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Abstract.—Scale influences the detection of relationships between landscape 
alterations and stream fishes and therefore has strong implications for conserva-
tion planning and implementation. This is especially true in riverscapes because 
terrestrial landscapes drain into riverscapes in a manner that can be measured at 
multiple scales. Two commonly employed scales in riverscape ecology and con-
servation include local catchment (i.e., the area of land draining directly into a 
segment of stream between two confluences) and network catchment (i.e., the 
total area of upstream land). We used a multispecies extension of species distri-
bution modeling (i.e., gradient forest) to describe relationships between land-
scape alterations (measured at local catchment and network catchment scales) 
and stream fish occurrence patterns in portions of the Mississippi and Tennessee 
River basins in western Tennessee, USA. Landscape alterations included seven 
urban or agricultural classes, and densities of roads, road crossings, dams, hu-
man population, mines, and confined animal-feeding operations. At the network 
catchment scale, the most influential landscape alterations affecting fish distribu-
tions were cultivated crops and pasture/hay land uses, but at the local catchment 
scale, open-space development, human population density, and road density 
were most important for describing multispecies fish distributions. Despite these 
differences, gradient forest model performance measured as explained variation 
at the species level was consistent between local catchment and network catch-
ment scales. Furthermore, when predictions for unsampled stream segments 
were mapped across the region, both scales produced consistent patterns in fish 
assemblages affected by low, medium, and high development or cultivated crops. 
Our results provide direction to conservation practitioners by identifying regions 
where limited resources might be allocated to increase efficiencies within two 
highly altered and taxonomically diverse riverscapes. The framework described 
here provides a case study for application of new statistical innovations to address 
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conservation challenges and can be used in other landscapes and riverscapes to 
identify locations where management efforts might be best allocated.

Introduction
Determining the appropriate scale(s) for eco-
logical assessment and application of conser-
vation initiatives is often a challenge (Levin 
1992; Boyd et al. 2008). Scale encompasses 
the grain and extent of observation, where 
grain represents the smallest spatial or tem-
poral resolution and is generally the observa-
tional unit and extent represents the spatial 
dimension or time period over which all ob-
servations are made (Wiens 1989). The defi-
nitions of these components of scale strongly 
influence detection of linkages between en-
vironmental variables and fish occurrence, 
abundance, or community composition (Al-
lan et al. 1997; Angermeier and Winston 
1998; Kunin 1998; Lammert and Allan 1999). 
For example, Labbe and Fausch (2000) found 
that occurrence, population growth rate, 
and individual growth rate for a single spe-
cies were each regulated by environmental 
variables measured at unique spatial scales. 
Other authors have identified similar scale-
dependent regulators of fish populations and 
assemblages across a range of biomes (Jack-
son et al. 2001; Chick et al. 2004; Kennard et 
al. 2007). Consequently, scale has emerged as 
a focal research area for promoting the con-
servation of fishes (Fausch et al. 2002; Fagan 
et al. 2005; Gido et al. 2006). Despite previous 
advances in the application of scale theory 
in fish conservation (see overview by Fausch 
2010), additional research is required to de-
termine the most appropriate spatial scales 
for developing preservation or restoration 
plans for increasingly threated freshwater 
fauna (Rivers-Moore et al. 2011; Stendera et 
al. 2012; Erős 2017).

In lotic ecosystems, applied principles of 
landscape ecology allow for addressing the 
issue of scale in fish conservation (Frissell 

et al. 1986; Ward 1998; Wiens 2002). Fausch 
et al. (2002) reviewed the application of hi-
erarchy theory in riverscapes as a means of 
connecting basic research on scaling with ap-
plied research focused on stream fish conser-
vation. Because riverscapes drain terrestrial 
landscapes, riverscapes are linked to land-
scapes through processes mediated by hydro-
logic connectivity (Pringle 2003; Allan 2004; 
Burcher et al. 2007). Given these linkages, al-
terations to land use that result in land-cover 
transformation degrade ecological integrity 
and affect the abundance and distribution of 
fishes (Wang et al. 1997; Wenger et al. 2008). 
Terrestrial land-cover alterations, such as 
transformation from natural forest or prairie 
to urban or agricultural land uses, are among 
the most widely studied (Wang et al. 2001; 
Blann et al. 2009); however, these are not the 
only landscape factors affecting stream fish-
es. Multiple landscape alterations, including 
roadways and railways, roadway and railway 
crossings, confined animal feeding opera-
tions (CAFOs), mining runoff, human popu-
lation density, and large and small dams, are 
all known to influence stream fishes (Fore et 
al. 2014; Perkin et al. 2016; Wellemeyer et al. 
2018). The capacity of mangers to address 
the ecological consequences associated with 
these landscape alterations is scale-depen-
dent. Near-term and local-scale actions such 
as riparian planting, streambank stabilization, 
channel redesign, fish passage improvement, 
and small dam removal are most appropri-
ate when fishes are responsive to fine-scale 
alterations not affecting entire basins (Kwak 
and Freeman 2010). Alternatively, long-term 
and large-scale habitat management actions 
such as natural flow regime mimicry or co-
ordinated uses of cover crops to reduce soil 
erosion might be necessary to address land-
scape alterations associated with fish respons-
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es at basin scales (Kwak and Freeman 2010; 
Strayer and Dudgeon 2010). A growing body 
of research has identified local and network 
catchments as relevant scales for assessing 
landscape–riverscape interactions, where lo-
cal catchment describes the area draining im-
mediately into a stream segment and network 
catchment describes the total upstream area 
draining to a point (Hill et al. 2017; Figure 
1). Previous works have demonstrated that 
landscape alterations can correlate stron-
gest with ecological change in streams at lo-
cal scales (Wang et al. 2001, 2003), network 
catchment scales (Roth et al. 1996; Gido et al. 
2006), or, in some cases, both scales (Hoeing-
haus et al. 2007; Macedo et al. 2014; Leal et 

al. 2016). Development of management plans 
aimed at conservation of stream fishes there-
fore require assessing linkages between land-
scape alterations and fish ecological integrity 
at multiple spatial scales, chiefly local catch-
ment and network catchment scales (Closs et 
al. 2015; Jeffrey et al. 2015; Erős et al. 2018).

A further scale-related challenge in fresh-
water fish conservation involves the level of 
organizational complexity used in ecological 
assessment. Levin (1992) discussed the differ-
ential perspectives that come with studying 
organisms at the levels of individuals, popu-
lations, species, assemblages, communities, 
or ecosystems. Conservation programs have 
traditionally focused on groups of individuals 

Figure 1.  Conceptual diagram illustrating the spatial scales investigated in this study. 
Fish sampling sites (white circle) were located on stream segments defined as intercon-
fluence sections of stream (blue lines; flow continues in direction of arrow). Each stream 
segment drains a local catchment (dark gray shading) as well as multiple upstream local 
catchments (dashed gray lines show outlines) that together are a network catchment 
(black outline).
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within a single population or perhaps multi-
ple populations of a single species (Soulé and 
Wilcox 1980). This focal level provides con-
venience in terms of targeted sampling and 
development of specified and complex mod-
els while operating at the level where most 
change in conservation status is measured 
(i.e., population decline or extirpation; Olden 
2003). Conservation listings typically include 
species identity and sometimes specific pop-
ulation identities to create species-specific 
management plans, and this approach has 
been successful in preserving populations 
(Simberloff 1998). However, more recent ad-
vances in conservation biology advocate mul-
tispecies approaches that operate at the level 
of assemblages or communities rather than 
populations (Ferrier and Guisan 2006; Ma-
guire et al. 2016). Assemblage-level models 
(ALMs) of species distributions provide ben-
efits over single-species approaches because 
they allow for simultaneous consideration of 
multiple species, including rare species, and 
assess patterns of co-occurrence that are use-
ful for detecting emergent properties (i.e., pat-
terns not evident in single species approach-
es) in ecological degradation (Nieto-Lugilde 
et al. 2018). Furthermore, ALMs allow for 
identifying the environmental variables most 
pertinent to management by evaluating mul-
tispecies change in occurrence or abundance 
across ecological gradients (Ellis et al. 2012). 
In this context, applications of ALMs effec-
tively scale up traditional population- or spe-
cies-level approaches to assemblage or com-
munity levels (Pitcher et al. 2012). Yet ALMs 
have received relatively little attention in the 
application of biodiversity conservation (Ni-
eto-Lugilde et al. 2018), and this is especially 
true of multiscale applications to benefit fish 
conservation in riverscapes (Leigh and Datry 
2017). Given recent calls for scaling up fish 
conservation to multiple species across entire 
network catchments through establishment 
of protected areas such as native fish conser-

vation areas (Williams et al. 2011; Malone et 
al. 2018), ALMs have potential to contribute 
to emerging conservation initiatives at broad-
ening spatial scales. Currently, additional re-
search is necessary to determine the appro-
priate spatial and organizational complexity 
scales for relating riverscape alterations to 
stream fish species and assemblages as a 
means of informing conservation and man-
agement planning.

