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Abstract.—Predictive fish distribution models have utility in planning conservation measures for rare fish

species. However, species rarity creates sampling and modeling difficulties that require an understanding of

model accuracy. We evaluated existing distribution models for 10 rare fishes based on 2,026 community fish

samples and associated riverine habitat. Our fieldwork provided an independent fish species inventory for 143

sample sites. This inventory was used to quantify species detectability for use as a weighting factor with

which to correct false-negative modeling errors. Presence/absence data were compared with predictions to

evaluate model accuracy as determined by Cohen’s kappa and correct classification rates. Detection

probabilities were generally small but ranged from 0 to 0.68. The models predicted species occurrence with

relatively high success (average kappa¼ 45.6% and average correct classification rate¼ 74.1%). The habitat

variables for predicting species occurrence varied among species; however, stream size and streamflow were

the most influential. All distribution models had adequate predictive abilities and improved our understanding

of fish distributions and the factors determining those distributions. Model accuracy statistics can provide

managers with a measure of confidence when they are directing conservation activities.

The conservation of rare fish species requires

biogeographic information about fish distributions that

is spatially comprehensive and of appropriate resolu-

tion for effective fisheries management. This need can

be addressed with statistical fish distribution models

based on habitat relationships that predict species

occurrence (Jennings 2000; Oakes et al. 2005). Models

can be useful for designing survey and monitoring

programs, assessing habitat suitability, and prioritizing

sites for conservation (Pearce and Ferrier 2000; Olden

and Jackson 2002).

Sampling rare species can be challenging (McArdle

1990; Scott et al. 2002; MacKenzie et al. 2005), and

insufficient data often preclude predictive distribution

modeling (Scott et al. 2002; Rushton et al. 2004). A

species may be considered rare because of low

abundance, cryptic or nocturnal behavior, or temporal

variation in its distribution (Gaston 1994; McDonald

2004; MacKenzie et al. 2005), all of which influence

detectability. Species presence estimates are generally

derived from catch data that are assumed to be

representative of actual species presence in the sampled

area (Schmidt 2003). However, it is unusual to detect

all of the species present in a particular sampling area

(Pollock et al. 2002; Gu and Swihart 2004). This is

especially true for mobile aquatic animals, such as fish

(Boulinier et al. 1998; Nichols et al. 1998a) in complex

riverine habitats. Rare species have low model

sensitivity, making it difficult to predict the occurrence

of the organisms whose conservation and management

may be the most critical (Olden and Jackson 2002).

Detection is defined as the probability of detecting at

least one individual of a species, assuming that the

species is present at the sampling site at that particular

time (Boulinier et al. 1998; Nichols et al. 1998a;

Bayley and Peterson 2001) and is a function of

abundance, sampling efficiency, and effort (Nichols

et al. 1998b; Gu and Swihart 2004). The inability to

detect a species can inflate commission error (false

positives [i.e., the species is predicted to occur at the

site but is not actually found there]; Scott et al. 1993;

Cassidy et al. 1994; Krohn 1996). Commission error

has two components: true error (the species is not

found because of inaccuracies in the models) and

apparent error (the species does occur at the site but

was missed in field surveys) (Dedon et al. 1986; Scott

et al. 1993; Edwards et al. 1996). To minimize

commission error, other authors have applied a 0.5

threshold as a weighting factor on commission (e.g.,

Karl et al. 2000), which increased the predictive ability
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of models. However, this arbitrary number does not

account for heterogeneous detection rates among

species. Including detection probabilities as an error

estimate (Hoeting et al. 2000) may improve model

performance and minimize the bias in parameter

estimates and the associated uncertainty (MacKenzie

et al. 2002; Martin et al. 2005).

