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Accounting for non-native Brown Trout
in biological assessments: Implications
for selecting reference conditions
Mark A. Kirk1,2,3 and Scott A. Wissinger2,4
1Department of Zoology and Physiology, University of Wyoming, 1000 East University Avenue, Laramie, Wyoming 82071 USA
2Biology and Environmental Science Departments, Allegheny College, 520 North Main Street, Meadville, Pennsylvania 16335 USA
Abstract: The efficacy of assessments that evaluate biological integrity can be improved by accounting for the eco-
logical processes that influence assemblage composition. Many studies have emphasized that bioassessments need
to account for natural environmental gradients, but there is little consensus on how bioassessments should ac-
count for the impacts of non-native species. In particular, non-native trout species have been introduced into many
high-quality streams that probably meet the expected reference conditions for bioassessment in a given region. The
goal of this study was to test whether the presence of large, piscivorous, non-native Brown Trout (Salmo trutta) at
reference sites altered interpretations of taxonomic completeness indices (TCIs) based on fish assemblages. We
used fish data from 215 sites in wadeable streams in northwestern Pennsylvania to compare the performance of
3 TCIs that used different modeling approaches to account for Brown Trout impacts. One model accounted for
the presence of non-native Brown Trout as a covariate (covariate model), another model censored reference sites
with non-native Brown Trout from the reference pool (censored model), and a final model used all reference sites
without accounting for the presence of Brown Trout (unaccounted model). TCIs based on observed-to-expected
ratios were able to distinguish reference conditions from altered conditions in the covariate and censored models.
In contrast, the unaccounted index could not distinguish reference from altered conditions and was, thus, unable
to accurately assess biological integrity, probably because large Brown Trout reduce native species richness. Our
results provide a framework for how bioassessment practitioners can use different approaches to account for
non-native species impacts, especially when considering which criteria are most important for defining reference
conditions. Accounting for the effects of non-native species with these approaches should improve the ability of bio-
assessments designed to summarize the interactive effects of all potential human stressors on stream assemblages.
Key words: reference conditions, non-native species, taxonomic completeness, biological assessment, biological
integrity
Aquatic ecologists use biological criteria to evaluate the
health of aquatic ecosystems to address the aspirations of
the federal US Clean Water Act of 1972 (Karr 1991, Adler
2012). Bioassessment tools, such as taxonomic complete-
ness indices (TCIs) andmulti-metric indices (MMIs), are de-
signed to assess the multiple and interactive effects of land-
use impacts and non-point stressors on aquatic ecosystems.
These tools have been adapted for, and applied to, stream
monitoring worldwide (Ruaro and Gubiani 2013). MMIs in-
tegrate taxonomic and functional attributes of assemblage
structure into a numeric index (e.g., Angermeier and Karr
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1994, Angermeier et al. 2000), whereas TCIs assess the
intactness of an aquatic assemblage as measured by the
observed-to-expected ratio (O/E) of taxa within an assem-
blage (Hawkins 2006, Meador and Carlisle 2009, Vander
Laan and Hawkins 2014, Mazor et al. 2016). Bioassessment
based on these indices typically relies on the establishment
of reference conditions and the suite of taxa that we expect
to see under these conditions (Hawkins et al. 2010). Thus,
identifying appropriate reference conditions is critical to
establishing effective bioassessments (Chessman and Royal
2004, Stoddard et al. 2006).
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Perhaps the most common challenge associated with
the development of bioassessments is to separate human-
induced impacts fromnatural environmental variation (Allan
2004, Southerland et al. 2007). TCIs attempt to account for
natural environmental variation among reference sites to in-
crease their ability to detect human-caused alterations. The
majority of bioassessment studies identify reference sites
based on some minimal level of landscape-level alteration
(Hill et al. 2017), but other criteria at reach- or site-specific
scales can be useful for identifying and excluding sites
from the reference pool whenmultiple stressors are present
(Chessman and Royal 2004, Ode et al. 2016). For example,
methods that account for the potential effects of non-native
or invasive species have rarely been considered during the
development and testing of TCIs, despite acknowledge-
ment that non-natives should be a reference-site criterion
(Kennard et al. 2005, Meador and Carlisle 2009, Sánchez-
Montoya et al. 2009, Mazor et al. 2016).

Freshwater ecosystems are among the most invaded on
the planet, which has resulted in biodiversity loss and biotic
homogenization (Rahel 2000, Leprieur et al. 2008, Strayer
2010). Ignoring potential interactions between native and
non-native species could bias interpretations of biological
integrity if non-native species alter local assemblages.Many
of the most commonly introduced non-native fish species
are large-bodied piscivores that can affect native fish spe-
cies through predation or competition (Mitchell andKnouft
2009). These large-bodied non-native species have been
introduced across the full spectrum of aquatic conditions,
from centrarchid species (e.g., sunfish and bass) in warm-
water streams to salmonid species in cold-water streams
(Ross 1991, Rahel 2000, Scoppettone et al. 2005, Fausch
2008, Hermoso et al. 2011). Non-native species could bias
assessments of assemblage completeness by inflating ob-
served richness in some instances (Scott and Helfman 1999)
or in other instances reducing the expected richness via an-
tagonistic interactions with native species (Kirk et al. 2017).