The goal of this study was to develop 
multiscale (local catchment and network 
catchment) predictions for stream fish eco-
logical condition measured at two levels (spe-
cies and assemblage) to inform riverscape 
conservation planning. Here, we define as-
semblage as a collection of fishes occurring 
together in space and time and differentiate 
this term from community in that only fishes 
and no other aquatic organisms (e.g., inver-
tebrates, vegetation) are considered (Fauth 
et al. 1996). To accomplish our goal, we de-
veloped three objectives. Our first objective 
was to assemble data for 13 landscape altera-
tions measured at local and network catch-
ment scales for portions of the Mississippi 
and Tennessee basins in western Tennessee, 
USA. These basins are part of a regional fish 
diversity hotspot characterized by a globally 
significant level of biodiversity (Warren et 
al. 2000; Abell et al. 2008). Our second ob-
jective was to assess relationships between 
landscape alterations and the distributions 
of freshwater fishes compiled at species and 
assemblage levels. Our third objective was to 
develop spatially explicit descriptions of the 
multiscale relationships between landscape 
alterations and fish biodiversity as a tool for 
conservation planning across the region. We 
hypothesized that ecological responses to 
landscape alterations would not be uniform 
across the region because of spatial variation 
in landscape alterations. For example, urban 
areas should have a unique suite of alterations 
that affect fishes through pathways that differ 
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from alterations created in agricultural areas 
(Wang et al. 2001; Feist et al. 2018). We also 
hypothesized that the magnitude (i.e., mea-
sured as model R2) of ecological responses as-
sociated with landscape alterations measured 
at the local catchment scale would differ from 
those measured at the network catchment 
scale. This is expected because some land-
scape alterations such as urbanization should 
have stronger localized effects compared to 
landscape alterations such as agriculture that 
generally occur over broader spatial extents 
(Thornbrugh et al. 2018). Tests of these hy-
potheses have direct implications for inform-
ing the locations and scales most appropriate 
for conservation actions aimed at managing 
stream fish ecological integrity.

Methods
Study Area

We assessed landscape alterations and fish 
distributions in the Southeastern Plains and 
Mississippi Valley Loess Plains ecoregions 
of Tennessee, USA (Omernik and Griffith 
2014). The region is bordered by the Missis-
sippi River to the west, the Tennessee River 
to the east, the Mississippi State border to the 
south, and the Kentucky State border to the 
north (Figure 2). The ecoregions are also sep-
arated by the division of the Mississippi and 
Tennessee basins, a bisection that represents a 
strong biogeographic barrier to fishes (Etnier 
and Starnes 1993). Consequently, two subre-
gions were assessed independently: portions 
of the Mississippi and Tennessee basins. Al-
though the northern and southern borders of 
the study area are political (rather than bio-
geographic), all major streams drain either to 
the west (Mississippi basin tributaries) or the 
west and east (Tennessee basin tributaries), 
and therefore most of the local catchments 
and network catchments assessed, were com-
pletely within the study area. Average annual 
air temperatures are 10–22°C, and average an-

nual rainfall is 136.39 cm/year across the re-
gion (Wellemeyer et al. 2018). The dominant 
natural land cover was historically deciduous 
temperate forest, although considerable land-
use transformation has occurred to support 
agriculture and urbanization. Agriculture 
land use dominates landscapes in the Missis-
sippi Valley Loess Plains ecoregion draining 
into the Mississippi basin, including both cul-
tivated crops and hay pastures, whereas forest 
land cover dominates the Southeastern Plains 
ecoregion draining into the Tennessee River 
basin (Homer et al. 2015).

Landscape Data

We collected landscape alteration data for 13 
variables representing the dominant forms of 
alteration for the region and for which reli-
able data were available. Landscape altera-
tions were compiled at local catchment and 
network catchment scales using a geographic 
information system, and the protocol is de-
scribed in detail by Wellemeyer et al. (2018). 
This protocol included defining stream seg-
ments as polylines from the National Hydro-
logic Dataset (NHD; USEPA and USGS 2012) 
across the entire region. The NHD is based on 
a digital elevation model and allows for as-
cribing the local catchment as the area of land 
draining immediately into a polyline and the 
network catchment as all upstream land area 
draining into the same polyline. We used local 
catchment and network catchment polygons 
from the NHD to compile landscape alteration 
data at each scale independently. Landscape al-
terations included proportion of the terrestrial 
landscape covered by cultivated crop (Crop), 
pasture and hay (Hay), or urban development 
(five classes: open, Dev1; low intensity, Dev2; 
medium intensity, Dev3; high intensity, Dev4; 
and impervious cover, Dev5) and density 
(#/km2) of length of paved roads and rail-
roads (Road), roadway and railway crossings 
(Cross), human population (Pop), dams >3 m 
(Dam), mining permits (Mine), and CAFO 
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Figure 2.  Study area map illustrating Tennessee in the southeastern United States, 
stream segments, and fish sampling sites in the Mississippi and Tennessee River basins

permits (CAFO) for local catchments and net-
work catchments (Table 1). All land-cover data 
were obtained from the National Land Cover 
Dataset (Homer et al. 2015), roadway and rail-
way data were obtained from the U.S. Census 
Bureau (2014), human population data were 
obtained from the U.S. Census Bureau (2010), 
dam locations were obtained from the Na-
tional Inventory of Dams (USACE 2013), and 
CAFO and mining permit data were obtained 
from the Tennessee Department of Environ-
mental Conservation (TDEC 2012).

Fish Data

We used fish occurrence data collected by 
the Tennessee Wildlife Resources Agency 
from across the study area during 2000–2015. 
Those data were collected by using a stan-

dardized sampling protocol that consisted 
of sampling 100–200 m of wadeable stream 
(i.e., stream order ≤3; Strahler 1957) in an 
upstream direction using single-pass elec-
trofishing conducted using a single backpack 
electrofisher (100–200 V, direct current) and 
a single netter. This level of sampling effort 
is consistent with recommendations for as-
sessments of ecological condition reported 
elsewhere (Reynolds et al. 2003). Fishes col-
lected during sampling were held until the 
entire site was sampled, at which point spe-
cies were identified and released. Detailed 
methods used to ensure the quality of these 
data are given in Wellemeyer et al. (2018) and 
included retention of only fishes identified 
to species, assignment of fish collections to 
NHD polylines using geographic positioning 
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system coordinates collected during fish sam-
pling, and combining fish occurrence data 
across multiple collections when the same 
site was sampled more than once (Gido et 
al. 2006). We also excluded species that oc-
curred in fewer than five collections. Review 
of the database and exclusions as noted above 
resulted in 72 sites (50 species) from the Mis-
sissippi basin and 89 sites (62 species) from 
the Tennessee basin.

Statistical Analyses

We simultaneously modeled species and as-
semblage levels of organization using four 
gradient forest models built at two spatial 
scales for the two ecoregions. Gradient for-
est (GF) modeling is a multispecies exten-
sion of random forest (RF) modeling, a com-
monly applied tree-based machine learning 
algorithm. Benefits of RF models include 
increased classification accuracy when com-
pared with traditional classification trees, the 
ability to model nonlinearity and threshold 
responses, and inclusion of complex interac-
tions among predictor variables (Prasad et 
al. 2006). These models also have advantages 
over other machine learning models such as 
artificial neural networks because partial de-
pendence plots give insight into conditioned 
responses to individual predictor variables 
(Cutler et al. 2007). An historical limitation to 
RF modeling was that only a single response 
variable (here, species) could be modeled, 
and scaling up to assemblages required stack-
ing multiple independently developed mod-
els in a nonintegrated and computationally 
intensive fashion. This limitation was recently 
addressed with the advent of GF models (El-
lis et al. 2012). In GF modeling, RF models 
are constructed for each species in a matrix 
of multiple species, and the relative impor-
tance of variables and locations of threshold 
responses along predictor variable gradients 
are provided at species and assemblage levels. 
This approach represents a powerful method 

for determining how entire assemblages re-
spond to environmental gradients while si-
multaneously incorporating individual spe-
cies responses (Pitcher et al. 2011).

We fit GF models in R (R Core Team 2018) 
using the ‘extendedForest’ package, an exten-
sion of the ‘randomForest’ package (Liaw and 
Wiener 2002). We used a matrix of species 
occurrence data and fit classification-based 
models separately for each spatial scale and 
subregion combination (four models total) to 
test our hypothesis that landscape variables 
that correlate with fish assemblage structure 
differ across space and scales. For each mod-
el, we used the function ‘gradientForest’ with 
fish occurrence data as the response variable, 
used the 13 landscape alteration variables as 
predictor variables, constructed 500 trees, 
and included four randomly selected pre-
dictor variables as candidates for each split 
(Ellis et al. 2012). We used a series of diag-
nostic plots to assess relationships between 
landscape alterations and fish occurrences 
to measure the magnitude of ecological re-
sponses to landscape alterations. We plotted 
overall importance of landscape alteration 
variables using R2 weighted importance, cu-
mulative importance to illustrate responses 
to landscape alteration gradients averaged 
across all species, and model performance de-
picting out-of-bag error rate for each species 
for which the landscape alterations had some 
explanatory power (Ellis et al. 2012). Values 
for R2 weighted importance represent aver-
age R2 values across all species and therefore 
are generally smaller in magnitude compared 
with single-species R2 values, but their rela-
tive magnitudes are nonetheless informative 
and equally interpretable. Finally, we trans-
formed all environmental predictions from 
the GF model into a common biological scale 
to illustrate predicted fish assemblage compo-
sition based on landscape alteration data in a 
spatially explicit matter. We used the ‘predict’ 
function and landscape alteration data from 
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all sampled and unsampled stream segments 
to generate biological predictions and then 
ordinated results using principle components 
analysis with weighted species scores overlaid 
(Pitcher et al. 2011). This approach is compa-
rable to direct ordination in that site scores, 
species scores, and landscape alteration data 
are simultaneously shown, but here, relation-
ships are shown after accounting for nonlin-
earities and threshold responses by species. 
As with most ordination methodologies, a 
large number of axes are generated, and we 
retained only the first two for interpretation.