The utility of predictive models has been questioned

because many of them lack validation and accuracy

assessment (Short and Hestbeck 1995; Davis 1996;

Edwards 1996; Scott et al. 1996; Guisan and Zimmer-

man 2000; Karl et al. 2000). Model validation involves

quantifying the predictive performance of the model

(e.g., determining the correct classification rate for

species presence or absence). Validation is an impor-

tant step in the modeling process because it quantifies

our confidence in the predictions and potential model

applications. To obtain unbiased estimates of the

predictive accuracy of a model, data collected from

sites other than those used to develop the model should

be used (Pearce and Ferrier 2000; Olden et al. 2002).

Recent data showing declines in fish species in

South Dakota rivers (Hoagstrom et al. 2007) and a new

emphasis on conserving nongame species (SDGFP

2007) has heightened the need for tools to assist in

conservation planning. Aquatic gap analysis (Sowa et

al. 2007) has been suggested for this purpose because

this type of analysis has provided distribution models

for South Dakota fishes (Wall et al. 2004).

The goal of this study was to assess the predictive

accuracy of existing gap analysis models for 10 rare

fishes. We hypothesized that commission errors

resulted from the failure to find a rare species when

it was present and that these errors could be reduced by

incorporating detection probabilities. Our objectives

were to assess model accuracy across six ecological

drainage units, use detection probabilities in the

assessment of model accuracy (Hayer et al. 2006),

and improve information about the factors that

influence the distribution of these species.

Study Area

South Dakota includes 10 major river drainages

(Figure 1) that lie within two geomorphic provinces,

the Central Lowlands and the Great Plains (Thornbury

1965; Hogan 1995; Holliday et al. 2002). The Missouri

Coteau (Missouri River main stem) forms the western

edge of the Central Lowlands Province that includes

the Big Sioux, Vermillion, James, and upper Minnesota

rivers. The Central Lowlands Province is lower in

elevation than the Great Plains Province, was entirely

glaciated, and is characterized by abundant lakes,

wetlands, and low-gradient streams (Hoagstrom et al.

2007).

In contrast, the Great Plains Province was glaciated

only near its boundaries and is characterized by rivers

and streams (Winter and Woo 1990), erosive soils, and

few natural lakes (Meade et al. 1990). The landscape

FIGURE 1.—Map of South Dakota showing the 10 major river drainages, the six ecological drainage units (EDUs) used in this

study (shaded areas), and the individual data sites (black dots). The Grand–Moreau EDU consists of the Grand (1) and Moreau

(2) rivers. The Cheyenne EDU includes the Cheyenne River (3) and the White EDU includes the White River (5). The East River

EDU includes the James (7), Vermillion (8), and Big Sioux (9) rivers. The Minnesota EDU includes the upper Minnesota River

(10). Rivers not included in this study are the Bad River (4) and the Missouri River main stem (6).
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has greater topographic relief than the Central

Lowlands Province and includes the Grand, Moreau,

Cheyenne, Bad, and White river drainages in South

Dakota. The Great Plains Province has a wide range of

stream types as a result of variable local geology and

climate (Thornbury 1965). In addition, the Black Hills

is a unique landform within the Cheyenne River

drainage in South Dakota that is typically characterized

by clear coldwater streams with deep, narrow valleys

and limited floodplains (Hogan 1995).

The major river basins in South Dakota have been

partitioned into six ecological drainage units (EDUs;

Figure 1). An EDU is a zoogeographic unit that has a

relatively distinct physiographic character, evolution-

ary history, and aquatic assemblage (Higgins et al.

2005; Sowa et al. 2007). Three glaciated basins—the

James, Vermillion, and Big Sioux—make up one EDU

because of the similarities in their fish assemblages and

habitat (Wall et al. 2004). The upper Minnesota River

drainage is an EDU because it is in the Mississippi

River basin, whereas other South Dakota rivers are in

the Missouri River basin. The major western tributaries

to the Missouri River in South Dakota have distinct

zoogeographies (Hoagstrom and Berry 2006) that

suggested division into a White River EDU, Cheyenne

River EDU, and Grand–Moreau River EDU. The Black

Hills, characterized by unique geology and coldwater

streams, make up a distinct ecoregion within the

northwestern Great Plains (Omernik 1987) and thus

were considered an EDU for this study.

