers (Tan,

Steinbach, & Kumar, 2005), and we subsequently selected the solution

with lowest SSW. Second, we quantified a spatial contiguity metric - F | HUA2
oca
called “percent of must link” (PctML) that measures the percentage 5=1
of spatial constraints preserved by the clustering algorithm. A higher Els-2
[s=3
: ~ 5= 4
FIGURE 1 The study extent: (a) The U.S. with the 17 states shaded, < ~ANNAALT AN . R
(b) A close-up of HU-12s in ~2 states (Wisconsin and Michigan), and 0 15 30 60 Kilometers

(c) A close-up of a focal HU-12 (red in (b)) with its neighboring HU-12s S
shaded to demonstrate different levels of the contiguity constraint
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TABLE 1 Descriptive statistics for the hydrologic units (HU-12s; S

eaber et al., 1987) clustered to make regions and the lake characteristics

used to test region ability to capture macroscale variation among ecosystems (using means). In-lake data were from summer samples of lakes
24 ha in size during 2002-2011. Water clarity was measured as Secchi disk depth

Variable Unit Median Mean 25th percentile 75th percentile Sample size
HU-12 ha 7,868 8,446 5,710 10,580 20,257
Water clarity m 2.6 2.9 1.4 3.9 6,044
Total Phosphorus ng/L 16.2 35.2 10.0 32.2 3,896
Geospatial data calculated
for each HU-12:
Preprocess
Spectral clustering
* Data elimination =
«Interpolation eature Computation of
«Outlier removal * similarity
«Standardization matrix
decomposition
e < ilustrati
) similarity == FIGURE 2 Schematic illustrating the
Measures of HU-12 neighbors CEi A . .
at different delta distances: procedure for creating ecological regions
c. Evaluate ecological regions from geospatial data using a spatially
SIgEdEl Landscape | [ Region || Random constrained spectral clustering method,
> constraint homogeneity | | contiguity forests | . h | ical . d
& — (SSW) (PetiaL) evaluating the ecological regions, an

value indicates that the resulting regions were more spatially con-
nected (Appendix S3).

2.2.2 | Number of regions

A standard approach to choose the optimal number of clusters, k, is
to plot values of an internal cluster validity index such as SSW against
the number of regions and identify the inflection point in the mono-
tonically decreasing curve (e.g., Jain & Dubes, 1988). Unfortunately,
this approach is subjective and the inflection point may not always
be easily identified. Furthermore, it does not consider the statisti-
cal significance of the regions compared to purely random clustering
(i.e., no consideration of landscape homogeneity or region contiguity).
Worse still, the monotonically decreasing relationship between SSW
and number of regions is observed even for purely random clustering
(i.e., no consideration of landscape homogeneity or region contiguity).

Therefore, we compared the SSW of the regions created with spa-
tially constrained spectral clustering (SSC; Yuan et al., 2015) against
the average SSW for 200 randomly created sets of regions to ensure
that the improvement in SSW as the number of regions increases
was statistically significant. To do this, we computed the ratio of

slopes for the two approaches as the number of regions increases:
Slopeg (k-1) - Slopeg (k)
Ago e(k):
P Slope,,,jonk-1) - SlOpe,., o (k)
the slope of the SSW curve for the spatially constrained clustering

, Where the numerator measures

random

approach and the denominator measures the corresponding slope for
the average SSW of the random clustering approach. If the constrained
spectral clustering approach provides little improvement in SSW com-
pared to the random clustering approach, then this ratio approaches

applying them to ecosystem properties.
The circle represents the Hadamard
product. See text, Appendix S3 and Yuan
et al., 2015 for details

\/

Apply to Ecosystem
Characteristics

1 on plots of empirical curves and indicates an optimal number of re-
gions. We calculated the ratio of the change in slope as the number
of regions increased from 5 to 1,000 (with a step size of 5 from 5 to
600 clusters, a step size of 10 from 610 to 800 clusters, and a step
size of 50 from 850 to 1,000 clusters) for the spatially constrained
spectral clustering approach to that of the “random” clustering ap-
proach. Because the empirically estimated ratio of slopes is not always
stable, potentially fluctuating around 1 when varying the number of
regions near its optimal value, we obtained a more robust estimate
by considering an interval of number of regions from k-w/2 to k+w/2,
where w + 1 is the window size and calculated the average ratio of the
change in slope for each window. We then chose the optimal number
of clusters to be a value within the first window in which the average

ratio of the change in slope is closest to (but not equal to) 1.

2.2.3 | Landscape homogeneity and region
contiguity

We explored the roles of landscape homogeneity and region conti-
guity when creating ecological regions and how to balance these two
desirable ecological region characteristics. We created nine sets of
ecological regions: (1) those made with SSC (Yuan et al., 2015) that
account for landscape homogeneity and region contiguity (5 = 4, 4,
8, 16); (2) those made with spectral clustering that ignores landscape
homogeneity but uses the same four levels of contiguity; and (3)
those made with k-means clustering that ignores contiguity (i.e., no
5), uses solely landscape homogeneity, and is applied directly to the
PCA features (as opposed to SSC that applies k-means clustering
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on the eigenvectors extracted from the combined similarity matrix).
We compared these nine sets of ecological regions using the two
metrics described above (Yuan et al., 2015): SSW that quantifies
the landscape homogeneity within the regions (lower SSW implies
higher within-region homogeneity of geospatial features) and PctML
that measures the percentage of spatial constraints preserved by
the clustering algorithm (a higher value implies that regions are more
spatially contiguous). Thus, ecological regions that are both homog-

enous and contiguous will have low SSW and high PctML.