We mapped predictions for fish assem-
blage composition across the region. We used 
GF models for each of the two spatial scales 
in the two subregions to develop predictions 
for fish assemblage composition at all sam-
pled and unsampled stream segments. We 
first filtered the data set of unsampled stream 
segments and removed any segments that 
had individual landscape alteration magni-
tudes greater than those in the subset of seg-
ments that were sampled for fishes, as well as 
stream segments with stream orders greater 
than three. This step was necessary to con-
trol for gradient lengths for natural (stream 
size) and anthropogenic gradients so that 
predictions were not made for streams out-
side the domain of our models. This resulted 
in the removal of highly urbanized stream 
segments in the Memphis, Tennessee and 
Jackson, Tennessee areas, as well as all large 
main-stem rivers. We clustered predictions 
from each model to improve interpretation 
using the ‘clara’ clustering function from the 
‘cluster’ package (Maechler et al. 2018). This 
clustering technique is capable of handling 
large numbers of observations (Kaufman and 
Rousseeuw 1990), including 17,081 segments 
at the network catchment scale and 15,738 
segments at the local catchment scale in the 
Mississippi basin and 6,961 segments at the 
network catchment scale and 6,973 segments 
at the local catchment scale in the Tennes-

see basin. The number of segments differed 
among scales within each basin because of 
exclusions of segments with large-magnitude 
landscape alterations, which differed across 
scales. We elected to use four clusters for each 
model because this number of clusters cap-
tured the major gradients in landscape altera-
tions. Finally, we assigned predictions for as-
semblage composition to polylines from the 
NHD and mapped predictions as a means of 
producing spatially structured data useful for 
conservation planning.

Results
Landscape Alterations

Most landscape alterations occurred in both 
subregions, with few exceptions. No CAFO 
permits or mining permits occurred in the 
sampled catchments in the Mississippi basin, 
and no dams or CAFO permits occurred with-
in the sampled catchments in the Tennessee 
basin. The dominant forms of land use in lo-
cal catchments and network catchments were 
Crop, Hay, Dev1, and Dev5 (Table 1). The me-
dian values for land-use transformation to cul-
tivated crops included more than 30% of the 
area in the Mississippi basin (0.31–0.37 across 
scales) but was less intense in the Tennessee 
basin (0.03–0.04 across scales). Conversely, 
median values for transformation to hay were 
largely consistent in the Tennessee (0.02–0.05 
across scales) and Mississippi (0.05–0.08 
across scales) basins. Development generally 
occurred to a greater extent in the Mississippi 
basin compared with the Tennessee basin, in-
cluding Dev1, Dev5, and Pop.

Environmental Correlates for Fish 
Distributions

The most influential landscape alterations 
associated with fish distributions varied by 
basin and spatial scale. In the Mississippi 
basin, Crop, Hay, and Dev2 had the highest 
weighted importance at the network catch-
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ment scale, but Dev1, Crop, and Pop became 
most important when data collection was 
scaled down to local catchments (Figure 3a). 
Among all 13 variables, weighted impor-
tance was higher at the network catchment 
scale for eight alterations and higher at the 
local catchment scale for five alterations. In 
the Tennessee basin, Crop, Hay, and Cross 
had the highest weighted importance at the 
network catchment scale, but Pop, Road, and 
Dev1 became most important when data col-
lection was scaled down to local catchments 
(Figure 3b). Among all 13 variables, weighted 
importance was higher at the network catch-
ment scale for eight alterations and higher at 
the local catchment scale for five alterations.

Cumulative importance plots highlight-
ed linear (i.e., single species losses or gains) 
versus threshold (i.e., multiple species losses 
or gains) changes in assemblage composi-
tion and the scales at which these changes 
were most important for predicting fish as-
semblage structure. Assemblages changed in 
approximately linear patterns regardless of 
scale as the proportion of Crop increased at 
both network and local catchment scales in 
the Mississippi basin (Figure 4a), but in the 
Tennessee basin, Crop was more important 
at the network catchment scale than the lo-
cal catchment scale and a threshold response 
in assemblage change was evident when 20–
30% of catchments were cultivated (Figure 

Figure 3.  Influence of landscape alterations on stream fish assemblages as measured 
as R2 weighted importance for gradient forest models fit to data from the (a) Mississippi 
and (b) Tennessee River basins at network catchment (white bars) and local catchment 
(black bars) scales. Variables are ranked by importance at the network catchment scale; 
see Table 1 for landscape alteration variable descriptions.
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Figure 4.  Change in fish assemblage 
composition across gradients in landscape 
alterations illustrated as cumulative impor-
tance plots from gradient forest models for 
the Mississippi and Tennessee River basins 
at network catchment (dashed lines) and 
local catchment (solid lines) scales. See Ta-
ble 1 for landscape alteration variable de-
scriptions; note panels (i) and (j) are shown 
on log scale.

4b). Assemblages in both the Mississippi and 
Tennessee basins changed in a linear pattern 
regardless of scale as proportions of Hay (Fig-
ure 4c, 4d) and Dev1 (Figure 4e, 4f) land uses 
increased, although Hay was more important 
at the network catchment scale and Dev1 was 
more important at the local catchment scale. 
Road crossing density was more important at 
the network catchment scale across both ba-
sins, but the range of magnitudes was smaller 
at the local catchment scale (Figure 4g, 4h). 
In the Mississippi basin, threshold changes 
in assemblage composition occurred when 
road-crossing densities ranged from 4 to 5 
and 18–19 crossings/km2 at both scales (Fig-
ure 4g). Assemblages changed in a curvilinear 
pattern before plateauing as human popula-
tion density increased at both network and 
local catchment scales in the Mississippi and 
Tennessee basins, but a threshold was evident 
in the Mississippi basin when 30,000–39,000 
people/km2 were present in local catchments 
(Figure 4i, 4j). Road density was more im-
portant at the network catchment scale in 
the Mississippi basin (Figure 4k) but more 
important at the local catchment scale in the 
Tennessee basin (Figure 4l).

Species and Assemblage Patterns

Models had at least some explanatory power 
for 47 of 50 species in the Mississippi basin 
(Table 2) and 61 of 62 species in the Ten-
nessee basin (Table 3). Box plots of random 
forest model performance were consistent 
between scales for the Mississippi and Ten-
nessee basins (Figure 5). Among the top 10 
species for which models explained the great-
est amounts of variation in occurrence, mod-
el performance was either greater at the net-
work catchment scale (3 in the Mississippi, 2 
in the Tennessee) or was consistent between 
scales (7 in the Mississippi, 8 in the Tennes-
see). Among the remaining species in the 
Mississippi basin, network catchment-scale 
measurements performed best for 38% (14 
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Figure 5.  Performance of random forest models developed for species during gradi-
ent forest model fitting measured as 1-relative error rate (interpreted as with R2) for data 
from the Mississippi and Tennessee River basins at network catchment (white boxes and 
circles) and local catchment (gray/black boxes and circles) scales. Box plots show the 
distributions for all species. Only species for which models had some explanatory power 
are shown; see Tables 2 and 3 for description of species codes.
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of 37), local catchment-scale measurements 
performed best for 38% (14 of 37), and both 
scales produced equally accurate models for 
24% (9 of 37). Among the remaining species 
in the Tennessee basin, network catchment-
scale measurements performed best for 43% 
(22 of 51), local catchment-scale measure-
ments performed best for 37% (19 of 51), and 
both scales produced equally accurate models 
for 20% (10 of 51).

Seventy percent of the variation in as-
semblage composition predicted by the net-
work catchment GF model in the Mississippi 
basin was captured in PC1 (46%) and PC2 
(24%). The first PC represented an agricul-
tural gradient with catchments character-
ized by higher proportions of Hay land use 
arranged negatively and network catchments 
characterized by higher proportions of Crop 
land use arranged positively (Figure 6a). The 
second PC represented a development gradi-
ent with network catchments having greater 
densities or coverages by Road, Dev1, Dev2, 
Pop, Cross, and Dev 5 arranged positively 
and network catchments with lower mag-
nitudes for all of those alterations arranged 
negatively. Along those gradients, predictions 
for fish assemblage composition clustered as 
four groups illustrated assemblage variation 
among catchments with low, medium, and 
high urban development as well as high Crop 
coverage (Figure 6b). Weighted species scores 
illustrated the major components of assem-
blage change across those gradients, includ-
ing prevalence of Common Carp, Golden 
Shiner, and Grass Pickerel in Crop streams 
and prevalence of Suckermouth Minnow, 
Blackstripe Topminnow, and Largemouth 
Bass in heavily developed streams (Figure 
6c). Least developed streams were character-
ized by high occurrences of Firebelly Darter, 
Gulf Darter, and Brown Madtom.

Sixty-nine percent of the variation in as-
semblage composition predicted by the local 
catchment GF model in the Mississippi basin 

was captured in PC1 (45%) and PC2 (24%). 
The first PC represented an agricultural gra-
dient, with local catchments characterized by 
a higher proportion of Hay land use arranged 
negatively and local catchments characterized 
by a higher proportion of Crop land use ar-
ranged positively (Figure 6d). The second PC 
represented an urban to rural gradient, with 
local catchments characterized by develop-
ment, such as Dev1, Road, Dev5, and Dev2, 
arranged positively and local catchments 
with high population density arranged nega-
tively. Along these gradients, predictions for 
fish assemblage composition clustered into 
four groups illustrated assemblage variation 
among local catchments, with low, medium, 
and high urban development coverage as well 
as high Crop coverage (Figure 6e). Weighted 
species scores illustrated the major com-
ponents of assemblage change across these 
gradients, including prevalence of Common 
Carp, Mimic Shiner, and Tadpole Madtom 
in Crop streams, and Suckermouth Min-
now, Blacktail Shiner, and Warmouth in rural 
streams (Figure 6f). Least developed streams 
were characterized by high occurrences of 
Orangefin Shiner, Northern Hog Sucker, and 
Spotted Gar.