Methods

Distribution models for South Dakota fishes were

available from our unpublished studies (Smith et al.

2002; Wall et al. 2004), and these models were

evaluated for fishes in selected basins outside South

Dakota (Sylvester 2004). The modeling process

included five steps: developing the base layer for

modeling, compiling a comprehensive fish database,

developing an empirical model, predicting distribution,

and assessing model accuracy.

Base layer for modeling.—We used geographical

information systems (GIS) technology to classify

riverine habitat at multiple spatial scales according to

the landscape variables that are important in determin-

ing the distribution of aquatic communities (Table 1;

Lammert et al. 1996; Higgins et al. 1998; Smith et al.

2002; Sowa et al. 2007) based on a hierarchy system

(Frissell et al. 1986). A GIS analysis was performed

with ArcView 3.2 (ESRI 1999), ArcInfo version 8.2

(ESRI 2000), and ArcInfo Arc Macro Language

supplied by the Nature Conservancy (TNC–FWI

2000) and the Missouri Resource Assessment Partner-

ship (Annis et al. 2002). The National Hydrography

Dataset (USGS 2002) was used to develop the base

hydrography layer (1:100,000 scale) from which valley

segment types were delineated.

Fish database.—A comprehensive fish database was

compiled from numerous sources (recently summarized

by Hoagstrom et al. 2007). Sample points on rivers and

the associated fish presence data were converted to a

spatially referenced layer for use in GIS analysis. Point

locations were verified for accuracy. A total of 2,026

survey sites were used for modeling. We spatially

linked the data from each site to the valley segment

layer. We consolidated data from sites with multiple

samples at different times. Fish were considered

present in a valley segment if they occurred there at

any time (i.e., historic [before 1970] samples were

used) to maximize the sample size for analyses. Species

were verified to be within their ranges according to the

fish distributions reviewed by Hoagstrom et al. (2007).

Model development.—Once fish survey sites were

spatially linked to valley segments, fish presence/

TABLE 1.—Valley segment habitat variables and associated classes used in modeling the distribution of rare fish species in

South Dakota.

Variable
Number

of classes Classes Method or criterion

Stream size 4 Headwater, creek, small river, large rivera Shreve link
Channel slope 3 Low, medium, high Elevation change between valley segments relative to stream

size and ecological drainage unit
Network position 11 Headwater to creek, creek to large river,

large river to extra large river, etc.
The connection of one stream reach to the next downstream

reach, downstream Shreve link
Parent material 6 Glacial till, outwash, loess, etc. Dominant soil parent materials
Stream flow 2 Perennial or intermittent Classified according to the National Hydrography Database
Groundwater potential 3 Low, medium, high Based on groundwater velocity
Connectivity to lake 2 Yes or no Valley segments connected to water bodies .4 ha
Floodplain influence 2 Yes or no Slope from digital elevation model to determine valley wall,

valley segments .249 m within valley wall
Elevation 3 Low, medium, high Maximum elevation of the valley segment

a Additional stream size categories included Strahler stream order and the nine classes obtained by including the median Shreve link values

between the standard four classes. Only one stream size category was used in a model, however, namely, the one that produced the best model fit.
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absence data were attributed to the physical features of

valley segments for use in modeling (Table 1). Our

modeling approach followed that of Sowa et al. (2007)

and included a decision tree analysis (i.e., classification

and regression tree analysis; Breiman et al. 1984). Like

Sowa et al. (2007), we used AnswerTree 3.0 statistical

software (SPSS 2001) to perform the decision tree

analysis and applied the exhaustive chi-squared

automatic interaction detector algorithm (Biggs et al.