The objective of this study was to assess the effects of
large, piscivorous, and non-native Brown Trout (Salmo
trutta) on the performance of fish TCIs. Brown Trout have
been listed as 1 of the 30 most globally invasive fish spe-
cies and negatively affect native fish assemblages around
the world (reviewed in Budy and Gaeta 2017, see also Mc-
Intosh 2000, McDowall 2003, Zimmerman and Vondracek
2006, Sowersby et al. 2015, Turek et al. 2016). Brown Trout
are relatively tolerant to different environmental conditions
and landscape-level changes (McIntosh et al. 2011, Wagner
et al. 2013) and therefore have the potential to interact with
many different native assemblages (Simon and Townsend
2003). Importantly, Brown Trout appear to negativelymod-
ify native fish assemblages in heavily forested (i.e., refer-
ence) streams of our study region in northwestern Pennsyl-
vania, which could confound bioassessments if Brown Trout
streams are used as reference sites (see Kirk et al. 2017).
This content downloaded from 141.195.
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We used fish-based TCIs (O/E) to compare different ap-
proaches that account for the effects of non-native Brown
Trout on native species in high-quality streams (i.e., refer-
ence conditions) and determine whether those approaches
alter interpretations of biological integrity. We evaluated
3 approaches for modeling expected number of taxa (E)
and estimating O/E values: 1) an approach that included
references sites with BrownTrout in the reference-site pool
and used them as a predictor variable to account for their
effects on O/E values (covariate model), 2) an approach
that had reference sites with Brown Trout present censored
from the reference pool (censored model), and 3) an ap-
proach that grouped all reference sites without considering
Brown Trout presence as a possible predictor variable (un-
accounted model). We then compared the performance of
the 3 indices based on bioassessment efficacy metrics (re-
sponsiveness, precision, sensitivity, and bias; Hawkins 2006,
Vander Laan and Hawkins 2014, Mazor et al. 2016) and
an assessment of the accuracy of species distribution mod-
els (area under the curve [AUC] values; Rose et al. 2016).
We hypothesized that the unaccounted model would have
lower assessment performance for all metrics compared
with results from the censored model and covariate model.
Specifically, we predicted O/E indices would be unable to
distinguish reference conditions from altered conditions
without accounting for the presence of large Brown Trout
because they would reduce the occurrence of native species
that would otherwise be found under reference conditions.
METHODS
Study region and data aggregation

Our fish assemblage dataset was composed of 215 unique
sampling locations from wadeable streams in 4 basins in
the Upper Allegheny River watershed, Pennsylvania, USA
(French Creek, Oil Creek, Brokenstraw Creek, and direct
tributaries of the Allegheny River; Fig. 1). Watershed area of
our study streams ranged from 0.5 to 50 km2. Small streams
with watershed areas <10 km2 are cold-water systems and,
in our study region, represent the smallest streams that con-
tain large-bodied, piscivorous Brown Trout (large-bodied
and piscivorous defined as >150 mm; McIntosh 2000, Kirk
et al. 2018). Medium streams are cool-water systems that
range in watershed size from 10 to 50 km2. The landscape
is predominately a mix of low-intensity agriculture and
secondary-growth forest, with elevation and forest cover
increasing to the east (Kirk et al. 2017, 2018).

We sampled fish assemblages between 2005 and 2016
with a pulsed DC backpack electrofisher (Smith-Root
Model 12; Smith-RootCompany, Vancouver, Canada) from
May throughOctober during low-flow conditions.We con-
ducted afish survey at each site across a 150- to250-m stream
reach to collect data on both relative abundance and spe-
cies presence/absence (see Kirk et al. 2017, 2018). First,
004.017 on December 05, 2019 06:03:09 AM
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we herded fish to an upstream barrier and collected a quan-
titative sample to enumerate individuals of all species (e.g.,
blocking seine net, riffle, etc.). This procedure was con-
ducted either once (single-pass estimate in a 100-m reach)
or twice (2-pass depletion estimate in a 50-m reach). We
subsequently took a qualitative sample in an adjacent 100-
to 150-m reach to ensure comprehensive sampling of all
habitat types and document the presence of any additional
species. All analyses used presence/absence data based on
the combined quantitative and qualitative samples to pro-
vide an adequate sampling distance (150–250 m) for docu-
menting species occurrence.

Environmental data consisted of landscape-based vari-
ables and water chemistry data. Landscape data were col-
lected in Geographic Information Systems (ARCMAP by
ERSI on ArcGIS Desktop 9.3.1; Redlands, California, USA)
following methods described in Kirk et al. (2017). For each
sample location we determined site latitude and longitude,
upstream watershed land cover type (%), upstream ripar-
ian land cover within a 50-m buffer of the stream channel
(%), stream elevation (m), upstream watershed area (km2),
downstream distance from each sample site to the main-
stem of the respective sub-basin (km), and channel slope
(m/km elevation drop from source to the sample location
based on National Hydrography Dataset flow lines). We
calculated land-cover types with either the 2006 (sites sam-
pled during 2005–2011) or the 2012 (sites sampled during
2012–2016) National Land Cover Dataset. We organized
the land-cover data into 2 categories: 1) natural land cover,
This content downloaded from 141.195.
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which included all forest and wetland land-cover types;
and 2) non-natural land cover, which included the combi-
nation of agricultural (e.g., row crops, pasture) and devel-
oped land use (e.g., urbanization). Alkalinity was the only
water chemistry variable we used in our analyses.
O/E index construction and development
Construction of O/E indices requires identifying refer-