Seventy-three percent of variation in as-
semblage composition predicted by the net-
work catchment GF model in the Tennessee 
basin was captured in PC1 (49%) and PC2 
(24%). The first PC represented a develop-
ment gradient, with network catchments 
characterized by little urban development 
arranged negatively and network catch-
ments characterized by a higher proportion 
of Hay, Crop, Dev1, and Dev5 land use ar-
ranged positively (Figure 7a). The second PC 
represented an agricultural gradient, with 
network catchments characterized by higher 
proportions of Hay arranged positively and 
network catchments characterized by higher 
proportions of Crop land use arranged nega-
tively. Along these gradients, predictions for 
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Figure 6.  Principle component (PC) plot of biologically transformed landscape altera-
tion variables illustrating predicted fish assemblage composition for stream segments in 
the Mississippi River basin at (a–c) network catchment and (d–f) local catchment scales. 
Panels (a) and (d) illustrate latent PC gradients (% variation explained by each) in pre-
dicted assemblage composition developed using gradient forest models, 13 landscape 
alteration variables (see Table 1 for definitions), and fish assemblage data. Assemblage 
compositions clustered into four groups illustrate stream segments affected by low (blue), 
medium (green), or high (red) development as well as cultivated crop land use (orange). 
Panels (b) and (e) illustrate a close up of the data cloud as well as the distribution of seg-
ments with fish assemblage samples (yellow circles) used in model development. Panels 
(c) and (f) illustrate weighted species scores; see Table 2 for species code descriptions.
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Figure 7.  Principle component (PC) plot of biologically transformed landscape altera-
tion variables illustrating predicted fish assemblage composition for stream segments in 
the Tennessee River basin at (a–c) network catchment and (d–f) local catchment scales. 
Panels are as in Figure 6 except that (d) illustrates assemblage compositions clustered into 
four groups to illustrate stream segments affected by low (blue), medium (green), or high 
(red) development as well as high human population density (dark red); see Table 3 for 
species code descriptions.
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fish assemblage composition clustered into 
four groups illustrated assemblage variation 
among network catchments, with low, me-
dium, and high urban development as well 
as high Crop coverage (Figure 7b). Weight-
ed species scores illustrated the major com-
ponents of assemblage change across these 
gradients, including prevalence of Brown 
Madtom, Ribbon Shiner, and Least Madtom 
in Crop streams, and Spotted Bass, Slender 
Madtom, and Bluntnose Minnow in highly 
developed streams (Figure 7c). Least devel-
oped streams were characterized by high oc-
currences of Blackfin Darter, Blacknose Dace, 
and Redline Darter.

Seventy-five percent of the variation in 
assemblage composition predicted by the 
local catchment GF model in the Tennessee 
basin was captured in PC1 (44%) and PC2 
(31%). The first PC represented an urbaniza-
tion gradient, with catchments characterized 
by rural developments such as Dev1, Road, 
Hay, and Dev5 arranged negatively and urban 
catchments with higher population density 
arranged positively (Figure 7 d). The second 
PC represented a development gradient, with 
catchments characterized by high propor-
tions of Dev1, Hay, Dev2, and Dev5, as well 
as high densities of Road and Cross arranged 
positively and catchments with low values 
for each of these alterations arranged nega-
tively. Along these gradients, predictions for 
fish assemblage composition clustered into 
four groups illustrated assemblage variation 
among catchments, with low, medium, and 
high urban development as well as high pop-
ulation density (Figure 7e). Weighted species 
scores illustrated the major components of 
assemblage change across these gradients, in-
cluding prevalence of Mimic Shiner, Stripetail 
Darter, and Blackstripe Topminnow in rural 
streams and Gizzard Shad, Whitetail Shiner, 
and Golden Redhorse in urban streams (Fig-
ure 7f). Least developed streams were char-
acterized by high occurrences of Blacknose 

Dace, Fringed Darter, and Least Madtom.

Mapping Predictions

We mapped the spatial distribution of pre-
dicted assemblage compositions across the 
two basins at network and local catchment 
scales. At the network catchment scale in 
the Mississippi basin, a large swath of agri-
culturally induced alterations to stream fish 
assemblages was clear, but this swath was 
interrupted by intact riparian zones along 
tributaries near larger rivers (Figure 8). To 
the east and south of the agriculturally domi-
nated area was a region characterized by a 
mix of low- and medium-development net-
work catchments fragmented by roads. At 
the network catchment scale in the Tennessee 
basin, agriculturally affected fish assemblages 
attenuated in an easterly direction, although 
assemblages affected by urban development 
were centered around urban areas. At the lo-
cal catchment scale in the Mississippi basin, 
the same swath of agriculturally influenced 
fish assemblages was still evident, although a 
pattern of development-induced alterations 
to fish assemblages in close proximity to this 
swath was apparent (Figure 9). In the Tennes-
see basin, local catchments with minimally 
altered fish assemblages were distributed to 
the east, whereas assemblages affected by 
urban development and human population 
density increased to the west and along cor-
ridors of major roadways.

Discussion
Our study provides strong evidence for spa-
tial variation in relationships between land-
scape alterations and stream fish assemblages 
but mixed evidence for an effect of the se-
lected scales on these relationships. Our first 
hypothesis was that ecological responses to 
landscape alterations would vary across space 
because landscape alterations are not spatial-
ly uniform. This hypothesis was supported 
by spatial segregation of fish assemblages af-
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Figure 8.  Map of predicted fish assemblage composition based on gradient forest 
models for stream segments in the Mississippi and Tennessee River basins at the network 
catchment scale (upper) and land uses from the National Land Cover Database (NLCD; 
lower). Colors in the upper panel represent predicted fish assemblages clustered into 
those primarily affected by low development (blue), medium development (green), high 
development (red), and cultivated crops (orange). Colors in the lower panel are from 
Homer et al. (2015) and represent land-use classes, including 11 (open water), 21 (devel-
oped, open space), 22 (developed, low intensity), 23 (developed, medium intensity), 24 
(developed, high intensity), 31 (barren land), 41 (deciduous forest), 42 (evergreen forest), 
43 (mixed forest), 52 (shrub/scrub), 71 (grassland), 81 (pasture/hay), 82 (cultivated crops), 
90 (woody wetlands), and 95 (emergent herbaceous wetlands).
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Figure 9.  Map of predicted fish assemblage composition based on gradient forest 
models for stream segments in the Mississippi and Tennessee River basins at the local 
catchment scale (upper) and land uses from the National Land Cover Database (NLCD; 
lower). Colors represent predicted fish assemblages clustered into those primarily affect-
ed by low development (blue), medium development (green), high development (red), 
cultivated crops (orange), and high human population density (dark red). Colors in the 
lower panel are from Homer et al. (2015) and represent land use classes, including 11 
(open water), 21 (developed, open space), 22 (developed, low intensity), 23 (developed, 
medium intensity), 24 (developed, high intensity), 31 (barren land), 41 (deciduous forest), 
42 (evergreen forest), 43 (mixed forest), 52 (shrub/scrub), 71 (grassland), 81 (pasture/hay), 
82 (cultivated crops), 90 (woody wetlands), and 95 (emergent herbaceous wetlands). 
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fected by low, medium, and high levels of ur-
ban development caused by road construction 
and impervious surfaces as well as agricultural 
land use. Previous works have demonstrated 
spatial variation in fish assemblage response 
to roads (Trombulak and Frissell 2000; Leitão 
et al. 2018) and agricultural land use (Leitão 
et al. 2018; Bierschenk et al. 2019), but the 
question of how scale might influence these 
relationships remains a focal research area 
(Strayer et al. 2003; Kautza and Sullivan 2015; 
Pease et al. 2015). Our second hypothesis was 
that the magnitude of ecological responses to 
landscape alterations would not be consistent 
when landscape alterations were measured at 
the network versus local catchment scale. This 
expectation was based on a growing body of 
research directed at understanding the rela-
tive influences of nearby versus far-upstream 
landscape alterations on stream fishes (Wang 
et al. 2001, 2003; Gido et al. 2006; Hoeinghaus 
et al. 2007; Sály et al. 2011; Marzin et al. 2013; 
Macedo et al. 2014; Leal et al. 2016; Leitão et al. 
2018). Our results only partly supported our 
second hypothesis because fish assemblage 
patterns were largely consistent between net-
work and local catchment scales when mapped 
across the landscape, yet the identities of the 
most important landscape alterations used in 
developing spatial predictions and the most 
responsive fish species varied with scale. Agri-
cultural land uses such as crop and hay were 
the most important for describing fish assem-
blage distributions at the network catchment 
scale, whereas low-intensity development and 
human population density were most impor-
tant at the local catchment scale. Combined, 
our results provide insight into landscape–
riverscape linkages that could be included in 
management planning to advance conserva-
tion of freshwater biota (Strayer et al. 2003; 
Boyd et al. 2008; Kautza and Sullivan 2015).