1991), which uses chi-square statistics to identify

optimal splits, for each predictor. We used the ‘‘relative

50% approach’’ as defined in Sowa et al. (2007) to

prune our decision trees and minimize overfitting of the

data, which produces trees with too many branches and

increases the misclassification rate of the model

(Breiman et al. 1984). The model result is a

dendrogram showing a set of mutually exclusive

decision rules identifying predictor variable combina-

tions (valley segment habitat features) that are

significantly associated with species occurrence. If we

could not obtain an output from AnswerTree (usually

because the sample size was too small), we used

published valley segment affinities and habitat affini-

ties that matched the species occurrence to predict

valley segments for fish presence, as in the approach

used in the South Dakota gap analysis for aquatic

systems (Smith et al. 2002).

We modeled fish species separately according to

three faunal regions to account for regional variations

in species and habitat associations: (1) the Missouri

River basin east of the Missouri River; (2) the Missouri

River basin west of, and including, the Missouri River;

and (3) the Minnesota River basin. The input data used

to model a given species were chosen from eight-digit

hydrologic unit codes (HUCs) where that species

occurred to minimize the effect of distributional

constraints on model performance (Sowa et al. 2007).

We used different variables in each region because

previous studies in other states (Wall et al. 2005; Sowa

et al. 2007) have shown that the power of habitat

variables to predict fish distributions varies geograph-

ically. For example, elevation and temperature were

important in determining fish distributions in the Black

Hills but not those in the low-gradient warmwater

streams of the Central Lowlands (Hoagstrom et al.

2007). We used the regional gradient and elevation

variables for analysis except when a species distribu-

tion was restricted to a major drainage, in which case

we used the gradient relative to that drainage. When the

original four stream size-classes (i.e., headwater, creek,

small river, and large river; Table 1) were not good

predictors, they were separated into smaller categories

to increase variability and model accuracy. We also

used Strahler order as a predictor when that produced a

stronger model. To minimize collinearity among

independent variables, only one attribute representing

stream size was used in a model (either stream size or

stream order).

Predicted distribution maps.—Predicted distribution

maps were generated by entering model output for each

species into a GIS query to select valley segments

containing habitat features associated with occurrence

of the species. Fish were predicted to be present in

valley segments with habitat variables associated with

the fish and were considered absent in valley segments

without habitat variables associated with the fish.

Model predictions were restricted to known species’

ranges within the 8- or 11-digit HUC level for relict

species occurring in isolated watersheds.

Model accuracy assessment.—For this report, we

evaluated the distribution models of 10 rare fishes

(Table 2) that have priority in conservation planning

(SDGFP 2007). Distribution maps for these species

were used to identify the valley segments in which that

species’ presence was predicted. We used an indepen-

dent data set from 143 predicted sites (Figure 1) that

TABLE 2.—Percentages of predictive models for 10 rare fishes in South Dakota in which particular habitat variables (Table 1)

appear.

Speciesa
Stream

size
Stream
flow

Channel
slope

Parent
material

Groundwater
potential

Connectivity
to lake Elevation

Network
position

Finescale dace Phoxinus neogaeus** 0.50 1.00 0.50 0.50
Northern redbelly dace Phoxinus eos* 0.67 0.80 0.15
Central mudminnow Umbra limi 1.00 0.70 0.20 0.50
Longnose sucker Catostomus catostomus* 1.00 1.00
Trout-perch Percopsis omiscomaycus 1.00
Sturgeon chub Macrhybopsis gelida* 1.00 0.50 0.30
Carmine shiner Notropis percobromus 1.00 1.00
Pearl dace Margariscus margarita 1.00
Hornyhead chub Nocomis biguttatus 1.00
Banded killifish Fundulus diaphanus** 1.00
All species 9 3 2 2 2 2 1 1

a Species with one asterisk are listed as threatened in South Dakota, species with two asterisks as endangered (SDGFP 2007).
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were sampled during summer 2004 (June–September)

and summer 2005 (July–September). Fish were

captured with 4.7-mm-mesh seines (seine length varied

from 5 to 10 m depending on stream conditions) and

backpack electrofishing (Smith-Root; Model LR-24).