ence sites that are in excellent ecological condition. These
reference sites allow the prediction of the probabilities of
species occurrence at individual sites expected under no,
orminimal, human-caused stress (Hawkins et al. 2000,Haw-
kins 2006). This set of reference sites was our training data-
set. Sites were selected based on a set of reference score cri-
teria. Minimum criteria for inclusion in the reference-site
pool were that the summed upstream watershed natural
cover and upstream riparian natural cover was ≥150% (200%
maximum,Table 1, Fig. S1) and that a site’s upstreamwater-
shed had minimal row crop agriculture (<15%) and urban-
ization cover (<5%). These specific criteria were either sim-
ilar to or more conservative than least altered conditions
used in 2 TCIs for eastern USA streams (Carlisle et al. 2008,
Meador and Carlisle 2009).We also selected a set of altered
sites based on scores that had combined watershed and
riparian natural cover of <120%. We classified all remain-
ing sites (scores of 120–150%) as medium-impact sites. We
refer to the set of altered and medium impact sites as test
sites.
Figure 1. Map of the 215 sample sites within the Upper Allegheny River watershed of northwestern Pennsylvania. Closed circles 5
sites with Brown Trout present, open circles 5 sites with Brown Trout absent, closed squares 5 non-reference sites (medium/altered)
with Brown Trout present, and open squares 5 non-reference sites with Brown Trout absent. The star indicates the location of Erie,
Pennsylvania. The dark gray line denotes the mainstem of the Allegheny River.
004.017 on December 05, 2019 06:03:09 AM
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The number of reference sites used in a model differed
between the censored model and the other models. For the
2 models that did not censor sites with Brown Trout pres-
ent from the reference-site pool (the covariate and unac-
counted models), 88 of the 215 sites (41%) were considered
to be in reference condition, whereas the censored model
had only 57 (27%) reference sites (i.e., 31 reference sites with
Brown Trout present were removed). This sample size dif-
ference resulted in reduced representation of some envi-
ronmental conditions for the reference dataset of the cen-
soredmodel,whichprovidedanopportunity toevaluatehow
different reference samples could confoundmodel compar-
isons (e.g., Ode et al. 2016). The 2 models that included
Brown Trout reference conditions incorporated sites with
larger watershed areas, lower elevations, and lower channel
slopes than the censored model (Table 1). This difference
occurred because Brown Trout populations are less likely
to occur in small, high-gradient streams in this study region
(seeKirk et al. 2018). Reference sites for allmodels tended to
be farther east in high-elevation streams with relatively low
alkalinities and high channel slopes (Table 1; Kocovsky and
Carline 2005).

We excluded species that were present ≥90 or <10% of
reference sites from all analyses to avoid effects of ubiqui-
tous and rare species (Hawkins et al. 2000, Vander Laan
and Hawkins 2014, Mazor et al. 2016). This exclusion re-
sulted in a total of 21 native fish species that we used in de-
velopment of all 3 O/E indices (see Table S1 for full species
list; Brown Trout were excluded from all analyses). The
21 native species represent all major taxonomic families
and ecological trait guilds, and all are widely distributed
across our study region (Stauffer et al. 2016, Kirk et al. 2017).

Methods for O/E index development have been well de-
scribed elsewhere (Hawkins et al. 2000, Van Sickle et al.
This content downloaded from 141.195.
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2006), which we briefly summarize here. The 1st step was
to identify clusters of reference sites based on their biolog-
ical similarity. We used Sørensen’s dissimilarities of pres-
ence/absence data on the 21 native species to create
1 dendrogram for the censored model (n 5 57) with the
unweighted pair–group arithmetic averaging algorithm, and
then 1 dendrogram for the uncensored and covariate mod-
els via the same process (n 5 88; cluster package; R version
3.2.3; R Foundation for Statistical Computing, Vienna, Aus-
tria). We used these dendrograms to identify reference-site
clusters that maximized within-cluster site similarity while
ensuring that clusters had ≥5 sites (see Figs S2–S3; Van
Sickle et al. 2006, Carlisle et al. 2008). We then estimated
the probability of capturing (Pc) a species at a test site, as-
suming it was in reference condition, as the probability of
a site belonging to each cluster multiplied by the frequency
of that species within a cluster summed across all clusters
(Wright 1995).

The 2nd step was to use multiple discriminant analysis
(MDA) to select environmental variables that best estimated
group (cluster) membership. Models for estimating group
membership were based on 8 potential variables: latitude,
longitude, elevation, watershed area, distance to mainstem,
channel slope, alkalinity, and the presence of large, piscivo-
rous Brown Trout (LBT; binary variable). All variables, ex-
cept for the presence of Brown Trout, are minimally influ-
enced by human activities at our study sites. None of the
variableswerestronglycorrelated (allFrF<0.57).Watershed
area and distance tomainstemwere log-transformed tomeet
the assumptions of normality and homogeneity of variances
for theMDA.

To determine the best model for predicting groupmem-
bership and subsequent Pcs, we used custom R scripts and
the best subsets approach (Van Sickle et al. 2006). We
Table 1. Means and standard deviations (SD) of environmental characteristics for 215 sites in the 4 land-use classes used in analyses.
Note that reference site groups are defined based on whether they contain Brown Trout (n 5 88; covariate and unaccounted
models) or not (n 5 57; censored model).