2.3 | Determining terrestrial, climatic, and
freshwater drivers of ecological regions

For each of the nine sets of ecological regions, we evaluated the rela-
tive importance of the 52 geospatial variables for region formation
using a random forest algorithm (Cutler, Edwards, Beard, Cutler, &
Hess, 2007) in the R package randomForest (Liaw & Wiener, 2002).
Random forest uses random subsets of the data to generate 500 clas-
sification trees, and an out-of-bag (OOB) error estimate for each tree
based on the prediction error for the withheld portion of the dataset.
The OOB error estimate was used to identify which geospatial vari-
ables were most important for cluster delineation. Importance of each
variable was determined by comparing the mean decrease in the Gini
impurity criterion, which is a measure of node impurity during classifi-
cation. Summing the decrease in Gini from parent node to descendent
node for each tree indicates variable importance, with large decreases
in Gini corresponding to high variable importance (Breiman, Friedman,
Stone, & Olshen, 1984; Cutler et al., 2007).

2.4 | Testing the ability of ecological regions to
capture regional variation

We assigned region membership to the approximately 6,000 lakes
in LAGOS-NE, ;o V1.054.1 (Soranno et al., 2015) for which we
had lake total phosphorus and water clarity data. We examined the

200

FIGURE 3 The range of optimal number
of regions in our study extent, calculated
using the ratio of slopes for the regions
created using spatially constrained spectral
clustering (SSC) to the slope for the

regions created using a completely random

100 [,
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performance of the nine sets of clusters for capturing broad-scale
variation in ecosystem characteristics not included in creating the
ecological regions by examining SSW for the two lake characteristics
(lower SSW implies higher within-region homogeneity of lake charac-
teristics). We also examined the ratio of SSW:SSB in order to compare
relative amounts of within- and among-region heterogeneity across
response variables and ecological regions. Lower SSW:SSB implies
that relatively more heterogeneity in geospatial features, lake total

phosphorus, or lake water clarity is among regions than within them.

3 | RESULTS

3.1 | Creating ecological regions

3.1.1 | Number of regions

We attempted to statistically determine the optimal number of re-
gions to create in our study extent. However, given the large number
of HU-12s to cluster, the resulting SSW was quite high (~10°). Thus,
even a small change in the slope of SSW for constrained spectral clus-
tering or random clustering could be amplified when calculating the
ratio of slopes. We observed significant variability in the ratio of the
slopes when the number of regions was greater than 80 (Figure 3).
Therefore, we considered an interval of number of regions from k-10
to k + 10 with window size 21 and calculated the average ratio of the
change in slope for each window. The results indicated the optimal
range of region number was between 80 and 110 for our study extent
and the geospatial data we included. Based on this result, we created
nine sets of 100 ecological regions that averaged 15,842 km? in area
for further analysis.

3.1.2 | Landscape homogeneity and region contiguity

We mapped region boundaries and HU-12 region membership across
the nine sets of multithemed ecological regions to examine the

clustering approach (no consideration of
geospatial features or region contiguity).
The inset is a blow-up of the range of
number of regions that included the

SSC SSW slope/random SSW slope

optimal number (between 80 and 110) for 0 100
our study extent and geospatial data

100 .
507, .
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d 5=16

(e) K-means

It 0 200 400 800 Kilometers
L 1 1 1 | 1 1 1 J

M o6=1,4,and 8

6=1
[15=4
C15=8

FIGURE 4 (a-f) Maps depicting the ecological regions created using spatially constrained spectral clustering and varying the level of
region contiguity (i.e., the neighborhood constraint § = 1, 4, 8 and 16; a-d), as well as k-means clustering on the PCA factors with no contiguity
constraint (e) and a combination plot contrasting the boundaries of the § = 1, 4, and 8 regions (f). White lines indicate U.S. state borders

relative influence of landscape homogeneity and region contiguity
in delineating regions (Figure 4). We found relatively similar bounda-
ries and region-membership when using a strict (5 = 1) to moderate
(5 =4, 8) level of contiguity (Figure 4). In contrast to the very con-
tiguous regions at these strict to moderate levels of contiguity, when

region contiguity was weak (5 = 16) the resulting regions appeared
more similar to the patchwork of regions, with individual regions dis-
tributed across several states, generated by k-means clustering of the
PCA features (no contiguity constraint; Figure 4). When regions were

created with SSC, which considers both landscape homogeneity and



3053

Ecology and Evolution
& e VWILEY

CHERUVELIL ET AL.

68T 981 L8'T [4ox4 V9°C
eTLTY
(0) 73> ¥26'e 9eT'v LY9'y
158 1€8°€ €€8°E GE6'E
[A%4 0e’c 90°C 19¢C e1€C
/89T
8L¥'T 98T G18C €81°c
619°C 989°C T6ST G8/°C
T=¢ =9 8=9 9T =2¢ QON
PUIS PON pPoN 95007 SUON
19A3] ANnSiuo)
STT L60 €80 €80 eCC'0
(S¥) 0TT'TST
(€6) €18'89F (cé) eTL'661 (¢6) TrT'6SS (£8) zov'6€9
(06) 09T L¥1 (09) Lov'CTY (T€) 809‘08¢E (¢1) 0LE'6LE
T=¢ =9 8=¢ 9T =2¢ QON
PIS 9)elapo 9jeIapoN 95007 QUON

19A9] AnnSnuo)

gdSS‘MSS
MSS
MSS
MSS
Ajlie|D J33epn
dSS*MSS
MSS
MSS

MSS
snioydsoyd
|eJoL

RITETN]
9 J13sHa)IeIRYD
e

gSS:MSS
(INPDMSS
(INI2d)MSS
(INPDIMSS

RILETA|

“Jules3suod A3n313U0d uoi3al 3y} spn|dul J0U SI0P PoyIaW Sy ],

SaA
ON

SOA

S
ON
S

Ayj1suaSowoy
adeospueT :siapisuo)