All fish were identified to species, recorded as present,

and released. These data were used to compute

detection probabilities and accuracy statistics for all

species (Hayer et al. 2006); however, for this paper we

evaluate model accuracy only for the species of

concern.

Detection probabilities (DPs) were calculated with

the maximum likelihood methods described by MacK-

enzie et al. (2002, 2003) and recently used by others

(Bailey et al. 2004; Wintle et al. 2004; Hayer and

Irwin, in press). Detection probabilities were based on

presence/absence data gathered in the independent data

set and were calculated by EDU.

Model accuracy was evaluated at the valley segment

scale for EDUs at which independent data test sites

occurred (Figure 1). The models were tested separately

for each EDU because of variance in species

prevalence, which affects model accuracy. For exam-

ple, fathead minnow Pimephales promelas are very

abundant in most streams across South Dakota, with

exception of streams at high elevations (i.e., in the

Black Hills). Also, species composition varies by EDU.

For example, longnose dace Rhinichthys cataractae
occur west of the Missouri River but not east of it,

where the western blacknose dace R. obtusus becomes

the dominant Rhinichthys species. For species with

restricted distributions, such as the northern redbelly

dace, only test sites within the species’ 8-digit or 11-

digit distributions were used.

Fish survey sites from the independent data set were

spatially linked to the valley segment layers. Valley

segments were coded into four classes: true presence

(the fish species was both predicted to occur in the

valley segment and captured there); commission error

(the species was predicted to occur in the valley

segment but was not captured there); omission error

(the species not predicted to occur in the valley

segment but was captured there); and true absence (the

species was neither predicted to occur in the valley

segment nor captured there). These classes were

entered into a 2 3 2 confusion matrix. The matrix

was used to calculate accuracy metrics (Fielding and

Bell 1997) for each fish species sampled in the

independent data set.

We used Cohen’s kappa (j) as the principal indicator

of model accuracy (Fielding and Bell 1997; Manel et

al. 2001). Cohen’s kappa is the ratio of the proportion

of agreement to the maximum number of times that the

predictions could agree with the observations. It

measures model agreement with what is observed

rather than model association with what is observed

(Fielding and Bell 1997). Values of 0.0–0.4 are

considered to indicate ‘‘slight to fair’’ model perfor-

mance, values of 0.4–0.6 ‘‘moderate’’ performance,

values of 0.6–0.8 ‘‘substantial’’ performance, and

values of 0.8–1.0 almost ‘‘perfect’’ performance

(Landis and Koch 1977; Fielding and Bell 1997;

Manel et al. 2001). Negative values are possible, and

theses indicate ‘‘poor’’ model agreement (Manel et al.

2001). The value of j is thus the probability (above

that of pure chance) that the model will predict the

presence or absence of a species in a valley segment. In

addition, we report correct classification rates (CCRs),

which represent the percentage of cases that are

correctly predicted.

We used detection probabilities to minimize the

false-positive error rate (i.e., commission error). In the

confusion matrix, commission error was recalculated

by multiplying the actual number of false positives

from the field surveys by the detection probability of

that species. Accuracy measures were recalculated

using the weighted value for commission error. Only

the weighted values for accuracy measures are reported

unless otherwise specified.

Results

Stream size was a key habitat variable in predicting

the presence of nine species (Tables 2, 3). Certain

species were associated with large rivers (e.g., sturgeon

chub), whereas others were associated with headwaters

and creeks (e.g., carmine shiner). Flow was important

in predicting the presence of three species. Other

habitat variables entered the predictive models for one

or two species; the one exception was floodplain

influence, which was not present in any models.

Sixty-two species were collected from 143 indepen-

dent sampling sites across six EDUs (Hayer et al. 2006;

Figure 1). Detection probabilities varied among species

and EDUs, ranging from 0% to 100%. The DPs for the

targeted rare species ranged from 0.001 (central

mudminnow) to 0.68 (hornyhead chub; Table 4) and

varied among EDUs. For example, the DPs for the

northern redbelly dace were 0 in the Grand–Moreau

and White EDUs, 0.004 in the Minnesota EDU, and

0.213 in the East River EDU. The DPs for banded

killifish, finescale dace, longnose sucker, and pearl

dace were all 0, as these species were not found in the

independent data set.