Reference with LBT
censored (n 5 57)

Reference with LBT
included (n 5 88)

Medium impact
(n 5 90)

Altered sites
(n 5 37)

Mean SD Mean SD Mean SD Mean SD

Reference score (%) 168.6 15.4 170.2 15.0 135.8 10.2 104.6 15.1

Natural cover (%) 78.3 9.8 79.6 10.2 60.4 8.7 44.6 8.8

Riparian cover (%) 90.2 7.2 90.5 6.6 75.7 7.0 61.1 8.1

Latitude (7) 41.8 0.1 41.7 0.1 41.7 0.2 41.8 0.2

Longitude (7) 279.7 0.2 279.7 0.2 279.9 0.2 280.0 0.2

Watershed area (km2) 8.0 7.6 11.3 9.9 12.6 9.2 11.9 9.5

Elevation (m) 423.0 39.0 411.4 41.8 392.6 38.7 377.8 40.2

Channel slope (m/km) 24.0 12.4 21.2 11.0 15.5 8.1 14.0 8.8

Distance (km) 10.6 10.1 10.6 9.9 13.2 11.1 14.1 11.8

Alkalinity 49.3 27.4 49.3 26.2 59.9 23.8 76.8 31.6
004.017 on December 
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identified the bestmodels as those that weremost parsimoni-
ous (fewest predictors to avoid model overfitting), accurate
(high correct classification rates), and precise (low root mean
square errors). We repeated the best subsets evaluation in-
dependently for all 3 modeling approaches. One best sub-
sets model was determined for the censored model with
57 reference sites. For themodels that includedBrownTrout
reference sites (n5 88), 1 best subsets evaluation was made
with all 8 candidate predictor variables that would directly
account for Brown Trout presence if selected in the final
model (covariate model). Another separate best subsets
evaluationwas then done with only the 7 physical–chemical
variables (unaccounted model).

Previous development of O/E indices suggests that in-
cluding species with a Pc above a certain threshold can af-
fect index performance (Hawkins et al. 2000, Hawkins 2006,
Vander Laan and Hawkins 2014, Mazor et al. 2016). Most
studies recommend a Pc threshold of 0.5 for inclusion or
exclusion of species in a model, but we applied a species-
specific threshold for each model described above because
of the high species omission rates observed for rare taxa in
TCIs (see Rose et al. 2016). Species-specific Pc thresholds
were determined by calculating Cohen’s Kappa statistic
based on the observed presence/absence data and then es-
timating Pc data across all possible Pc values between 0 and
1 in 0.05 increments. The Kappa statistic provides a mea-
sure of correct classification after accounting for potential
chance agreement, and the Pc that maximized the Kappa
statistic for each species was selected for each index (see
Canning 2018). We then predicted E at a site as the sum of
all species that had Pc values above their respective thresh-
olds. The number of observed taxa (O) was the number of
species observed at each site that were predicted to occur
based on their respective Pc threshold. Sites with lower
O/E ratios (e.g., <1) are typically inferred to be taxonomi-
cally incomplete compared with the assemblages expected
under reference conditions.

Index performance
To evaluate performance of the 3 different O/E indices,

we first regressed O (y-axis) against E (x-axis) for data from
all sites. We compared the coefficient of determination (R2),
the slope, and the intercept for each modeling approach
with expectations from a 1∶1 line (i.e., a perfect model fit)
with simple linear regression (lm function; R version 3.2.3;
R Foundation for Statistical Computing, Vienna, Austria).
R2 estimates the congruency between O and E and the slope
and intercept assess model bias and consistency (Piñeiro
et al. 2008).

We evaluated the accuracy of the 21 species distribu-
tions predicted from each of the 3 modeling approaches
based on AUC estimates. Capture probabilities from the
models were used to compute AUC values, which ranged
from 0.5 to 1.0. Values of 0.5 indicate very weak predictive
This content downloaded from 141.195.
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performance and 1.0 indicates perfect performance. Values
>0.7 have been interpreted to indicate good model perfor-
mance (Rose et al. 2016). We compared AUC values both
statistically and descriptively. First, we used analysis of var-
iance (ANOVA) to test if the 3 modeling approaches dif-
fered inmeanAUC values. Second, we counted the number
of species with AUC values >0.7 (i.e., good performance).
We were particularly interested in testing whether the cen-
soredmodel had different predictive accuracy because it had
a smaller, different reference pool sample than the covariate
and unaccounted models.

We also used 4 additional criteria (responsiveness, bias,
sensitivity, and precision) for assessing index performance
that have beenused in previous bioassessment studies (Haw-
kins 2006, Hawkins et al. 2010, Vander Laan and Hawkins
2014, Mazor et al. 2016). Responsiveness is a measure of
how much bioassessment scores change with site altera-
tion, and we evaluated it with a 1-way ANOVA (R ver-
sion 3.2.3; available from: https://cran.r-project.org/bin
/windows/base/old/3.2.3/) that tested for differences in
mean O/E index scores among the 4 land-use classes (al-
tered, medium, and reference sites with and without Brown
Trout). We then used Tukey’s post-hoc honestly significant
difference (HSD) tests to test for specific differences in in-
dex scores between altered and reference sites. We eval-
uated bias with a multiple regression model (lm function)
to determine if any remaining variation in the index scores
could be attributed to the predictor variables included in
the models. The 3rd criterion, sensitivity, was defined as the
proportion of altered sites that had O/E values below the
10th percentile of reference site values.

The 4th criterion, precision, measures the amount of var-
iability in reference site values and was quantified as the
standard deviation (SD) in reference site O/E values. Appli-
cation of bioassessment models to data from reference sites
should theoretically produce small deviations in assessment
scores that would only be associated with sampling error.
The overall performance of O/E indices is best assessed by
applying the model to an independent set of reference sites,
known as a validation sample (Hawkins et al. 2000, Hawkins
2006, Van Sickle et al. 2006). Small sample sizes in our study
prevented us from setting aside a validation set. Thus, we
validated the performance of each O/E index by applying
the model to each respective set of reference sites.