SOA
ON
SOA

Ay1suaSowoy
adedspueT :siapisuod)

ON
SOA

SOA

ON
SOA
SOA

Aungnuod
uoi33y :s1apIsuo)

ON
SO

SOA

Ayngnuod
uoi39y :siapiIsuo)

A (€)
25 (2)
2SS (T)

M (€)
25(2)
2SS (1)

poyls Sutiaisn|d

sopsia3dRIEYD e ()

A (€)

25 (2)

2SS (1)

poylaw Supaisnd)

saunjeay |enedsoa ()

3)elapow = po

‘A[9A10adsau ‘Ajlie|d Jajem pue ‘snuoydsoyd [e1o] ‘saqelieA |erjedsoad U0y /88‘G pue ‘7G8‘S ‘6EH 9ES :SeM Sa|gelieA asuodsal yoes Jo) (99S + MSS) uoljeliea saienbs Jo wns [e30] “oljed

159]|BWS 10 “TINIOd 35934.] ‘MSS 1S9]|BWS Sy} Ul pajnsal Jeyl DSS Ym pajeatd suoldau |ed130]029 ay) 1no julod sanjeA pap|og "yjoq Jo ‘A3n3i3uod uol3au ‘Aylsusdowoy adedspue| 1o 3uipunodde
3[IYM Spew a4aM SUOoISal JaYIaym 03 Jajal SIaPISu0), Juledisuod ANN313uod ou YHMm Aj1dalip sauniea) Dd ay3 Jo (M) Sulialsnid suesw-y (¢) pue ‘Alisuadowoy adedspue| 3ulioudi a[iym wnnuiuod
A3In31uod swes jeyy 3uoje (DS) SulRIsN|d [ea323ads (Z) (9T ‘8 ‘v ‘T = Q) Julea3suod Ajngipuod syl SulAueA Aq pajeald AjNSiuod JO wnnuijuod e 3uoje (GTOZ “|e 19 uena DSS) 3ulaisn|d |eaydads
paulelisuod Ajjerreds (T) Yylm apew a1am suoi3ay ‘(San|eA ueaw) sdislaloeleyd a3e| 0M) J0) (9SS AMSS) suoidal usamiaq pue ulyim sasenbs Jo wins ayj Jo oljed 3yl pue (AMSS) SUoi3al Ulyim 1o
saJenbs Jo wng (g) ‘sadedaspue| Jajemysal) pue d1jewl|d ‘|el3sallsl ay) Suizisioeleyd sajqeLieA |eljedsoad gg 3uisn pajeaud suoi3au [ed130|029 J0J (9SS AASS) SuoiSaa usamiaq pue ulyyim sasenbs
JO WNS 3y JO 0l1eJ 3Y] pue (% ul painseaw “JA19d) du3aw ANndi3uod jerreds ayy (AASS) SUOISaU UIYIIM J0LIS SaJenbs Jo wng () "suoi3aJ [e2130]029 93eatd 03 SulI9ISN|D JO SOUBN ¢ 319V L



CHERUVELIL ET AL.

3054 WI LEY—ECOlOgy and Evolution

Climate, precipitation - . .-
Climate, temperature- =
Hydrology, baseflow -
Hydrology, groundwater - |
Hydrology, runoff- | I
Lakes, % open water area-
Wetlands, % woody area-
Wetlands, % emergent area-
Lakes, % total area -
Lakes, % headwater area-
Lakes, % drainage area-
Lakes, % drainage upstream lake area-
Lakes, % total area }4—10 ha]f
Lakes, % total area (> 10 ha
Streams, total density -
Streams, headwater density -
Streams, mid-reach density -
Streams, river density -
Wetlands, % total area-
Wetlands, % isolated area-
Wetlands, % single area-

Wetlands, % connected area- Gini
Wetlands, % forested area-
Wetlands, % scrub shrub area-

Wetlands, % open water area-
Land cover, forest, canopy -
Land cover, forest, deciduous -
Land cover, forest, evergreen-
Land cover, forest, mixed-
Land cover, scrub shrub-

Land cover, grassland-
Geology, alluvial -

Geology, beach-

Geology, colluvium-

Geology, decomposition residuum-
Geolo?y, eolian-

Geology, glaciofluvial outwash -
Geology, ice-

Geology, lacustrine -

Geology, lacustrine clay -
Geology, marine-

Geology, peat marsh-
Geology, saprolite-

Geolo?y. solifluction deposits -
Geology, solution residuum-
Geology, till clay -

Geology, till loam -

Geology, till other-

Geology, till sand -

Geology, glaciation-
Topography, terrain ruggedness -

l
W © © W o I+ < —
S < T w owmowowonwon
Lo

= = O O O O O
288287309
» 2]

Clustering method (contiguity constraint)

region contiguity, the PctML metric that evaluated contiguity ranged
from 12% (at & = 16) to 90% (at & = 1) (Table 2A). These values were
intermediate between those for regions created with only the conti-
guity constraint (e.g., constructed with no consideration of landscape
homogeneity) and those created with k-means, with no consideration
of contiguity (Table 2A).

The goal when creating regions is to create contiguous regions that
are homogeneous (i.e., that minimize the heterogeneity within regions;
SSW). At one end of the spectrum, clustering while ignoring contiguity
created regions with the lowest SSW (Table 2A), thus confirming that
the best way to create clusters of homogeneous geospatial features
is to not impose a contiguity constraint. At the other end of the spec-
trum, clustering with the strictest level of contiguity (5 = 1) created
regions that were completely contiguous but had high SSW, whether
or not a landscape homogeneity constraint was included (Table 2A). In
the middle of the contiguity spectrum (& = 16, 8, 4), regions that con-
sidered landscape homogeneity had lower within-region heterogene-
ity (SSW) than did those created using only the contiguity constraint.