The values of j and CCR varied among EDUs and

the 62 species. The value of j ranged from �0.012 to

þ1.00 and that of CCR from 0 to 1.00, indicating a

wide range of model accuracy; this trend was also

apparent for the 10 rare species. There was moderate to
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substantial model agreement (j . 40%) for all rare

species except the central mudminnow in the Minne-

sota EDU and the longnose sucker in the Black Hills

EDU); model agreement was variable among drainages

and species (Table 4). Correct classification rates for

rare species were also variable, ranging from a low of

0.467 for the longnose sucker to a high of 0.955 for the

banded killifish (Table 4); this range was narrower than

that exhibited by all 62 species.

The model for the northern redbelly dace in the East

TABLE 3.—Fish species of concern in South Dakota and habitat variables used in predictive models. Ecological drainage units

(EDUs) are large landscape areas with uniform biotic and abiotic features (see Figure 1).

Species Variable(s) EDU

Banded killifish Stream segments connected to a lentic system or glaciated lake Minnesota and East River

Carmine shiner Creeks and small rivers with perennial flow and no size discrepancy or
confluence of a creek with a small river

Minnesota

Central mudminnow Creeks and headwaters with perennial flow, creeks and headwaters with
intermittent flow that are connected to a lake or slough; or creeks and
headwaters with intermittent flow and groundwater potential

Minnesota

Creeks and headwaters connected to a lake or slough East River

Finescale dace Stream segments with intermittent flow, medium to high gradients, and
stream orders exceeding 1 or stream segments with perennial flow
through bedrock geology

White River and Black Hills

Hornyhead chub Headwaters, creeks, and small rivers Minnesota

Longnose sucker Headwaters, creeks, and small rivers at medium elevations Black Hills

Northern redbelly dace Headwaters and creeks with perennial flow or with intermittent flow and
medium to high groundwater potential

Minnesota

Segments adjacent to valley segments where the fish species was present East River
Stream segments with intermittent flow and medium to low groundwater

potential, second- to fourth-order streams with perennial flow, or fifth-
order streams with perennial flow and medium to high gradients

White and Grand–Moreau

Pearl dace Headwaters and creeks with stream orders exceeding 1 White

Sturgeon chub Fifth-order streams flowing through alluvial outwashes or sixth-order
streams

White, Cheyenne, and Grand–Moreau

Trout-perch Fourth- and fifth-order streams East River

TABLE 4.—Accuracy metrics for species of concern in South Dakota across six ecological drainage units (EDUs).

Abbreviations are as follows: DP¼ detection probability, CCR¼ correct classification rate, and j¼Cohen’s kappa statistic (see

text for details). Model performance is based on Landis and Koch (1977).

Species EDU
True

presences
Commission errors

(false positives)
Omission errors
(false negatives)

True
absences DP CCR j

Model
performance

Banded killifish Minnesota 0 1 0 21 0 0.955 0.488 Moderate
East River 0 3 0 59 0 0.952 0.488 Moderate

Carmine shiner Minnesota 2 9 0 11 0.004 0.591 0.448 Moderate
Central mudminnow Minnesota 0 2 1 19 0.004 0.864 0.364 Fair

East River 1 6 0 55 0.001 0.903 0.545 Moderate
Finescale dace Black Hills 0 3 0 12 0 0.8 0.444 Moderate
Hornyhead chub Minnesota 11 7 0 4 0.68 0.682 0.441 Moderate
Longnose sucker Cheyenne 0 2 0 5 0 0.714 0.417 Moderate

Black Hills 0 8 0 7 0 0.467 0.318 Fair
Northern redbelly

dace Grand–Moreau 0 1 0 4 0 0.8 0.444 Moderate
Minnesota 2 8 0 12 0.004 0.636 0.476 Moderate
White 0 3 0 6 0 0.667 0.4 Fair
East River 2 0 2 13 0.213 0.882 0.605 Substantial

