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ABSTRACT / When biological metrics are combined into a
multimetric index for bioassessment purposes, individual met-
rics must be scored as unitless numbers to be combined into
a single index value. Among different multimetric indices,
methods of scoring metrics may vary widely in the type of
scaling used and the way in which metric expectations are
established. These differences among scoring methods may
influence the performance characteristics of the final index
that is created by summing individual metric scores. The
Macroinvertebrate Biotic Integrity Index (MBIl), a multimetric
index, was developed previously for first through third order

streams in the Mid-Atlantic highlands of the United States. In
this study, six metric scoring methods were evaluated for the
MBIl using measures related to site condition and index vari-
ability, including the degree of overlap between impaired and
reference distributions, relationships to a stressor gradient,
within-sample index variability, temporal variability, and the
minimum detectable difference. Measures of index variability
were affected to a greater degree than those of index respon-
siveness by both the type of scaling (discrete or continuous)
and the method of setting expectations. A scoring method
using continuous scaling and setting metric expectations us-
ing the 95th percentile of the entire distribution of sites per-
formed the best overall for the MBII. These results showed that
the method of scoring metrics affects the properties of the final
index, particularly variability, and should be examined in develop-
ing a multimetric index because these properties can affect the
number of condition classes (e.g., unimpaired, impaired) an index
can distinguish.

Multimetric indices are commonly used for evaluat-
ing the biological condition of water bodies in the
United States (Davis and others 1996). Most multimet-
ric indices consist of a number of measures, or metrics,
describing a specific assemblage (e.g., fish, macroinver-
tebrates, or periphyton), which are combined into a
single “multimetric” value representing the condition
of a water body. Metrics can represent a wide range of
ecological characteristics, including taxa richness, pol-
lution tolerance, taxonomic composition, functional
feeding groups, and behavioral habits. Thus, the met-
rics included in an index may have a variety of units,
such as the number of taxa, the percentage of total
taxa, or the percentage of individuals represented by a
particular group. In addition, some indices have incor-
porated diversity (e.g., Shannon Diversity Index, Mar-
galef 1958) or pollution tolerance (e.g., Hilsenhoff Bi-
otic Index, Hilsenhoff 1987) indices (e.g., Plafkin and
others 1989, Barbour and others 1996, Maxted and
others 2000, Klemm and others 2003). The component
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metric values must be converted into unitless numbers
in order to combine them into a single value (Karr and
others 1986, Barbour and others 1995). Several meth-
ods of standardizing or scoring metric values in this way
have been used in various areas of the U.S. (Barbour
and others 1999). These different methods, in turn,
may influence the properties of the final index because
they usually alter the original distributions of individual
metrics. Although a limited number of studies have
examined certain statistical properties of existing or
newly developed indices (Fore and others 1994,
Hughes and others 1998, Blocksom and others 2002),
little research has directly addressed how different met-
ric scoring methods affect a given multimetric index.
There are two major features of an index that may
be influenced strongly by the method of scoring met-
rics. First, the metric scoring method may affect the
relationship between the final index and biological
condition relative to that exhibited between individual
metrics and biological condition. When individual met-
rics are scored, the distributions of those metric scores
may be very different from the original distributions of
the metric values. Thus, relationships of individual met-
ric values to stressor gradients may be strengthened or
weakened by the choice of scoring method. This alter-
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Figure 1. Example of discrete and continuous scaling and ways of setting metric expectations for the six scoring methods
examined in this study. Dotted lines indicate various percentiles of the reference, impaired, and all-site distributions. Method
names are coded using the following abbreviations: C = Continuous scaling, D = Discrete scaling, R = Reference sites used to
set thresholds, A = All sites used to set thresholds, Q1, Q2, Q3 = 25th, 50th, 75th percentile of reference sites used to set
thresholds, U = Upper threshold set (all sites only), L. = Lower threshold set (all sites only).

ation may be compounded across metrics and affect the
ability of the index to discriminate reference and im-
paired conditions. Temporal, spatial, or measurement
variation is another index feature that may be affected
by the metric scoring method. If a scoring method
results in an index that varies widely in response to
minor natural variation in an assemblage (due to either
sampling or temporal variation), the index will be less
repeatable and reliable as a measure of biological con-
dition. Increased within-site variability also limits the
ability of the index to distinguish different levels of
biological condition. Among the key characteristics of
an ideal indicator are a strong relationship to stressors
and low sampling and temporal variability (Cairns and
others 1993).

Scoring methods may differ by the type of scaling
used (discrete or continuous) and the way in which
expectations are set for individual metrics. Discrete
scoring was first used by Karr (1981) and has been used
extensively for a number of biotic indices (Ohio EPA
1987, Barbour and others 1996, Maxted and others
2000). This type of scoring assigns a series of categorical
scores to ranges of metric values and limits each metric
to a few possible scores (e.g., 1, 3, or 5) (Figure 1). In
contrast, continuous scoring relies on setting upper

and lower thresholds, or expectations, based on the
statistical distribution of values, and metric values be-
tween the thresholds are scored on a continuous scale
as fractions of the expected value (Figure 1).