When considering the cluster performance metrics across the
ecological regions created using SSC, the relative amount of variation
within regions decreased as contiguity decreased (SSW:SSB decreased
as & increased; Table 2A). The variation within regions was higher than

among regions at 8 =1 and a & = 16 resulted in very noncontiguous

FIGURE 5 Random forest importance scores heat map
for each of the 52 geospatial features and the nine sets
of ecological regions created. Values are mean decreases
in the Gini impurity criterion, with higher values (darker
shading) indicating higher variable importance in the
random forest. Regions were made with (1) k-means
clustering (K) of the PCA features directly with no
contiguity constraint, (2) spatially constrained spectral
clustering (SSC; Yuan et al., 2015) along a continuum of
contiguity created by varying the contiguity constraint
(8=1, 4,8, 16), and (3) with spectral clustering (SC) along
that same contiguity continuum while ignoring landscape
homogeneity

regions (PctML = 12% Table 2A; Figure 4d) that are likely not useful
for many science and management applications. Therefore, a moder-
ate level of contiguity (8 = 4, 8) appears to best accommodate these
two desirable traits of ecological regions for this study extent and
number of regions, resulting in, respectively, 95 and 88 of the 100
regions being completely contiguous. Shapefiles of the ecological re-
gions created with 6 = 4 and 8 and the R code to reproduce these eco-
logical regions or to modify them for other uses is available in a data
repository and on GitHub (Cheruvelil et al., 2016; https:/github.com/

cont-limno/SpectralClustering4Regions), respectively.

3.2 | Determining terrestrial, climatic, and
freshwater drivers of ecological regions

The geospatial features associated with the ecological regions were
largely consistent across the nine sets of 100 ecological regions, as
determined by random forest analysis. Geospatial variables from all
three themes (i.e., terrestrial, climatic, and freshwater) were important
in creating regions for all nine sets of 100 ecological regions across
our study extent (Figure 5, Appendix S3). Those variables associated
with broad-scale spatial patterns and gradients, such as precipitation
and hydrology, were most strongly associated with regions that had
stricter contiguity constraints (8 = 1, 4, 8; dark shading in Figure 5),
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whereas variables with fine-scale spatial patterns, such as geology,
were most strongly associated with regions created using weak or ab-
sent contiguity constraints (5 = 16 or k-means, respectively; little to no
shading in Figure 5). Note that when contiguity was strictest (5 = 1),
random forest results were extremely similar regardless of whether
landscape features were included (SSC) or not (random) because there
are a limited number of ways to cluster the HU-12s when contiguity
is strict. Measures of the freshwater and terrestrial landscapes, such
as wetland and stream density; land cover; surficial geology of type till
loam; and terrain ruggedness were also frequently important for cre-
ating regions (Figure 5, Appendix S3). The fact that a combination of
terrestrial, climatic, and freshwater landscape features created these
ecological regions demonstrates the importance of considering a wide

suite of geospatial variables in such efforts.

3.3 | Testing the ability of ecological regions to
capture regional variation

We examined how much of the total variation in lake phosphorus
and lake water clarity was attributable to the regional scale and how
that changed depending upon whether the clustering method consid-
ered landscape homogeneity and the strictness of region contiguity
(6=1, 4, 8, 16). Results were similar for the two lake characteristics
(Table 2B). Interestingly, generating multithemed ecological regions
that minimize SSW for geospatial variables (k-means clusters) did not
translate to minimizing SSW or SSW:SSB for lake phosphorus and
water clarity in the northeastern U.S. In fact, the lowest SSW:SSB was
for the ecological regions created with constrained spectral clustering
and moderate levels of contiguity (5 = 4 or 8; Table 2B). These ecolog-
ical regions captured approximately 40% of the variation in these two
ecosystem characteristics. These results demonstrate the importance
of testing assumptions that underlie region delineation before using
them to capture macroscale spatial variation in ecosystem properties

and relationships.

4 | DISCUSSION

This paper describes a test of a novel approach to create ecological re-
gions that balance geospatial homogeneity and region contiguity, two
important characteristics of ecological regions. We applied this objective
method to a wide range of terrestrial, climatic, and freshwater character-
istics that comprise the geographically diverse and expansive landscape
setting influencing ecosystems and tested its ability to capture regional
variation in lake characteristics. We found that a combination of ter-
restrial, climatic, and freshwater geospatial features influenced region
creation. This result suggests that the oft-ignored freshwater landscape
provides novel information on landscape variability that is not captured
by traditionally used climate and terrestrial metrics and reinforces the
importance of considering multiple landscape themes and a wide suite
of geospatial variables when creating ecological regions. We also found
that the delineated regions captured macroscale heterogeneity in two
important ecosystem characteristics that were not included in region
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delineation. Approximately 40% of the total among-lake variation in
total phosphorus and water clarity was captured by the regional scale.
Further, these regions captured more regional heterogeneity than did
regions created without a contiguity constraint. Our results have several
implications for the development and integration of robust ecological
regions for effective macrosystems research.