Pearl dace White 0 3 0 6 0 0.667 0.4 Moderate
Sturgeon chub Cheyenne 1 2 0 4 0.012 0.714 0.561 Moderate
Trout-perch East River 3 14 0 16 0.084 0.576 0.424 Moderate
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River EDU had the greatest predictive accuracy (j ¼
0.605, indicating substantial model performance; Table

4). The DP was 0.21 (Table 4), and habitat modeling

predicted that this species would occur in river

segments up- and downstream from those in which

the species had previously been recorded (Table 3). We

collected this species at two sites where it was

predicted and two where it was not predicted. This

was the only model assessment that did not produce a

commission error.

The banded killifish, finescale dace, longnose

sucker, and pearl dace were not detected in the

independent survey; however, model accuracy was fair

to moderate (Table 4), ranging from 0.318 for the

longnose sucker in the Black Hills EDU to 0.488 for

the banded killifish in the Minnesota and East River

EDUs. Incorporating DPs of 0 into the calculation of j
had the greatest effect on these species because the

number of commission errors became zero.

Incorporating DPs resulted in larger j values for all

rare fish species except the northern redbelly dace in

the East River EDU, for which j remained the same.

For all 62 species, 44% of the models had j values

greater than 0.40 when DPs were included, compared

with 18% of the models when they were not included;

the value of j decreased for one species when DPs

were included and did not change for 15% of the 62

species.

Discussion

Our study was the first to incorporate DPs into

testing model performance to reduce the bias associ-

ated with sampling fish, although others have suggest-

ed the approach (MacKenzie et al. 2002, 2005).

Information on fish distributions in Alabama streams

was improved by the use of DPs (Hayer 2005). The

correctly predicted presences in our models (83%) were

higher than the correctly predicted absences (77%).

This is the opposite of the usual findings and reflects

the difficulty experienced by other studies in predicting

the occurrence of rare species (Olden and Jackson

2002). Species presence data are less biased than

absence data (Scott et al. 2002).

Our accuracy assessment quantified the performance

of fish distribution models against an independent data

set, which is the most rigorous method of testing a

model (Pearce and Ferrier 2000; Olden et al. 2002;

Vaughan and Ormerod 2005). Our correct classification

rates (.70% on average) were comparable to those in

other studies assessing the accuracy of fish distribution

models (Porter et al. 2000; Manel et al. 2001; Olden and

Jackson 2001; Filipe et al. 2002; Sylvester 2004; Oakes

et al. 2005; Rashleigh et al. 2005). In almost every

instance j indicated moderate to substantial model

agreement (.40%), which is slightly better than has

been reported in previous studies (Manel et al. 2001;

Oakes et al. 2005), in which j was calculated without

weighting the commission error by the DP.

We acknowledge that the DPs were low for the rare

species, but they did not have much effect on the

accuracy metrics. For example, the hornyhead chub

had the largest DP (0.68) but not the largest value for j
or CCR. Several factors influence detection probabil-

ities and modeling accuracy. There are two main types

of prediction errors associated with modeling: omission

(false negatives) and commission (false positives). By

incorporating DPs into our calculations of the accuracy

statistics, we rendered our commission error rates more

representative of the true error rates. Also, our models

contained minimal omissions for all 62 species and the

targeted rare species. It is assumed that false negatives

are more costly than false positives (Sowa et al. 2005);

therefore, these models can be used to identify areas of

suitable habitat for rare species across the landscape

(Oakes et al. 2005).

Incorporating DPs into accuracy metrics accounted

for gear efficiency issues (Hayer 2005). All fish

sampling gears are subject to bias depending on the

environmental and chemical conditions of the water

and the behavioral, ecological, and morphological

characteristics of the species present (Paller 1995;

Meador et al. 2003; Sylvester 2004). The efficiency of

sampling gears may be affected by habitat conditions

and species missed as a result. Accounting for

heterogeneous DPs among species improved the

distribution models in this study.