Species occurrence frequencies
We compared differences in responses of individual

species between the 3 modeling approaches by calculating
the observed frequencies (OF) and expected frequencies
(EF) for the 21 native species. This comparison examined
which species occurred more or less frequently than ex-
pected based on reference conditions (Carlisle et al. 2008,
Meador and Carlisle 2009). OF was calculated as the sum
of observed species occurrences across all non-reference
004.017 on December 05, 2019 06:03:09 AM
and Conditions (http://www.journals.uchicago.edu/t-and-c).



Volume 38 December 2019 | 795
sites that were predicted to occur with Pc values greater
than each species’ respective threshold. EF was calculated
as the sum of predicted species occurrences with Pc values
greater than each respective threshold across the same set
of non-reference sites. We then calculated the OF∶EF ratio
to evaluate each species’ sensitivity to alterations at non-
reference sites (i.e., sensitivity to deviations from reference
conditions). We defined species with OF∶EF ≥ 1.25 as tol-
erant increasers (i.e., more frequently observed at stream
sites with altered conditions), and species with OF∶EF ≤
0.75 as sensitive decreasers (i.e., less frequently observed
with increasing alteration). If all models predicted species
distributions similarly, we expected that OF∶EF ratios would
not differ among the 3 modeling approaches.

RESULTS
The reference clusters for all 3 models were similarly as-

sociated with gradients of stream size and elevation. For the
covariate and unaccounted models that included Brown
Trout reference sites (n 5 88), reference clusters were
strongly linked to stream size. Of 7 total clusters, 100% of
sites in 4 clusters had watershed areas <10 km2, and 91%
of sites in the remaining 3 clusters had watershed areas of
10 to 50 km2. The 4 small-stream clusters mainly differen-
tiated low-elevation streams in the western portion of our
study region from high-elevation, high-gradient streams in
the eastern portion of our study region. The 3 large-stream
clusters mainly differed in the presence of Brown Trout. In
1 large-stream cluster, 86% of sites (12 of 14) had no LBT,
whereas in the 2 other large-stream clusters, 63% and 75%
(10 of 16 and 12 of 16, respectively) of sites had LBT. Refer-
ence clusters in the censored model (n5 57) were strongly
associatedwith stream size, elevation, and longitude, similar
to the reference clusters of the 2 uncensored models (see
Figs S2 and S3 for more details).

The best subsets process from the MDA resulted in a
similar suite of predictor variables for the 3 modeling ap-
proaches. Reference clusters used in the covariate model
were best predicted by anMDAmodel that contained alka-
linity, watershed area, distance to mainstem, latitude, lon-
gitude, and the presence of LBT. This was the only model
ranked in the top 10% of all possible covariate models for
both accuracy and precision, and correct classification rates
(i.e., accuracy) were 6% higher than the competing models
with slightly higher precision. In the unaccounted model,
reference clusters were best predicted by alkalinity, water-
shed area, distance to mainstem, and latitude. This model
was the only one that ranked in the top 33% of all possi-
ble unaccounted models for both accuracy and precision,
and had 3 to 7% higher accuracy than competing models
with slightly higher precision. Both the covariate and un-
accounted models produced more precise O/E predictions
at reference sites (SD 5 0.31 and 0.34, respectively) than
did their respective null models (both SD 5 0.38). The se-
This content downloaded from 141.195.
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lection process for the censored model included alkalinity,
watershed area, distance to mainstem, latitude, and eleva-
tion as the best predictors. This model was ranked the high-
est in precision, was in the top 33% for accuracy, and had
2% higher accuracy than the model with the 2nd highest
precision. The censored model also had higher precision
than its null model (SD 5 0.28 and 0.39, respectively).

Plots of generalmodel performance based onOvsE rich-
ness indicate moderate correlation between O and E for all
3 model approaches (R2 5 0.50–0.65). Visual inspection of
plots indicated that models frequently over-predicted or
under-predicted E, especially as species numbers increased
(Fig. 2A–C). However, the intercept and slope comparisons
indicated that the models were not biased (range5 -0.40–
0.20 and 0.90–1.12, respectively; i.e., no regressions differed
significantly from a 1∶1 line). AUC values across all 3 O/E
Figure 2. Observed (O) vs expected (E) richness plots for all
215 sample sites as predicted from the covariate (A), censored
(B), and unaccounted models (C). The solid line is the simple
linear model regression line, and the dashed line is a 1∶1 line.
004.017 on December 05, 2019 06:03:09 AM
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models ranged from 0.52 to 0.84. Nineteen of 21 native spe-
cies had AUC values >0.7 for the covariate model, as did
14 species for the censored model and 15 species for the
unaccounted model (see Table S1, Fig. S4). The covariate
model clearly had good performance for more species, but
AUC values of the 3 approaches were not significantly dif-
ferent (F2, 62 5 1.00, p 5 0.374).

The ability of O/E indices to distinguish between land-
use classes varied depending on how models accounted for
large Brown Trout at reference sites. The index for the co-
variate model indicated that all reference conditions (sites
with Brown Trout present and absent) had higher taxo-
nomic completeness compared with altered and medium-
impact conditions (F3, 211 5 13.06, p < 0.001; Fig. 3A). The
censored index was also able to distinguish reference condi-
tions without BrownTrout from altered conditions (F3, 2115
4.96, p5 0.002; Fig. 3B), and the censored index further in-
dicated that reference sites with Brown Trout had statisti-
cally similar O/E values as altered sites (means 5 0.85 and
0.87, respectively). Finally, the index for the unaccounted
model was unable to distinguish reference conditions from
altered conditions (F3, 211 5 2.34, p 5 0.074; Fig. 3C).