4.1 | Creating ecological regions

When creating ecological regions in the past, it proved challenging
to objectively determine the number of regions to create for a study
extent. Statistics and computer science approaches provide ways to
do so (Jain & Dubes, 1988; Rousseuw, 1987; Sugar & James, 2003;
Tibshirani, Walther, & Hastie, 2001), but they are mostly designed for
unconstrained clustering algorithms. In this work, we present a new
method that included information about the relative performance of
spatially constrained spectral clustering as compared to completely
random clustering (i.e., not considering landscape homogeneity or re-
gion contiguity). Our empirical results identified a range of optimal
regions, falling between 80 and 110. These results highlight that,
although regions themselves were generated using objective, data-
driven algorithms, there may be no completely objective way to de-
termine the number of regions. Therefore, the open source code that
we provide has the flexibility to create any number of regions to best
meet future users’ research or management needs.

Although region contiguity is desirable, most objective clustering
algorithms optimize landscape homogeneity over contiguity (Duque
et al., 2007; Olden et al., 2012). Creating ecological regions in three
ways allowed us to contrast regions that considered landscape ho-
mogeneity only (no contiguity constraint; k-means clustering of PCA
factors), those that included a constraint for region contiguity only
(no consideration of landscape homogeneity; spectral clustering),
and those that considered both desirable region features (spatially
constrained spectral clustering, SSC; Yuan et al., 2015). Our results
indicated a large trade-off between maximizing either landscape ho-
mogeneity using k-means clustering or maximizing region contiguity
using a strict level of contiguity (5 = 1) and no landscape homogeneity
constraint. However, we found that moderate levels of region contigu-
ity (5 = 4, 8) balanced these two important characteristics of ecologi-
cal regions and resulted in very few noncontiguous regions (5 and 12,
respectively). Therefore, we suggest that a moderate level of region
contiguity may be most useful for applications that desire region con-
tiguity while maintaining within-region homogeneity. Future users can
test additional contiguity constraints (e.g., 8 = 5, 6, 7) and specify the

level of contiguity that best fits their needs.

4.2 | Determining terrestrial, climatic, and
freshwater drivers of ecological regions

Most existing ecological regions were based on the few terrestrial
and climatic characteristics that were quantified and available across
continental or global extents. Increased data availability allowed
us to create regions using data derived from many high-resolution,
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continental-scale datasets that spanned terrestrial, atmospheric, and
freshwater themes. We found that all three themes played a role in
creating ecological regions across our study extent. Even measures
of the oft-ignored freshwater landscape, such as wetland and stream
density (Soranno et al., 2015), played a role in creating regions. Thus,
considering measures of the freshwater landscape when creating
ecological regions may be important for macroscale studies, espe-
cially those focused on freshwaters or biota that rely on freshwaters.
Geospatial variables also have different spatial structures (Fortin &
Dale, 2005); therefore, we might expect different geospatial variables
to drive region creation depending on the size of the spatial extent. For
example, we found that two variables that operate on broad-scales,
precipitation and hydrology, were important for creating regions for
our spatial extent. These two variables may not be as important for a
smaller geographic area, such as an individual state.

We created ecological regions with only natural geospatial vari-
ables. Many of the variables that created our ecological regions have
been included in past regionalization efforts (e.g., land cover, surfi-
cial geology, terrain ruggedness; Cheruvelil et al., 2013). Some ex-
isting ecological regions include anthropogenically driven variables
(e.g., Omernik, 1987; USDA 2006). However, many questions and
applications using ecological regions explicitly examine the effects
of anthropogenic activities on ecosystems. Therefore, we did not
include anthropogenically driven variables, such as land use, atmo-
spheric deposition, and road density when creating ecological regions.
Because anthropogenic drivers strongly affect in-lake characteristics,
we may have found higher among-region variation in lake nutrients
and clarity had we included these drivers when creating ecological
regions. However, natural ecological regions can facilitate better un-
derstanding of the effects of anthropogenic drivers, each with its own
spatial structure, on ecosystem properties and relationships. For ex-
ample, these drivers can be added to empirical models that include
the natural ecological regions to determine how much of the local and
regional variation among lakes is explained by individual human dis-
turbances. Finally, many of the natural geospatial variables, such as
precipitation and hydrology, are dynamic and highly affected by global
climate change and land use intensification. Therefore, we provide
freely available and easily accessible code and documentation for this
clustering approach to create ecological regions so that users can in-
clude anthropogenic variables when custom-making their ecological
regions if it meets their research goals, as well as to remake regions
with new data as it becomes available.

4.3 | Testing the ability of ecological regions to
capture regional variation

When including ecological regions in their work, users do so under the
assumption that the response variable or relationship of interest will
be more similar within regions than among regions, just as the geospa-
tial variables used to create the regions were. Our results generally
support this idea. Ecological regions with a moderate level of contigu-
ity better-grouped similar northeastern and midwest U.S. lakes than
did regions created by clustering without a contiguity constraint, with

regions accounting for approximately 40% of the total variation in
lake total phosphorus and water clarity. This amount of among-region
variance is intermediate to that found by previous studies using dif-
ferent ecological regions and study extents (Cheruvelil et al., 2008,
2013) and is logical for two reasons. First, there are many fine-scale
features (e.g., lake depth) that are known to be important drivers of
within-lake processes that influence nutrients and clarity. Second, we
did not a priori select a subset of geospatial features known to influ-
ence lake characteristics for creating regions (i.e., we did not develop a
customized regionalization framework based on our question). Future
research to better identify the role of different landscape drivers in
creating regions that capture macroscale variation could include a
wider suite of ecosystem types, response variables, geographic study
areas, and study extents. For example, as stream and wetland vari-
ables were important for creating these ecological regions, it would be
interesting to test whether a larger proportion of variation would be
at the among-region scale for stream or wetland response variables.