Several other factors could account for the incorrect

classifications in our study, including sampling effort and

size, the temporal and spatial variation of fishes, and

inaccurate species distribution models. Low values of

species occurrence from independent field collections

can greatly affect model accuracy by increasing both

omission and commission errors (Stockwell and Peterson

2002; Wall et al. 2004) and result in small detection

probability. Because most species comprise a small

portion of the total fish community (Braaten 1993;

Cunningham 1999; Wall et al. 2001), it was difficult to

identify true-presence sites. Conversely, it was impossi-

ble to identify true-absence sites (Wall et al. 2004).

Sampling effort was variable among the EDUs in

this study, being greatest at the East River and

Minnesota EDUs. As a result, model accuracy metrics

were variable among EDUs, the East River EDU

having the highest CCR (mean ¼ 0.828) and j values

(mean¼ 0.514) for the species of concern. Our data for

rare species showed generally increasing predictive

accuracy as the number of sample sites increased.
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Greater sampling effort in other EDUs may have

increased the predictive accuracy of our models.

The variation in the predictive accuracy of models

may result from behavioral differences among species

that relate to habitat. Habitat has been recognized as a

primary gradient for the arrangement and structure of

animal communities (Schoener 1974), especially fishes

(Schlosser 1987; Arterburn and Berry 2002; Berry et

al. 2004; Wall et al. 2004). Individual species

preferences and behaviors may be the source of some

variation in model accuracy, which may be compound-

ed by other factors, such as seasonal shifts in

distribution (Fausch and Bestgen 1996; Filipe et al.

2002). For example, the banded killifish prefers

habitats associated with lakes, ponds, and sluggish

streams, whereas our sampling focused on wadeable

stream sites. Sampling lakes and ponds may have led to

the collection of this species and thus increased the

predictive accuracy of our models. The finescale dace

prefers small lakes in cool, boggy environments

associated with springs or beaver dams (Bailey and

Allum 1962; Baxter and Stone 1995). Although

finescale dace were collected in other habitats,

targeting their preferred habitat may have increased

the predictive accuracy of our finescale dace model.

We found that stream size and streamflow were the

key habitat variables for predicting the presence/

absence of most of the fish species of concern, as

have other authors (Smith et al. 2002; Wall et al. 2004;

Oakes et al. 2005; Sowa et al. 2007). Geographical

information system layers are not 100% accurate, and

errors accumulate with each layer that is added to the

model. Additionally, it is possible that variables not

included in our GIS models (e.g., bedrock geology and

soils) or factors at finer scales influence fish distribu-

tions, so that excluding them would lower the accuracy

of our predictions.

Management Applications

Improved knowledge of the distribution of threat-

ened and endangered fishes in South Dakota was an

immediate benefit of this study. Our data contributed to

the decision to remove the trout-perch and central

mudminnow from the list of fish species of concern in

2006. The apparent range of the northern redbelly dace

was expanded, and predictions of its presence and that

of other species will help guide future surveys. The

documented habitat associations will assist with

planning watershed management activities, which is

the focus of modern riverine management (Williams et

al. 1997; Wissmar and Bisson 2003). For example,

Wall et al. (2004) used the distribution model for the

endangered Topeka shiner Notropis topeka to recom-

mend locations for conservation activities.

Validating and assessing the accuracy of fish

distribution models has less immediate benefits than

those pertaining to fisheries management, but it is an

important step in understanding the usefulness of

models. The model accuracy assessments in this study

give managers high confidence in using models to

make decisions about the locations for surveys of

habitat management. The models used in this study are

available without detection probability correction for

fishes in other states in the upper Missouri River basin

(Sylvester 2004; Wall et al. 2004). Our results should

encourage others to conduct studies incorporating DPs

or at least to be aware of the improvements in models

that might be realized.
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