Including two levels of organizational 
complexity (species and assemblages) provid-
ed inferences not attainable through species- 

or assemblage-only approaches. The majority 
of scaling studies in freshwater ecosystems fo-
cus on space, time, or a combination of space 
and time without varying the level of organi-
zational complexity in the response variable. 
That is, focus is generally on either a single 
species or assemblage composition. Despite 
their long history (Caughley 1994), single-
species assessments have become less com-
mon with the rise of assessments of ecological 
condition through multimetric indices (Karr 
1981; Ruaro and Gubiani 2013; Wellemeyer 
et al. 2018). However, management of eco-
logical condition cannot ignore the needs of 
individual species when management plans 
are developed (Collares-Pereira and Cowx 
2004). Consequently, ensemble approaches 
in which multiple levels of organizational 
complexity are considered stand the best 
chance for developing the robust information 
required for management planning (Olden 
2003). The GF models employed here address 
this need directly by extending single-species 
RF models into the multispecies realm (Ellis 
et al. 2012). Our results suggest that multiple 
species were characteristic of the assemblag-
es inhabiting stream segments affected by a 
variety of landscape alterations, and these 
species may represent either indicator or sur-
rogate species. Indicator species allow for 
targeted monitoring and reduced sampling 
efforts at the assemblage level to gain the 
same level of information (Dufrêne and Leg-
endre 1997), whereas surrogate species are 
defined as those responding in a similar fash-
ion as those of conservation concern but are 
more easily monitored (Caro and O’Doherty 
1999). We found several regionally endemic 
or listed species that were representative of 
least-altered stream segments and could be 
used as ecological indicators (see Tables 2 
and 3) as well as nonlisted fishes occupying 
the same habitats that could be monitored 
in their place as surrogate species. This pro-
motes efficiencies in resource allocation by 
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reducing the level of effort required to assess 
or monitor ecological condition and is a level 
of insight that would not have been possible 
if we had used a single-species approach. An-
other benefit of the GF approach is that spe-
cies for which models have little explanatory 
power can be identified and inference appro-
priately constrained. This is a limitation of 
most direct-ordination assemblage ecology 
methods that provide species scores, but no 
insight into how well variation in species oc-
currence is actually described by the model. 
Among the species for which GF models ex-
plained the most variation in occurrence, lo-
cal catchment- and network catchment-scale 
models captured identical levels of variation 
for most of these species across both basins. 
These findings suggest consistency in spe-
cies responses to landscape alterations mea-
sured at both local and network catchment 
scales, a finding reported by some previous 
researchers (Hoeinghaus et al. 2007; Macedo 
et al. 2014; Leal et al. 2016). However, other 
studies suggest that species are responsive 
to landscape alterations measured at specific 
scales (Wang et al. 2001, 2003) or across a 
gradient of scales (Labbe and Fausch 2000). 
Thus, the question remains: which is the most 
appropriate scale for measuring landscape al-
terations? The answer to this question is most 
likely dependent upon a number of contexts 
related to scaling.

Scale is “the central problem in biology” 
(Levin 1992) and remains a challenge for ef-
fective management of biodiversity (Boyd et 
al. 2008). Ecological investigations with a fo-
cus on scale are best conducted by maintain-
ing consistent predictor and response vari-
ables while varying some component of scale 
(Allen and Starr 2017). We conducted a study 
with a focus on scale (sensu Allen and Starr 
2017) by maintaining consistent landscape 
alterations as predictor variables, fish species/
assemblage occurrence as response variables, 
and a fixed spatial extent, but we varied the 

grain size used to assemble landscape altera-
tions. The two grain sizes we assessed, net-
work catchment and local catchment, are 
commonly included in multiscale assessments 
comparing effects of nearby versus distant-
upstream landscape alterations (Ward 1998; 
Wiens 2002; Allan 2004). In theory, nearby 
landscape alterations should have a greater 
effect on stream fishes compared with distant 
alterations if influences are diluted by flow or 
distance (e.g., Kinsolving and Bain 1993), but 
this expectation might shift when alterations 
are classified as point-source versus diffuse-
source alterations (Lowrance and Sheridan 
1985). Point-source alterations are known to 
exude strong local-scale influences on stream 
fishes at the location where the alteration 
enters the stream (Meyer et al. 2005), but 
diffuse-source alterations can be more chal-
lenging to detect. This is, in part, because dif-
fuse-source alterations operate across broad-
er spatiotemporal scales and do not enter 
streams at a single location. Agricultural land 
use is a well-studied form of diffuse-source 
landscape alteration and was generally of 
greatest importance at the broader network-
catchment grain size in our study. In contrast, 
urban streams and impervious surface run-
off are considered point-source disturbances 
because water is channeled into streams at 
specific locations, either through stormwa-
ter discharge points or culverts (Walsh et al. 
2005). In our study, multiple measures of ur-
ban or impervious cover alterations ranked 
most important at the finer local-catchment 
grain size, including Pop, Dev1, and Road. In 
reality, fish distributions are governed by in-
teractions among alterations at multiple spa-
tial and temporal scales (e.g., Harding et al. 
1998), and our results suggest that mitigating 
effects of network-scale agricultural activities 
and local catchment-scale urban develop-
ment activities might benefit conservation of 
stream fishes across the region.
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Additional Research and  
Management Needs

Our study informs conservation efforts by as-
sessing potential fish assemblage composition 
(and indirectly, ecological condition) and the 
most influential landscape alterations across 
a large region of mostly unsampled streams. 
These results can guide decision making re-
garding scale-specific prioritization of fish 
conservation resources and funding alloca-
tions. For management goals involving the 
preservation of currently intact stream seg-
ments (i.e., conservation sensu Dauwalter et 
al. 2010), targeting the stream segments iden-
tified here as experiencing low development 
at either network or local catchment scales 
might be appropriate. For management goals 
involving rehabilitating natural conditions 
(i.e., rehabilitation sensu Dauwalter et al. 
2010) through near-term, local-scale actions 
such as riparian planting, bank stabilization, 
or channel redesign (see Kwak and Freeman 
2010 for other examples), targeting stream 
segments identified as experiencing medium 
or high urban development at the local catch-
ment scale might be most appropriate. But 
not if the network catchment is heavily altered 
(Hughes et al. 2014). The greater challenge 
will ultimately involve addressing broadscale 
improvements in agriculturally dominated 
network catchments. Agriculturally domi-
nated network catchments were common in 
portions of our study area and often require 
substantial conservation practice implemen-
tation rates (i.e., >50% of their catchment ar-
eas) to reduce stressors impairing fish assem-
blages (Fore et al. 2017; Scavia et al. 2017). 
However, in these agriculturally dominated 
systems, it is likely that combinations of net-
work catchment- and local catchment-scale 
(e.g., riparian planting) interventions could 
improve conservation outcomes (Sowa et al. 
2016). This is especially true given the large 
number of stressors that influence stream eco-
systems but were not measured in this study 

(Ormerod et al. 2010). Determining where 
to target those actions is a management need 
partly identified in our study. It is only partly 
identified because although clear patterns ex-
isted for relationships between landscape al-
terations and fish assemblages, we emphasize 
that the predicted assemblage clusters shown 
in Figures 8 and 9 are only hypothesized con-
ditions that require validation. This valida-
tion is possible through additional research 
targeting sampling at currently unsampled 
locations and comparing the observed fish 
assemblage with predictions generated here. 
Other future directions for research might 
include mixing data measured at multiple 
spatial scales to identify the optimum scale(s) 
for assessing individual landscape alterations, 
as well as historical land uses that might have 
had unmeasured influences on the patterns 
we observed. For example, Harding et al. 
(1998) assessed 14 different spatial scales and 
the temporal influences of land use on several 
measures of fish and invertebrate diversity 
and, generally, found that historic catchment-
scale land use best predicted present-day as-
semblages. If we better understand scales at 
which landscape alterations influence fish 
assemblages, conservationists could develop 
more effective conservation strategies. Future 
studies should seek to derive more explicitly 
how landscape alterations and management 
actions are influenced by spatial scale and to 
identify related economic tradeoffs (Keeler et 
al. 2012).

Challenges and Policy Implications

This study provides insights about how poli-
cies could be improved to more effectively ad-
dress conservation challenges. In both basins, 
cultivated crop agriculture had the largest 
influence on ecological condition at the net-
work catchment scale. In the United States, 
these lands are nearly all privately owned and 
implementation of conservation practices on 
these lands is nearly entirely done on a volun-
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tary basis. Several studies have demonstrated 
that addressing alterations from cultivated 
crop agriculture requires high implementation 
rates of conservation practices, and current 
cost-share programs are insufficient to address 
the magnitude of the problem (e.g., Sowa et al. 
2016; Fore et al. 2017; Scavia et al. 2017). That 
is, there is not enough public funding to pay 
for widespread incentive-based adoption of 
agricultural conservation practices. Therefore, 
increasing adoption of conservation practices 
in these landscapes requires developing and 
funding new research and technologies that 
seek to maximize both on-farm economic and 
environmental outcomes, such that volun-
tary adoption of these practices is greatly im-
proved. At the local catchment scale, we iden-
tified impervious surfaces and road crossings 
as stressors to ecological condition. Though 
we did not evaluate specific stresses caused by 
these alterations, other researchers have found 
that traditional approaches to managing these 
types of infrastructure could be improved by 
developing policies and practices that employ 
green infrastructure techniques (Shafer et al. 
2013; Vogel et al. 2015). For example, road 
crossings are often barriers to fish passage and 
can negatively affect fish assemblage structure 
(Perkin and Gido 2012; Leitão et al. 2018), 
but new culvert designs promote fish passage 
while reducing culvert maintenance (Gillespie 
et al. 2014). In fact, simultaneous ecological 
and economic benefits associated with cul-
vert replacement are an effective solution to 
conservation challenges associated with roads 
(Sleight and Neeson 2018). Similarly, most 
existing stormwater management infrastruc-
ture occurs in highly populated areas and is 
designed to rapidly move stormwater to lotic 
systems, which can exacerbate downstream 
flooding issues in municipalities and often 
negatively affects fish assemblages (Walsh et al. 
2005). Developing policies and funding sourc-
es that prioritize stormwater retention and in-
filtration can reduce many of these ecological 

effects and benefit urbanized areas that require 
improved stormwater management (Roy et al. 
2008). Finally, the diversity of stream fishes in 
western Tennessee is still intact and few extinc-
tions have occurred (Etnier and Starnes 1993), 
meaning that there is still time to rise to the 
challenge of effective stream fish conservation 
management in this and other regions. Our 
work provides examples for how new statisti-
cal innovations can be applied to conservation 
challenges to establish where management ef-
forts might be allocated in the future.