5 | CONCLUSIONS

Our ecological regions captured macroscale variation in lake nutrients
and water clarity, providing evidence of their usefulness for macro-
scale science and management. Although new data and methods for
creating ecological regions exist, relatively recent attempts at creat-
ing such ecological regions have not yet been widely adopted (e.g.,
Hargrove & Hoffman, 2004; Higgins, Bryer, Khoury, & Fitzhugh, 2005;
Keller, Schimel, Hargrove, & Hoffman, 2008). One reason for this fact
may be the difficulty in changing broad-scale monitoring and assess-
ment efforts that have been institutionalized (i.e., setting nutrient cri-
teria in the U.S.; U.S. EPA 1998) and the difficulty that such changes
could present for long-term comparisons. Additionally, some newer
methods for creating regions were not developed by ecologists, mak-
ing novel methods difficult for ecologists and managers to find and
apply. For example, methodologies for creating regions can be found
published in computer science or geography venues and as part of
proprietary software (e.g., Hargrove & Hoffman, 1999; Kupfer & Gao,
2012; Stepinski et al., 2015), and code to reproduce or customize
those regions are often nonexistent or difficult to find.

To further progress macrosystems ecology research, we pro-
vide ecologists with an objective, reproducible, and flexible method
for creating ecological regions that will meet a variety of user
needs and are freely available (https:/github.com/cont-limno/
SpectralClustering4Regions). Importantly, almost any spatial data
could be used to create regions this way, and as new geophysical data
underlying region delineation become available, the method can be
rerun to create new regions. Finally, future users can create different
numbers/sizes of regions; use a subset of themes or add an anthropo-
genic theme; use different combinations of geospatial variables; create
regions for a different spatial extent (e.g., state, nation, and continent);
use different levels of region contiguity; or use regions for captur-
ing broad-scale variation among different ecosystems or in response
to stressors. Such work should facilitate regional-continental scale
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understanding of macroscale patterns and processes and predictions

of future responses to global change.

ACKNOWLEDGMENTS

We thank Nicole Smith, Ed Bissell, and Scott Stopyak for their efforts
with the LAGOS-NE database design, population, and management;
Nick Skaff for his help with LAGOS-NE ., QAQC and efforts with the
wetland connectivity metrics; Farzan Masrourshalmani for transfer-
ring the MatlLab code (created by SY) to R and drafting documenta-
tion; and Joseph Stachelek for assistance cleaning up the code and
posting it to GitHub. We thank the entire CSI Limnology team for their
support and input along the way. Financial support was provided by
the National Science Foundation Macrosystems Biology Program in
the Emerging Frontiers Division of the Biological Sciences Directorate
(EF-1065786, EF-1065649, and EF-1065818) and the USDA National
Institute of Food and Agriculture, Hatch project 176820. SMC was
supported by an NSF Postdoctoral Research Fellowship in Biology
(DBI-1401954). Any use of trade, firm, or product names is for de-
scriptive purposes only and does not imply endorsement by the U.S.

Government.

CONFLICT OF INTEREST

None declared.

DATA ACCESSIBILITY

We make our data and metadata freely available through the LTER
Data Portal (Cheruvelil et al., 2016). Ecological region shapefiles and
the R scripts for the constrained spectral clustering algorithm are
freely available via a data repository and GitHub (Cheruvelil et al.,
2016;
respectively.

https:/github.com/cont-limno/SpectralClustering4Regions),

AUTHOR CONTRIBUTIONS

The paper was conceived of and outlined at a January 2014 project
meeting that all authors attended, except SMC and JFL. Many of the
analyses were conducted during a February 2015 working group of
all authors except CTF. All coauthors contributed refinements to the
focus of the paper between the two workshops and after the sec-
ond workshop, performed critical reviews of the manuscript prior to
submission, and reviewed and edited the final manuscript. KSC co-
ordinated the writing and revision of the manuscript and wrote the
introduction, results, and discussion. SY and PNT conducted all of the
computer science analyses (constrained spectral clustering in MatLab)
and wrote those methods. SMC, CES, CEF, and KEW conducted the
random forest analyses, wrote those methods, and made the heat
map figures. ENH, JFL, and CEF conducted descriptive statistics and
made the associated tables. KEW made the maps. The QAQC meth-
ods development and analysis on LAGOS-NE ¢ were led by CES,
SMC, and CEF. The conceptual foundation for measuring freshwater

Fcology and Evolution o 3057
& WILEY- %

connectivity was led by CEF. The process of converting the ecological
regions code into R and documenting that code was aided by KSC, SY,
KEW, PNT, and CTF.

REFERENCES

Abell, R. A, Thieme, M. L., Revenga, C., Bryer, M., Kottelat, M., Bogutskaya,
N., ... Petry, P. P. (2008). Freshwater ecoregions of the world: A new
map of biogeographic units for freshwater biodiversity conservation.
BioScience, 58, 403-414.

Bailey, R. G., Avers, P. E., King, T., & McNab, W. H. (1994). Ecoregions and
subregions of the United States (map; scale 1:7,500,000) (supplementary
table of map unit descriptions compiled and edited by McNab WH, Bailey
RG). Washington, DC: United States Department of Agriculture Forest
Service.

Bell, G., Lechowicz, M. J., Appenzeller, A., Chandler, M., DeBlois, E., Jackson,
L., ... Tinker, N. (1993). The spatial structure of the physical environ-
ment. Oecologia, 96, 114-121.

Breiman, L., Friedman, J., Stone, C. J., & Olshen, R. A. (1984). Classification
and regression trees. New York, USA: Chapman & Hall.

Buhmann, M. D. (2003). Radial basis functions: Theory and implementations.
Cambridge, UK: Cambridge University Press.

Cheruvelil, K. S., Soranno, P. A., Bremigan, M. T., Wagner, T., & Martin,
S. L. (2008). Grouping lakes for water quality assessment and moni-
toring: The roles of regionalization and spatial scale. Environmental
Management, 41, 425-440.