There were striking differences in the OF∶EF ratios for
several native species across the 3 models. The covariate
model identified Brook Trout (Salvelinus fontinalis), Com-
monShiner (Luxilus cornutus),NorthernHogsucker (Hypen-
telium nigricans), Rainbow Darter (Etheostoma caeruleum),
Striped Shiner (L. chrysocephalus), and Yellow Bullhead
(Ameiurus natalis) as sensitive species that decrease with
alteration (Table 2). In contrast, only Brook Trout and Yel-
low Bullhead were identified as sensitive to alteration in the
censored and unaccounted models. Hence, changes in the
frequency of species occurrence between reference and al-
tered sites appear to be associated more with the specific
approach for handling Brown Trout reference sites rather
than actual changes in reference conditions.

With respect to index performance, the index for the
covariate model that directly accounted for the presence of
LBT had the highest responsiveness (Fig. 3A; Table 3). All
3 indices had a weak, positive bias associated with stream
size (i.e., higher index scores with increasing size). The co-
variate index also had the highest sensitivity, identifying
40.5% of altered sites as being below the 10th percentile of
reference site scores as compared with 27.0% and 29.7% for
the censored and unaccounted indices, respectively. Preci-
sion was slightly higher for the indices from the covariate
and censored models that accounted for Brown Trout com-
pared with the unaccounted index.

DISCUSSION
An extensive literature documents the negative impacts

of non-native species on native assemblages (Mitchell and
Knouft 2009, Gozlan et al. 2010, Ricciardi et al. 2013), but
no studies have explicitly tested either the effects of non-
This content downloaded from 141.195.
All use subject to University of Chicago Press Terms 
native species on bioassessment indices or potential strate-
gies to account for their impacts. The ability of bioassess-
ments to accurately detect the effects of human-associated
stressors on aquatic assemblages depends on the ability to
control for background ecological processes that underlie
variation in assemblage composition (Allan 2004, Hawkins
2006,Wang et al. 2008, Hawkins et al. 2010). It is well estab-
lished that naturally-occurring variation in environmental
conditions can complicate the ability to detect assemblage
changes from physical–chemical alterations, but no one
has assessed the influence of biological stressors on the
Figure 3. Comparison of O/E ratios for the different land-
use classes with expected number of taxa (E) predicted by the
covariate (A), censored (B), and unaccounted models (C). An
O/E value of 1 (dashed lines) is where the number of observed
taxa (O) and E are equal. Upper-case letters within each panel
distinguish statistically significant classes for each index based
on Tukey’s pairwise comparisons (p < 0.05). Ref.absent indi-
cates reference sites without large Brown Trout (LBT; n 5 57)
and Ref.present indicates reference sites with LBT (n 5 31).
004.017 on December 05, 2019 06:03:09 AM
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ability of bioassessment to detect those changes. Non-
native species have been considered as a potential response
metric in MMIs (Angermeier et al. 2000, Wang et al. 2008),
and previous taxonomic completeness studies simply ac-
knowledge that accounting for non-native species could en-
hance the ability of these indices to detect land-use alter-
ation (Kennard et al. 2005, Carlisle et al. 2008, Meador and
Carlisle 2009, Mazor et al. 2016).

We demonstrated that overlooking the potential im-
pacts from non-native species could have profound conse-
quences for interpretations of biological integrity (e.g., an
inability to identify biologically altered conditions; Fig. 3C).
There are 2 general ways in which non-native species could
affect bioassessment inferences. The 1st, and perhaps most
common, is that the presence of non-native species will be
positively correlated with anthropogenic alteration. Non-
natives often invade native assemblages occurringwithin al-
tered streams (Ross 1991, Kennard et al. 2005, Scoppettone
et al. 2005, Leprieur et al. 2008, Hermoso et al. 2011). In this
This content downloaded from 141.195.
All use subject to University of Chicago Press Terms 
context, the impacts of non-native species should be coinci-
dent with the impacts of other anthropogenic stressors on
fish assemblages at altered sites. The 2nd scenario, which we
address in this study, occurs when non-native species occur
in streams that are relatively unaltered by physical–chemical
stressors. This scenario can compromise bioassessment if
non-native species reduce native species richness in refer-
ence streams, thus, generating a potential mismeasure of bi-
otic integrity (Scott and Helfman 1999, Kirk et al. 2017). In
this study, we demonstrated that TCIs were unable to effec-
tively distinguish reference and altered conditions without
accounting for the negative impacts from the non-native spe-
cies. Hence, it is difficult to determine what constitutes true
reference conditions if reference sites include environmen-
tal conditions where non-native species are likely to occur
(Chessman and Royal 2004). Many bioassessment studies
classify reference conditions based on a threshold for non-
natural land use (agricultural or urbanization) at the land-
scape scale (Hawkins et al. 2000, 2010, Carlisle et al. 2008,
Table 2. Comparison of OF : EF ratios for fish species calculated from probabilities of capture (Pc) derived from the co-
variate, unaccounted, and censored models. Bolded values identify species as either sensitive (ratios ≤ 0.75; i.e., decreas-
ing occurrence with alteration) or tolerant (ratios ≥ 1.25; i.e., increasing occurrence with alteration) for each respective
model. Non-bolded values indicate when a species was not identified as being sensitive or tolerant for a given model.