Acknowledgments
This project was funded by the Tennessee 
Wildlife Resources Agency (TWRA) State 
Wildlife Grants Program and The Nature Con-
servancy (TNC) and through support from the 
Center for the Management, Protection, and 
Utilization of Water Resources at Tennessee 
Technological University. Additional support 
was provided by Texas A&M University and by 
the National Institute of Food and Agriculture, 
HATCH Project 1017538. J. Wisby with TNC 
provided valuable assistance with geographic 
information systems data and M. Clark and C. 
Boyd with TWRA provided access to fish oc-
currence data. We also thank Bob Hughes and 
three anonymous reviewers for manuscript  
review.

References
Abell, R., M. L. Thieme, C. Revenga, M. Bryer, 

M. Kottelat, N. Bogutskaya, B. Coad, N. 
Mandrak, S. C. Balderas, W. Bussing, and 
M. L. Stiassny. 2008. Freshwater ecoregions 
of the world: a new map of biogeographic 
units for freshwater biodiversity conserva-
tion. BioScience 58:403–414.

Allan, D., D. Erickson, and J. Fay. 1997. The in-
fluence of catchment land use on stream in-
tegrity across multiple spatial scales. Fresh-
water Biology 37:149–161.

Allan, J. D. 2004. Landscapes and riverscapes: 
the influence of land use on stream ecosys-



multiscale fish distribution models 27

tems. Annual Review of Ecology Evolution 
and Systematics 35:257–284.

Allen, T. F., and T. B. Starr. 2017. Hierarchy: 
perspectives for ecological complexity. 
University of Chicago Press, Chicago.

Angermeier, P. L., and M. R. Winston. 1998. 
Local vs. regional influences on local diver-
sity in stream fish communities of Virginia. 
Ecology 79:911–927.

Bierschenk, A. M., M. Mueller, J. Pander, and J. 
Geist. 2019. Impact of catchment land use on 
fish community composition in the headwa-
ter areas of Elbe, Danube and Main. Science 
of the Total Environment 652:66–74.

Blann, K. L., J. L. Anderson, G. R. Sands, and 
B. Vondracek. 2009. Effects of agricultural 
drainage on aquatic ecosystems: a review. 
Critical Reviews in Environmental Science 
and Technology 39:909–1001.

Boyd, C., T. M. Brooks, S. H. Butchart, G. J. 
Edgar, G. A. Da Fonseca, F. Hawkins, M. 
Hoffmann, W. Sechrest, S. N. Stuart, and P. 
P. Van Dijk. 2008. Spatial scale and the con-
servation of threatened species. Conserva-
tion Letters 1:37–43.

Burcher, C. L., H. M. Valett, and E. F. Benfield. 
2007. The land-cover cascade: relationships 
coupling land and water. Ecology 88:228–242.

Caro, T. M., and G. O’Doherty. 1999. On the use 
of surrogate species in conservation biol-
ogy. Conservation Biology 13:805–814.

Caughley, G. 1994. Directions in conserva-
tion biology. Journal of Animal Ecology 
63:215–244.

Chick, J. H., C. R. Ruetz, and J. C. Trexler. 
2004. Spatial scale and abundance patterns 
of large fish communities in freshwater 
marshes of the Florida Everglades. Wet-
lands 24:652–664.

Closs, G. P., M. Krkosek, and J. D. Olden. 2015. 
Conservation of freshwater fishes. Cam-
bridge University Press, Cambridge, UK.

Collares-Pereira, M. J., and I. G. Cowx. 2004. 
The role of catchment scale environmental 
management in freshwater fish conserva-
tion. Fisheries Management and Ecology 
11:303–312.

Cutler, D. R., T. C. Edwards, Jr., K. H. Beard, A. 
Cutler, K. T. Hess, J. Gibson, and J. J. Lawl-
er. 2007. Random forests for classification 
in ecology. Ecology 88:2783–2792.

Dauwalter, D. C., W. L. Fisher, and F. J. Rahel. 
2010. Warmwater streams. Pages 657–698 
in W. Hubert and M. Quist, editors. Inland 
fisheries management in North America, 
3rd edition. American Fisheries Society, 
Bethesda, Maryland.

Dufrêne, M., and P. Legendre. 1997. Species as-
semblages and indicator species: the need 
for a flexible asymmetrical approach. Eco-
logical Monographs 67:345–366.

Ellis, N., S. J. Smith, and C. R. Pitcher. 2012. 
Gradient forests: calculating importance 
gradients on physical predictors. Ecology 
93:156–168.

Erős, T. 2017. Scaling fish metacommunities 
in stream networks: synthesis and future 
research avenues. Community Ecology 
18:72–86.

Erős, T., J. R. O’Hanley, and I. Czeglédi. 2018. 
A unified model for optimizing riverscape 
conservation. Journal of Applied Ecology 
55:1871–1883.

Etnier, D. A., and W. C. Starnes. 1993. The fishes 
of Tennessee. University of Tennessee Press, 
Knoxville.

Fagan, W. F., C. Aumann, C. M. Kennedy, and 
P. J. Unmack. 2005. Rarity, fragmentation, 
and the scale dependence of extinction risk 
in desert fishes. Ecology 86:34–41.

Fausch, K. D. 2010. Preface: a renaissance in 
stream fish ecology. Pages 199–206 in K. 
B. Gido and D. A. Jackson, editors. Com-
munity ecology of stream fishes: concepts, 
approaches, and techniques. American 
Fisheries Society, Symposium 73, Bethesda, 
Maryland.

Fausch, K. D., C. E. Torgersen, C. V. Baxter, and 
H. W. Li. 2002. Landscapes to riverscapes: 
bridging the gap between research and 
conservation of stream fishes. BioScience 
52:483–498.

Fauth, J. E., J. Bernardo, M. Camara, W. J. Rese-
tarits, Jr., J. Van Buskirk, and S. A. McCol-



perkin et al.28

lum. 1996. Simplifying the jargon of com-
munity ecology: a conceptual approach. 
The American Naturalist 147:282–286.

Feist, B. E., E. R. Buhle, D. H. Baldwin, J. A. 
Spromberg, S. E. Damm, J. W. Davis, and 
N. L. Scholz. 2018. Roads to ruin: conser-
vation threats to a sentinel species across 
an urban gradient. Ecological Applications 
27:2382–2396.

Ferrier, S., and A. Guisan. 2006. Spatial model-
ling of biodiversity at the community level. 
Journal of Applied Ecology 43:393–404.

Fore, J. D., S. P. Sowa, D. L. Galat, G. M. Annis, 
D. D. Diamond, and C. Rewa. 2014. River-
ine threat indices to assess watershed con-
dition and identify primary management 
capacity of agriculture natural resource 
management agencies. Environmental 
Management 53:567–582.

Fore, J. D., S. P. Sowa, D. L. Galat, and D. D. Dia-
mond. 2017. Assessing effects of sediment-
reducing agriculture conservation practices 
on stream fishes. Journal of Soil and Water 
Conservation 72:326–342.

Frissell, C. A., W. J. Liss, C. E. Warren, and M. 
D. Hurley. 1986. A hierarchical framework 
for stream habitat classification: viewing 
streams in a watershed context. Environ-
mental Management 10:199–214.

Gido, K. B., J. A. Falke, R. M. Oakes, and K. J. 
Hase. 2006. Fish–habitat relations across 
spatial scales in prairie streams. Pages 265–
285 in R. M. Hughes, L. Wang, and P. W. 
Seelbach, editors. Landscape influences on 
stream habitats and biological assemblages. 
American Fisheries Society, Symposium 
48, Bethesda, Maryland.

Gillespie, N., A. Unthank, L. Campbell, P. An-
derson, R. Gubernick, M. Weinhold, D. 
Cenderelli, B. Austin, D. McKinley, S. Wells, 
J. Rowan, C. Orvis, M. Hudy, A. Bowden, 
A. Singler, E. Fretz, J. Levine, and R. Kirn. 
2014. Flood effects on road–stream cross-
ing infrastructure: economic and ecologi-
cal benefits of stream simulation designs. 
Fisheries 39:62–76.

Harding, J. S., E. F. Benfield, P. V. Bolstad, G. S. 

Helfman, and E. B. D. Jones. 1998. Stream 
biodiversity: the ghost of land use past. 
Proceedings of the National Academy of 
Sciences of the United States of America 
95:14843–14847.