Cheruvelil, K. S., Soranno, P. A., Webster, K. E., & Bremigan, M. T. (2013). The
multi-scaled drivers of ecosystem state: Quantifying the importance of
the regional spatial scale. Ecological Applications, 23, 1603-1618.

Cheruvelil, K., Yuan, S., Webster, K., Tan, P.-N., Lapierre, J.-F,, Collins, S., ...
Filstrup, C. (2016). Data for and ecological regions from: Creating multi-
themed ecological regions for macroscale ecology: Testing a flexible,
repeatable, and accessible clustering method. Long Term Ecological
Research Network Data Repository. Retrieved from https:/doi.
org/10.6073/pasta/1532a9a0c023fa50a912021291c8fc1f, Dataset
accessed on 1/3/2017.

Christian, C. S. (1958). The concept of land units and land systems.
Proceedings of the Ninth Pacific Science Congress, 20, 74-81.

Cutler, D. R., Edwards, T. C., Beard, K. H., Cutler, A., & Hess, K. T. (2007).
Random forests for classification in ecology. Ecology, 88, 2783-2792.

Duque, J. C., Ramos, R., & Suriach, J. (2007). Supervised regionalization
methods: A survey. International Regional Science Review, 30, 195-220.

Fergus, C. E., Cheruvelil, K. S., Soranno, P. A., & Bremigan, M. T. (2011).
Multi-scale landscape and wetland drivers of lake total phosphorus and
water color. Limnology & Oceanography, 56, 2127-2146.

Filstrup, C. T., Wagner, T., Soranno, P. A, Stanley, E. H., Stow, C. A,
Webster, K. E., & Downing, J. A. (2014). Regional variability among
nonlinear chlorophyll-phosphorus relationships in lakes. Limnology and
Oceanography, 59, 1691-1703.

Fortin, M.-J., & Dale, M. R. T. (2005). Spatial analysis: A guide for ecologists.
Cambridge, UK: Cambridge University Press.

Hargrove, W. W., & Hoffman, F. M. (1999). Using multivariate clustering
to characterize ecoregion borders. Computers in Science & Engineering,
1,18-25.

Hargrove, W. W., & Hoffman, F. M. (2004). Potential of multivariate
quantitative methods for delineation and visualization of ecoregions.
Environmental Management, 34, S39-S60.

Heffernan, J. B., Soranno, P. A., Angilletta, M. J., Buckley, L. B., Gruner,
D. S., Keitt, T. H., ... Weathers, K. C. (2014). Macrosystems ecology:
Understanding ecological patterns and processes at continental scales.
Frontiers in Ecology and the Environment, 12, 5-14.

Higgins, J. V., Bryer, M. T., Khoury, M. L., & Fitzhugh, T. W. (2005). A fresh-
water classification approach for biodiversity conservation planning.
Conservation Biology, 19, 432-445.


https://github.com/cont-limno/SpectralClustering4Regions
https://doi.org/10.6073/pasta/1532a9a0c023fa50a912021291c8fc1f
https://doi.org/10.6073/pasta/1532a9a0c023fa50a912021291c8fc1f

CHERUVELIL ET AL.

3058 WI LEY—ECOlOgy and Evolution

Open Access,

lannone, B. V. lll, Potter, K. M., Dixon Hamil, K.-A., Huang, W., Zhang, H.,
Guo, Q,, ... Fei, S. (2015). Evidence of biotic resistance to invasions in
forests of the Eastern USA. Landscape Ecology, 31, 85-99.

Jain, A. K., & Dubes, R. C. (1988). Algorithms for clustering data, Englewood
Cliffs, NJ: Prentice-Hall.

Jenerette, G. D, Lee, J., Waller, D. W., & Carlson, R. E. (2002). Multivariate
analysis of the ecoregion delineation for aquatic systems. Environmental
Management, 29, 67-75.

Keller, M., Schimel, D. S., Hargrove, W. W., & Hoffman, F. M. (2008). A
continental strategy for the National Ecological Observation Network.
Frontiers in Ecology and the Environment, 6, 282-284.

Klijn, F., De Waal, R. W., & Oude Voshaar, J. H. (1995). Ecoregions and
ecodistricts: Ecological regionalizations for The Netherlands’ environ-
mental policy. Environmental Management, 19, 797-813.

Kupfer, J. A., & Gao, P. (2012). Regionalization of forest pattern metrics for
the continental United States using contiguity constrained clustering
and partitioning. Ecological Informatics, 9, 11-18.

Liaw, A., & Wiener, M. (2002). Classification and regression by randomFor-
est. R News, 2/3, 18-22.

Lottig, N. R., Wagner, T., Norton Henry, E., Cheruvelil, K. S., Webster, K. E.,
Downing, J. A., & Stow, C. A. (2014). Long-term citizen-collected data
reveal geographical patterns and temporal trends in lake water clarity.
PLosONE, 9, €95769. doi:10.1371/journal.pone.0095769

Loveland, T. R, & Merchant, J. M. (2004). Ecoregions and ecoregion-
alization: Geographical and ecological perspectives. Environmental
Management, 34, S1-S13.

von Luxburg, U. (2007). A tutorial on spectral clustering. Statistics and
Computing, 17, 395-416.

Marshall, I. B., Smith, C. S., & Selby, C. J. (1987). A national framework for
monitoring and reporting on environmental sustainability in Canada.
Environmental Monitoring and Assessment, 39, 25-38.

McMahon, G., Gregonis, S., Waltman, S., Omernik, J. M., Thorson, T.,
Freeouf, J., ... Keyes, J. (2001). Developing a spatial framework of
common ecological regions for the conterminous United States.
Environmental Management, 28, 293-316.