Group Species Covariate model Unaccounted model Censored model

Sensitive Brook Trout 0.22 0.55 0.42

Common Shiner 0.60 0.81 0.82

Northern Hogsucker 0.75 1.09 1.02

Rainbow Darter 0.74 0.95 1.04

Striped Shiner 0.50 0.80 0.80

Yellow Bullhead 0.70 0.57 0.80

Tolerant Fantail Darter 1.28 1.13 1.46

Greenside Darter 1.04 1.08 1.49

Longnose Dace 0.82 1.18 1.51

Pumpkinseed 1.26 1.39 1.57
004.017 on D
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Table 3. Performance metrics for the 3 modeling approaches with reference site sample sizes in parentheses. Bolded values indicate
the best score for each performance metric across all methods. Bias variables are the variables used in the original models still asso-
ciated with O/E values. Bias is the amount of variation (R2) in index scores explained by those predictor variables. Precision is the
standard deviation (SD) of reference site scores for each index. Sensitivity is the proportion of altered sites that had O/E values below
the 10th percentile of reference site values. The F-test statistic quantifies responsiveness—i.e., the magnitude of difference in bio-
assessment scores among different land-use classes from the analysis of variance (ANOVA). *Indicates the relationship was significant
(p < 0.05).

Bioassessment method
Bias variables
(p < 0.05)

Bias
(R2)

Precision
(SD)

Sensitivity
(%)

F-test
statistic

Covariate model (n 5 88) Area 0.06 0.31 40.5 13.1*

Unaccounted model (n 5 88) Area 0.06 0.34 29.7 2.3

Censored model (n 5 57) Area 0.02 0.28 27.0 5.0*
du/t-and-c).
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Vander Laan and Hawkins 2014, Mazor et al. 2016), so un-
derstanding the impacts of additional stressors is imperative
for improving the ability of bioassessments to infer biolog-
ical integrity.

In our study system, we were faced with the dilemma of
accounting for non-native species with known negative im-
pacts at reference sites (see Kirk et al. 2017). Thus, we consid-
ered 3 potential approaches for how to handle non-native
specieswithin a bioassessment framework.The1st approach
was to exclude sites that had the non-native species present
from the reference pool (i.e., censored model; Kennard et al.
2005, Ode et al. 2016). From a bioassessment perspective,
censoring reference sites with non-native species seems
most appropriate because the entire basis for selecting ref-
erence sites is that they are unaffected by anthropogenic
stressors. However, from a practical perspective, true refer-
ence sites with no impacts from stressors can be rare, and
1 or more undetected stressors could be acting on assem-
blages (Hawkins et al. 2000, Chessman andRoyal 2004, Car-
lisle et al. 2008).Many species of non-native trout have been
introduced around the world (Fausch 2008, McIntosh et al.
2011), often in high-quality habitats with low levels of deg-
radation that would otherwise meet reference criteria for a
given region (Wang et al. 2008).

An adequate sample size of reference sites is critical for
both calibrating and validating index performance (Van
Sickle et al. 2006, Carlisle et al. 2008). If most potential ref-
erence sites (i.e., based on landscape and chemistry vari-
ables) have anon-native species present, index construction,
and likely, index performance, would be compromised if
those sites with non-native species were eliminated. More-
over, non-native species impacts often vary across environ-
mental gradients (Ricciardi et al. 2013, Iacarella et al. 2015),
including in our study region where community-level im-
pacts of Brown Trout are most prominent in high-quality,
medium-sized streams (10–50 km2) because this species
is uncommon in headwater streams (<10 km2; Kirk et al.
2017, 2018). Thus, censoring reference sites based on the
occurrence of non-native species could be unwarranted
without knowledge on the extent of their impacts across
environmental gradients and without considering how cen-
soring sites might bias the reference pool.

Censoring Brown Trout sites from the reference pool
provided adequate sample sizes to distinguish between ref-
erence and altered conditions in our study (Fig. 3B), but it
also created an inherent bias within our reference dataset.
By censoring Brown Trout reference sites, we compromised
representation of large streams from our reference pool
(Table 1; average watershed area of the 31 censored sites5
17.5 km2; see also Ode et al. 2016). This reduction in envi-
ronmental representation did not influence the responsive-
ness of the censored index, but it did affect species OF∶EF
ratios and the perceived sensitivity of fish species to altered
conditions. Greenside Darter (Etheostoma blennioides) and
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Longnose Dace (Rhinichthys cataractae) are relatively sen-
sitive species from a bioassessment perspective (sensu Bar-
bour et al. 1999), but our censored model identified them
as tolerant species that increase with alteration (Table 2).
These 2 native species are rarely found in headwater streams
(<10 km2; Stauffer et al. 2016, Kirk et al. 2017), so our results
are probably an artifact of the dataset having greater repre-
sentation of larger streams at non-reference sites compared
with reference sites for the censored model.

The 2nd modeling approach accounted for the non-
native species directly within the modeling framework (co-
variate model). This method is similar to controlling for
environmental covariates. The covariate model identified
several species (Common and Striped Shiner, Northern
Hogsucker, and Rainbow Darter) as sensitive to alteration,
which is consistent with their previously documented sensi-
tivity to biological degradation (Barbour et al. 1999). These
species were not identified as sensitive in either the cen-
sored or the unaccounted models (Table 2), suggesting the
changes in OF∶EF ratios among approaches are more asso-
ciated with a species’ sensitivity to stream-size or suscepti-
bility to LBT impacts (see Kirk et al. 2017). These results
provide further examples of how censoring sites from the
reference pool and not accounting for non-native species
impacts can lead to incorrect inferences about species re-
sponses and perceived impacts of land-use alteration (e.g.,
Ode et al. 2016). The downside to directly accounting for
non-native species impacts is that this approach could gen-
erate a perception that reference sites with non-native
Brown Trout have high biological integrity. In reality, how-
ever, those sites are probably taxonomically incomplete be-
cause Brown Trout can reduce or eliminate a subset of na-
tive species that would otherwise occur at reference sites
(cf. Fig. 3A and 3B; see also Kirk et al. 2017).