Hill, R. A., E. W. Fox, S.G. Leibowitz, A.R. Ol-
sen, D.J. Thornbrugh, and M. H. Weber. 
2017. Predictive mapping of conterminous 
U.S. rivers and streams. Ecological Applica-
tions 27:2397–2415.

Hoeinghaus, D. J., K. O. Winemiller, and J. S. 
Birnbaum. 2007. Local and regional deter-
minants of stream fish assemblage struc-
ture: inferences based on taxonomic vs. 
functional groups. Journal of Biogeography 
34:324–338.

Homer, C. G., J. A. Dewitz, L. Yang, S. Jin, P. 
Danielson, G. Xian, J. Coulston, N. D. 
Herold, J. D. Wickham, and K. Megown. 
2015. Completion of the 2011 National 
Land Cover Database for the contermi-
nous United States—representing a decade 
of land cover change information. Photo-
grammetric Engineering and Remote Sens-
ing 81:345–354.

Hughes, R. M., S. Dunham, K. G. Maas-Hebner, 
J. A. Yeakley, C. B. Schreck, M. Harte, N. 
Molina, C. C. Shock, V. W. Kaczynski, and 
J. Schaeffer. 2014. A review of urban water 
body rehabilitation and mitigation chal-
lenges and approaches: (1) rehabilitation 
and remediation. Fisheries 39:18–29.

Jackson, D. A., P. R. Peres-Neto, and J. D. Olden. 
2001. What controls who is where in fresh-
water fish communities—the roles of bi-
otic, abiotic, and spatial factors. Canadian 
Journal of Fisheries and Aquatic Sciences 
58:157–170.

Jeffrey, J. D., C. T. Hasler, J. M. Chapman, S. 
J. Cooke, and C. D. Suski. 2015. Linking 
landscape-scale disturbances to stress and 
condition of fish: implications for resto-
ration and conservation. Integrative and 
Comparative Biology 55:618–630.

Karr, J. R. 1981. Assessment of biotic integrity 
using fish communities. Fisheries 6:21–27.

Kaufman, L., and P. J. Rousseeuw. 1990. Finding 



multiscale fish distribution models 29

groups in data. Wiley, Series in Probability 
& Mathematical Statistics, Hoboken, New 
Jersey.

Kautza, A., and S. M. P. Sullivan. 2015. Spatial-
ly-dependent human alterations determine 
fish assemblage composition in a modified 
river system. River Systems 21:93–108.

Keeler, B. L., S. Polasky, K. A. Brauman, K. A. 
Johnson, J. C. Finlay, A. O’Neill, K. Kovacs, 
and B. Dalzell. 2012. Linking water qual-
ity and well-being for improved assess-
ment and valuation of ecosystem services. 
Proceedings of the National Academy of 
Sciences of the United States of America 
109:18619–18624.

Kennard, M. J., J. D. Olden, A. H. Arthington, 
B. J. Pusey, and N. L. Poff. 2007. Multiscale 
effects of flow regime and habitat and their 
interaction on fish assemblage structure in 
eastern Australia. Canadian Journal of Fish-
eries and Aquatic Sciences 64:1346–1359.

Kinsolving, A. D., and M. B. Bain. 1993. Fish 
assemblage recovery along a riverine dis-
turbance gradient. Ecological Applications 
3:531–544.

Kunin, W. E. 1998. Extrapolating species 
abundance across spatial scales. Science 
281:1513–1515.

Kwak, T. J., and M. C. Freeman. 2010. Assess-
ment and management of ecological in-
tegrity. Pages 353–394 in W. A. Hubert 
and M. C. Quist, editors. Inland fisheries 
management in North America, 3rd edi-
tion. American Fisheries Society, Bethesda, 
Maryland.

Labbe, T. R., and K. D. Fausch. 2000. Dynam-
ics of intermittent stream habitat regulate 
persistence of a threatened fish at multiple 
scales. Ecological Applications 10:1774–
1791.

Lammert, M., and J. D. Allan. 1999. Assessing 
biotic integrity of streams: effects of scale in 
measuring the influence of land use/cover 
and habitat structure on fish and macroin-
vertebrates. Environmental Management 
23:257–270.

Leal, C. G., P. S. Pompeu, T. A. Gardner, R. P. 

Leitão, R. M. Hughes, P. R. Kaufmann, J. 
Zuanon, F. R. de Paula, S. F. Ferraz, J. R. 
Thomson, and R. Mac Nally. 2016. Multi-
scale assessment of human-induced chang-
es to Amazonian instream habitats. Land-
scape Ecology 31:1725–1745.

Leigh, C., and T. Datry. 2017. Drying as a pri-
mary hydrological determinant of biodi-
versity in river systems: a broad-scale anal-
ysis. Ecography 40:487–499.

Leitão, R. P., J. Zuanon, D. Mouillot, C. G. Leal, 
R. M. Hughes, P. R. Kaufmann, S. Villéger, 
P. S. Pompeu, D. Kasper, F. R. de Paula, S. F. 
B. Ferraz, and T. Gardner. 2018. Disentan-
gling the pathways of land use impacts on 
the functional structure of fish assemblages 
in Amazon streams. Ecography 41:219–
232.

Levin, S. A. 1992. The problem of pattern and 
scale in ecology: the Robert H. MacArthur 
award lecture. Ecology 73:1943–1967.

Liaw, A., and M. Wiener. 2002. Classification 
and regression by random forest. R News 
2(3):18–22.

Lowrance, R. L., and J. Sheridan. 1985. Man-
aging riparian ecosystems to control non-
point pollution. Journal of Soil and Water 
Conservation 40:87–91.

Macedo, D. R., R. M. Hughes, R. Ligeiro, W. R. 
Ferreira, M. A. Castro, N. T. Junqueira, D R. 
Oliveira, K. R. Firmiano, P. R. Kaufmann, P. 
S. Pompeu, and M. Callisto. 2014. The rela-
tive influence of catchment and site vari-
ables on fish and macroinvertebrate rich-
ness in cerrado biome streams. Landscape 
Ecology 29:1001–1016.

Maechler, M., P. Rousseeuw, A. Struyf, M. Hu-
bert, and K. Hornik. 2018. Cluster: cluster 
analysis basics and extensions. R package 
version 2.0.7–1.

Maguire, K. C., D. Nieto-Lugilde, J. L. Blois, M. 
C. Fitzpatrick, J. W. Williams, S. Ferrier, 
and D. J. Lorenz. 2016. Controlled com-
parison of species-and community-level 
models across novel climates and commu-
nities. Proceedings of the Royal Society B 
283:20152817.



perkin et al.30

Malone, E. W., J. S. Perkin, B. M. Leckie, M. A. 
Kulp, C. R. Hurt, and D. M. Walker. 2018. 
Which species, how many, and from where: 
Integrating habitat suitability, population 
genomics, and abundance estimates into 
species reintroduction planning. Global 
Change Biology 24:3729–3748.

Marzin, A., P. F. M. Verdonschot, and D. Pont. 
2013. The relative influence of catchment, 
riparian corridor, and reach-scale anthro-
pogenic pressures on fish and macroinver-
tebrate assemblages in French rivers. Hy-
drobiologia 704:375–388.

Meyer, J. L., M. J. Paul, and W. K. Taulbee. 2005. 
Stream ecosystem function in urbanizing 
landscapes. Journal of the North American 
Benthological Society 24:602–612.

Nieto-Lugilde, D., K. C. Maguire, J. L. Blois, J. 
W. Williams, and M. C. Fitzpatrick. 2018. 
Multiresponse algorithms for community-
level modelling: review of theory, applica-
tions, and comparison to species distri-
bution models. Methods in Ecology and 
Evolution 9:834–848.

Olden, J. D. 2003. A species-specific approach 
to modeling biological communities and its 
potential for conservation. Conservation 
Biology 17:854–863.

Omernik, J. M., and G. E. Griffith. 2014. 
Ecoregions of the conterminous United 
States: evolution of a hierarchical spatial 
framework. Environmental Management 
54:1249–1266.

Ormerod, S. J., M. Dobson, A. G. Hildrew, and 
C. R. Townsend. 2010. Multiple stressors in 
freshwater ecosystems. Freshwater Biology 
55(Supplement 1):1–4.

Pease, A. A., J. M. Taylor, K. O. Winemiller, and 
R. S. King. 2015. Ecoregional, catchment, 
and reach-scale environmental factors shape 
functional-trait structure of stream fish as-
semblages. Hydrobiologia 753:265–283.

Perkin, J. S., and K. B. Gido. 2012. Fragmenta-
tion alters stream fish community structure 
in dendritic ecological networks. Ecologi-
cal Applications 22:2176–2187.

Perkin, J. S., M. J. Troia, D. C. Shaw, J. E. Gerken, 

and K. B. Gido. 2016. Multiple watershed 
alterations influence fish community struc-
ture in Great Plains prairie streams. Ecol-
ogy of Freshwater Fish 25:141–155.

Pitcher, R. C., P. Lawton, N. Ellis, S. J. Smith, 
L. S. Incze, C. L. Wei, M. E. Greenlaw, N. 
H. Wolff, J. A. Sameoto, and P. V. Snelgrove. 
2012. Exploring the role of environmen-
tal variables in shaping patterns of seabed 
biodiversity composition in regional-scale 
ecosystems. Journal of Applied Ecology 
49:670–679.

Pitcher, C. R., N. Ellis, and S. J. Smith. 2011. Ex-
ample analysis of biodiversity survey data 
with R package gradientForest. Available: 
http://gradientforest.r-forge.r-project.org/
biodiversity-survey.pdf. (February 2019).