McMahon, G., Wiken, E. B., & Gauthier, D. A. (2004). Toward a scientifically
rigorous basis for developing mapped ecological regions. Environmental
Management, 34, S111-S124.

Nguyen, X. V., Epps, J., & Bailey, J. (2010). Information theoretic mea-
sures for clusterings comparison: Variants, properties, normalization
and correction for chance. Journal of Machine Learning Research, 11,
2837-2854.

Olden, J. D., Kennard, M. J., & Pusey, B. J. (2012). A framework for hydro-
logic classification with a review of methodologies and applications in
ecohydrology. Ecohydrology, 5, 503-518.

Omernik, J. M. (1987). Ecoregions of the conterminous United States.
Annals of the Association of American Geographers, 77, 118-125.

Reyer, C. P. O., Brouwers, N., Rammig, A., Brook, B. W., Epila, J., Grant, R. F.,,
... Villela, D. M. (2015). Forest resilience and tipping points at different
spatio-temporal scales: Approaches and challenges. Journal of Ecology,
103, 5-15.

Rousseuw, P. J. (1987). Silhouettes: A graphical aid to the interpretation and
validation of cluster analysis. Computational and Applied Mathematics,
20, 53-65.

Seaber, P. R., Kapinos, F. P., & Knapp, G. L. (1987). Hydrologic unit map.
Reston, VA, USA: United States Geological Survey.

Seelbach, P. W., Wiley, M. J., Baker, M. E., & Wehrly, K. E. (2006). Initial clas-
sification of river valley segments across Michigan’s Lower Peninsula. In
R. M. Hughes, L. Wang & P. W. Seelbach (Eds.), Landscape influences on

stream habitats and biological assemblages (pp. 25-48). Symposium 48.
Bethesda, MD, USA: American Fisheries Society.

Sobek, S., Tranvik, L. J., Prairie, Y. T., Kortelainen, P., & Cole, J. J. (2007).
Patterns and regulation of dissolved organic carbon: An analysis of 7,500
widely distributed lakes. Limnology & Oceanography, 52, 1208-1219.

Soranno, P. A, Bissell, E. G., Cheruvelil, K. S., Christel, S. T., Collins, S. M,
Fergus, C. E., ... Webster, K. E. (2015). Building a multi-scaled geospa-
tial temporal ecology database from disparate data sources: Fostering
open science and data reuse. GigaScience, 4, 28. doi:10.1186/
s13742-015-0067-4

Stepinski, T. F., Niesterowicz, J., & Jasiewicz, J. (2015). Pattern-based region-
alization of large geospatial datasets using complex object-based image
analysis. Proceedings of the International Conference on Computational
Science (ICCS), Reykjavik, Iceland, June 1-3, 2015. doi: 10.1016/j.
procs.2015.05.491

Sugar, C. A, & James, G. M. (2003). Finding the number of clusters in a
data set: An information theoretic approach. Journal of the American
Statistical Association, 98, 750-763.

Tan, P.-N., Steinbach, M., & Kumar, V. (2005). Introduction to data mining.
Boston, USA: Addison-Wesley Longman Publishing Co., Inc.

Thompson, R. S., Shafer, S. L., Anderson, K. H., Strickland, L. E., Pelltier,
R. T, Bartlein, P. J., & Kerwin, M. W. (2005). Topographic, bioclimatic,
and vegetation characteristics of three ecoregion classification sys-
tems in North America: Comparisons along continent-wide transects.
Environmental Management, 34, S125-5148.

Tibshirani, R., Walther, G., & Hastie, T. (2001). Estimating the number of
clusters in a data set via the gap statistic. Journal of the Royal Statistical
Society Series B, 63, 411-423.

U.S. EPA (1998). National strategy for the development of regional nutrient
criteria. U.S. Environmental Protection Agency, Office of Water. EPA
822-R-98-002.

USDA (2006). Land resource regions and major land resource areas of the
United States, the Caribbean, and Pacific Basin. Handbook 296. Retrieved
from http:/www.nrcs.usda.gov/Internet/FSE_  DOCUMENTS/nrcsl
43_018672.pdf.

Whittaker, R. H. (1956). Vegetation of the Great Smokey Mountains.
Ecological Monographs, 26, 1-80.

Yuan, S., Tan, P.-N., Cheruvelil, K. S., Collins, S. M., & Soranno, P. A. (2015).
Constrained spectral clustering for regionalization: Exploring the trade-
off between spatial contiguity and landscape homogeneity. Proceedings
of the IEEE International Conference on Data Science and Advanced
Analytics (DSAA), Paris, France, October 19-21, 2015. doi: 10.1109/
DSAA.2015.7344878

SUPPORTING INFORMATION

Additional Supporting Information may be found online in the sup-
porting information tab for this article.

How to cite this article: Cheruvelil KS, Yuan S, Webster KE,
et al. Creating multithemed ecological regions for macroscale
ecology: Testing a flexible, repeatable, and accessible
clustering method. Ecol Evol. 2017;7:3046-3058.
https://doi.org10.1002/ece3.2884


https://doi.org/10.1371/journal.pone.0095769
https://doi.org/10.1186/s13742-015-0067-4
https://doi.org/10.1186/s13742-015-0067-4
https://doi.org/10.1016/j.procs.2015.05.491
https://doi.org/10.1016/j.procs.2015.05.491
http://www.nrcs.usda.gov/Internet/FSE_
https://doi.org/10.1109/DSAA.2015.7344878
https://doi.org/10.1109/DSAA.2015.7344878
https://doi.org10.1002/ece3.2884