The 3rd approach was to ignore any potential Brown
Trout impacts and treat them as a potential part of themod-
eled assemblage (unaccounted model). Bioassessment pre-
dominately focuses on native species integrity, but incor-
porating non-native species in these indices could improve
detection of alteration or achieve additional management
objectives (Carlisle et al. 2008, Meador and Carlisle 2009).
Despite Brown Trout being an invasive species with perva-
sive impacts on native fish, this species also has high recre-
ational and commercial value as a gamefish (Budy and Ga-
eta 2017). Thus, managers might want to account for the
socioeconomic benefits of this or other gamefish species in
their assessment framework and treat them as part of a ref-
erence assemblage that managers want to achieve. How-
ever, the covariate model still performed better than the
unaccounted model in nearly all performance measures
when quantifying native integrity (Table 3). Hence, account-
ing for non-native species impacts is better for detecting ef-
fects of physical–chemical degradation rather than ignor-
ing whether species are non-native altogether.
004.017 on December 05, 2019 06:03:09 AM
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The censored and covariate indices were both success-
ful in distinguishing reference and altered conditions, but
comparisons of index performance between the two was still
confounded by differences in environmental characteristics
among the 2 reference datasets used for prediction (Table 1).
For example, the censored index required less study on
environmental variation, which could attribute to higher
precision and lower bias results compared to other models
(Table 3). Our indices also have low precision (SD 5 0.28–
0.34) compared with indices developed for actual bioassess-
ment programs (SD < 0.20; from Vander Laan and Hawkins
2014). The low precision in our study may have been caused
by several factors including small reference site sample
sizes, high similarity among fish assemblages associated
with a limited stream-size gradient (i.e., ≤50 km2; Kirk et al.
2017), or a small number of taxa being modeled (n 5 21;
Meador and Carlisle 2009). We acknowledge that it might
be possible to improve index performance for these streams,
but our study provides a model example of why non-native
species impacts need to be accounted for and how bio-
assessment practitioners can accomplish that in different
contexts.

Ultimately, deciding on the most suitable approach for
bioassessment practitioners will depend upon the severity
ofnon-native species impacts, data limitations, andmanage-
ment objectives (Hawkins 2006, Mazor et al. 2016). Large-
bodied piscivores are likely to be among the most impor-
tant non-native species to account for in bioassessments
because they often have more pronounced effects on native
species composition compared with non-natives at lower
trophic positions (Mitchell and Knouft 2009). If reference
sites are abundant and non-native species occurrences rep-
resent a small proportion of total reference sites, censoring
sites should not compromise the existing reference pool
(Kennard et al. 2005). However, if high-quality (i.e., pris-
tine) reference sites are rare and non-native occurrences
represent a large proportion of reference sites, such that cen-
soring sites would result in an incomplete representation of
environmental conditions (Ode et al. 2016; Table 1), then
directly accounting for non-native species within model-
ing frameworks should be the most suitable approach (co-
variate model).

These approaches can also be used for different man-
agement objectives, depending on whether bioassessment
practitioners want to directly quantify the impacts of these
stressors or produce indices that are insensitive to their con-
founding effects. If the management objective is to identify
whether non-native species have a negative impact on bi-
otic integrity under what are otherwise reference condi-
tions, then non-native sites should be censored and ana-
lyzed independently as a set of non-reference sites (e.g.,
Fig. 3B). If the management objective is to infer non-point
stressor impacts from land-use change and associated im-
pacts at larger scales, which is the most frequent applica-
This content downloaded from 141.195.
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tion of bioassessment studies (Carlisle et al. 2008), then di-
rectly accounting for the confounding effects of non-native
species would be a more suitable approach. Finally, prac-
titioners could evaluate scores from multiple indices to
achieve a more holistic interpretation of biological integrity
and decide which approaches produce results most rele-
vant to management goals.

Conclusions
Our study provides a framework for understanding how

non-native species can confound the development and in-
terpretation of bioassessment tools. O/E TCIs based on fish
species occurrence could distinguish reference and altered
conditions only when non-native Brown Trout were ac-
counted for in the covariate model or when reference sites
with Brown Trout were censored from the reference pool.
Incorporating Brown Trout reference sites without ac-
counting for their presence led to an overestimation of tax-
onomic completeness at altered sites and, thus, biased as-
sessments of biological integrity because these non-native,
top predators reduce the native species richness in refer-
ence streams. Systems that have highly invasive, widespread
species with well-documented impacts on native assem-
blages might represent the best examples for further ad-
dressing how non-native species can alter interpretations
of biological integrity. Our results have important implica-
tions for bioassessment studies because reference condi-
tions are typically derived from landscape-level criteria
and potential impacts from the presence of non-native spe-
cies are often overlooked. Our results emphasize the need
to disentangle the effects of non-native, invasive predators
from environmental gradients and other human stressors
to better explain themultiple underlying causes of variation
in assemblage composition. Our study provides bioassess-
ment practitioners with 3 modeling approaches for ac-
counting for the impacts of non-native species that can be
chosen based on management objectives. Understanding
how non-native species affect measures of biological integ-
rity should ultimately improve our ability to use bioassess-
ments in aquatic ecosystems by providing better insight
into what constitutes the most appropriate characterization
of reference conditions (Chessman and Royal 2004, Ode
et al. 2016).
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