Prasad, A. M., L. R. Iverson, and A. Liaw. 2006. 
Newer classification and regression tree 
techniques: bagging and random forests for 
ecological prediction. Ecosystems 9:181–
199.

Pringle, C. 2003. What is hydrologic connec-
tivity and why is it ecologically important? 
Hydrological Processes 17:2685–2689.

R Core Team. 2018. The R project for statistical 
computing. R Foundation Vienna, Austria. 
Available: www.R-project.org. (February 
2019).

Reynolds, L., A. T. Herlihy, P. R. Kaufmann, S. V. 
Gregory, and R. M. Hughes. 2003. Electro-
fishing effort requirements for assessing spe-
cies richness and biotic integrity in western 
Oregon streams. North American Journal of 
Fisheries Management 23:450–461.

Rivers-Moore, N. A., P. S. Goodman, and J. L. 
Nel. 2011. Scale-based freshwater conser-
vation planning: towards protecting fresh-
water biodiversity in KwaZulu-Natal, South 
Africa. Freshwater Biology 56:125–141.

Roth, N. E., J. D. Allan, and D. L. Erickson. 
1996. Landscape influences on stream bi-
otic integrity assessed at multiple spatial 
scales. Landscape Ecology 11:141–156.

Roy, A. H., S. J. Wenger, T. D. Fletcher, C. J. 
Walsh, A. R. Ladson, W. D. Shuster, H. 
W. Thurston, and R. R. Brown. 2008. Im-



multiscale fish distribution models 31

pediments and solutions to sustainable, 
watershed-scale urban stormwater man-
agement: lessons from Australia and the 
United States. Environmental Management 
42:344–359.

Ruaro, R., and E. A. Gubiani. 2013. A sciento-
metric assessment of 30 years of the index 
of biotic integrity in aquatic ecosystems: 
applications and main flaws. Ecological In-
dicators 29:105–110.

Sály, P., P. Takács, I. Kiss, P. Bíró, and T. Eros. 
2011. The relative influence of spatial con-
text and catchment-and site-scale environ-
mental factors on stream fish assemblages 
in a human-modified landscape. Ecology of 
Freshwater Fish 20:251–262.

Scavia, D., M. Kalcic, R. L. Muenich, J. Read, N. 
Aloysius, I. Bertani, C. Boles, R. Confesor, 
J. DePinto, M. Gildow, J. Martin, T. Redder, 
D. Robertson, S. Sowa, Y. C. Wang, and H. 
Yen. 2017. Multiple models guide strate-
gies for agricultural nutrient reductions. 
Frontiers in Ecology and the Environment 
15:126–132.

Shafer, C. S., D. Scott, J. Baker, K.O. Winemi-
ller. 2013. Recreation and amenity values 
of urban stream corridors: implications for 
green infrastructure. Journal of Urban De-
sign 18:478–493.

Simberloff, D. 1998. Flagships, umbrellas, and 
keystones: is single-species management 
passé in the landscape era? Biological con-
servation 83:247–257.

Sleight, N., and T. M. Neeson. 2018. Opportuni-
ties for collaboration between infrastructure 
agencies and conservation groups: Road-
stream crossings in Oklahoma. Transporta-
tion Research Part D: Transport and Envi-
ronment 63:622–631.

Soulé, M. E., and B. A. Wilcox. 1980. Conser-
vation biology: an evolutionary-ecological 
perspective. Sinauer Associates, Sunder-
land, Massachusetts.

Sowa, S. P., M. Herbert, S. Mysorekar, G. M. 
Annis, K. Hall, A. P. Nejadhashemi, S. 
Woznicki, L. Wang, and P. J. Doran. 2016. 
How much conservation is enough? Defin-

ing implementation goals for healthy fish 
communities in agricultural rivers. Journal 
of Great Lakes Research 42:1302–1321.

Stendera, S., R. Adrian, N. Bonada, M. Cañe-
do-Argüelles, B. Hugueny, K. Januschke, 
F. Pletterbauer, and D. Hering. 2012. Driv-
ers and stressors of freshwater biodiversity 
patterns across different ecosystems and 
scales: a review. Hydrobiologia 696:1–28.

Strahler, A. N. 1957. Quantitative analysis of 
watershed geomorphology. Eos, Transac-
tions of the American Geophysical Union 
38:913–920.

Strayer, D. L., R. E. Beighley, L. C. Thompson, 
S. Brooks, C. Nilsson, G. Pinay, and R. J. 
Naiman. 2003. Effects of land cover on 
stream ecosystems: roles of empirical mod-
els and scaling issues. Ecosystems 6:407–
423.

Strayer, D. L., and D. Dudgeon. 2010. Fresh-
water biodiversity conservation: recent 
progress and future challenges. Journal of 
the North American Benthological Society 
29:344–358.

TDEC (Tennessee Department of Environment 
and Conservation). 2012. Water Pollution 
Control database. Available: http://tdecon-
line.tn.gov/dwr/. (March 2019).

Thornbrugh, D. J., S. G. Leibowitz, R. A. Hill, 
M. H. Weber, Z. C. Johnson, A. R. Olsen, 
J. E. Flotemersch, J. L. Stoddard, and D. V. 
Peck. 2018. Mapping watershed integrity 
for the conterminous United States. Eco-
logical Indicators 85:1133–1148.

Trombulak, S. C., and C. A. Frissell. 2000. Re-
view of ecological effects of roads on ter-
restrial and aquatic communities. Conser-
vation Biology 14:18–30.

USACE (US Army Corps of Engineers). 2013. 
National inventory of dams (NID) [online 
database]. Available: https://nid-test.sec.
usace.army.mil/.

U.S. Census Bureau, 2010. United States 2010 
census dataset, Washington D.C. Avail-
able: www.census.gov/programs-surveys/
decennial-census/data/datasets.2010.html. 
(March 2019).



perkin et al.32

U.S. Census Bureau. 2014. Topologically inte-
grated geographic encoding and referencing 
(TIGER). Available: www.census.gov/geo/
maps-data/data/tiger.html. (February 2019). 

USEPA (U.S. Environmental Protection Agen-
cy) and USGS (U.S. Geological Survey). 
2012. National hydrography dataset plus 
(NHDPlus) version 2. Available: www. 
horizon-systems.com/nhdplus/nhdplusv2_
home.php. (February 2019).

Vogel, J. R., T. L. Moore, R. R. Coffman, S. N. 
Rodie, S. L. Hutchinson, K. R. McDonough, 
A. J. McLemore, and J. T. McMaine. 2015. 
Critical review of technical questions fac-
ing low impact development and green 
infrastructure: a perspective from the 
Great Plains. Water Environment Research 
87:849–862.

Walsh, C. J., A. H. Roy, J.W. Feminella, P. D. Cot-
tingham, P. M. Groffman, and R. P. Morgan. 
2005. The urban stream syndrome: current 
knowledge and the search for a cure. Jour-
nal of the North American Benthological 
Society 24:706–723.

Wang, L., J. Lyons, P. Kanehl, and R. Banner-
man. 2001. Impacts of urbanization on 
stream habitat and fish across multiple 
spatial scales. Environmental Management 
28:255–266.

Wang, L., J. Lyons, P. Kanehl, and R. Gatti. 1997. 
Influences of watershed land use on habitat 
quality and biotic integrity in Wisconsin 
streams. Fisheries 22(6):6–12.

Wang, L., J. Lyons, P. Rasmussen, P. Seelbach, 
T. Simon, M. Wiley, P. Kanehl, E. Baker, 
S. Niemela, and P. M. Stewart. 2003. Wa-
tershed, reach, and riparian influences on 

stream fish assemblages in the Northern 
Lakes and Forest Ecoregion, USA. Cana-
dian Journal of Fisheries and Aquatic Sci-
ences 60:491–505.

Ward, J. 1998. Riverine landscapes: biodiver-
sity patterns, disturbance regimes, and 
aquatic conservation. Biological Conser-
vation 83:269–278.

Warren, M. L., B. M. Burr, S. J. Walsh, H. L. Bart, 
R. C. Cashner, D. A. Etnier, B. J. Freeman, B. 
R. Kuhajda, R. L. Mayden, H. W. Robison, 
S. T. Ross, and W. C. Starnes. 2000. Diversi-
ty, distribution, and conservation status of 
the native freshwater fishes of the southern 
United States. Fisheries 25(10):7–31.

Wellemeyer, J. C., J. S. Perkin, J. D. Fore, and C. 
Boyd. 2018. Comparing assembly processes 
for multimetric indices of biotic integrity. 
Ecological Indicators 89:590–609.

Wenger, S. J., J. T. Peterson, M. C. Freeman, B. J. 
Freeman, and D. D. Homans. 2008. Stream 
fish occurrence in response to impervious 
cover, historic land use, and hydrogeomor-
phic factors. Canadian Journal of Fisheries 
and Aquatic Sciences 65:1250–1264.

Wiens, J. A. 1989. Spatial scaling in ecology. 
Functional Ecology 3:385–397.

Wiens, J. A. 2002. Riverine landscapes: taking 
landscape ecology into the water. Freshwa-
ter Biology 47:501–515.

Williams, J. E., R. N. Williams, R. F. Thurow, 
L. Elwell, D. P. Philipp, F. A. Harris, J. L. 
Kershner, P. J. Martinez, D. Miller, G. H. 
Reeves, C. A. Frissell, and J. R. Sedell. 2011. 
Native fish conservation areas: a vision for 
large-scale conservation of native fish com-
munities. Fisheries 36:267–277.