The manner in which expectations are set for each
metric can greatly affect the actual threshold value, but
the appropriateness of each method may depend on
the nature of the data set. One method of setting
expectations uses a set of sites to represent reference
conditions and sometimes impaired conditions. Per-
centiles of the reference and impaired distributions are
used as upper and lower scoring thresholds for each
metric (Figure 1). Another method of setting expecta-
tions is by using a percentile (e.g., 95th percentile) of
the entire distribution of sites.

The Macroinvertebrate Biotic Integrity Index
(MBII) is a multimetric index developed previously for
use in first- through third-order wadeable streams of
the Mid-Atlantic Highlands region (MAHR) of the U.S.
(Klemm and others 2003). The MBII consists of seven
metrics, and the method used in scoring the metrics
relied on the distributions of reference and impaired
sites. Although the index reflected biological condi-
tions accurately, certain measures indicated that the
MBII might have more temporal variability than de-
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Table 1. Details of each scoring method for metrics that decrease (increase) with disturbance
Type of Range of
Method (reference)® scoring metric scores Upper threshold Lower threshold
CRQ3 (Klemm and others Continuous 0-10 75th (25th) percentile of 25th (75th) percentile of
2003) reference impaired
CAU (Tetra Tech 2000) Continuous 0-100 95th (5th) percentile of all 0 (100 or maximum possible)
sites
CALU Continuous 0-100 95th (5th) percentile of all 5th (95th) percentile of all
sites sites
DRQ2 (Maryland DNR Discrete 1,3,0orb >50th percentile of <10th (90th) percentile of
1998) reference reference
DRQ3 (Ohio EPA 1987) Discrete 0,2, 4, or 6 75th (25th) percentile of Remaining range
reference quadrisected
DRQ1 (Barbour and Discrete 1,3,o0rb >=25th (75th) percentile of = Remaining range bisected for

others 1996)

reference scores of 3 and 1

“Method codes set as follows: C = Continuous, D = Discrete, R = Reference sites used to set expectations, A = All sites used to set expectations,
Ql, Q2, Q3 = 25th, 50th, 75th percentile of reference sites used for expectations, U = Upper expectation set (all sites only), L. = Lower

expectation set (all sites only).

sired. This concern prompted examination of the scor-
ing method used as a possible source of increased
uncertainty in the MBIIL.

The objective of this empirical study was to evaluate
the effect of different metric scoring methods on the
performance of the MBII. The original continuous
scoring method (CRQ3 method) was compared with
five other methods selected to represent different com-
binations of methods for setting expectations with dis-
crete or continuous scaling (Table 1, Figure 1). I fo-
cused on methods currently in use or modifications of
those methods. Three scoring methods that use dis-
crete scaling and set expectations using reference dis-
tributions were tested. The basis for these scoring meth-
ods included the Maryland Benthic Index of Biotic
Integrity (B-IBI, Maryland DNR 1998), a modification
of the method used for the Ohio Invertebrate Commu-
nity Index (ICI, Ohio EPA 1987), and the Florida
Stream Condition Index (FSCI, Barbour and others
1996). Two continuous scoring methods that relied on
the entire distribution of sites were tested. One of these
methods is currently used for the West Virginia Stream
Condition Index (WVSCI, Tetra Tech 2000), and the
other is a modification of this method. For each scoring
method, I measured the degree of overlap between
impaired and reference distributions, the relationship
to a stressor gradient, within-sample index variation,
temporal variability, and the minimum detectable dif-
ference of overall index scores. These measures or
variations on them have been used in various ways to
evaluate existing and newly developed multimetric in-
dices (Fore and others 1994, Barbour and others 1996,
Hughes and others 1998, Tetra Tech 2000, Maxted and
others 2000, McCormick and others 2001, Klemm and
others 2003).

Methods

Data Sets

The MAHR data used for the development of the
MBII (Klemm and others 2003) were used for these
analyses. Wadeable stream reaches were sampled in the
states of Pennsylvania, Maryland, Virginia, West Vir-
ginia, and Delaware, excluding the coastal plains areas.
Reaches were selected using a randomized systematic
design with a spatial component (Herlihy and others
2000). Data were collected from 506 reaches selected
via a randomized systematic design with a spatial com-
ponent and included first through third order streams
(Overton and others 1990, Herlihy and others 2000).
Another 68 stream reaches sampled were hand-selected
by state and regional biologists (Klemm and others
2002).

Macroinvertebrate data were collected using Envi-
ronmental Monitoring and Assessment Program—Sur-
face Waters (EMAP-SW) field methods (Lazorchak and
others 1998) and laboratory (Klemm and Lazorchak
1994) methods. Samples were collected from April
through June of 1993-1995 from a reach equal in
length to 40 times the wetted width of the stream.
Benthic macroinvertebrates were collected at the inner
nine of eleven evenly-spaced transects in the reach. At
each transect, a single kick net sample of 20 seconds
was collected. Samples collected from riffle habitats
and those from pool habitats were composited sepa-
rately. In the laboratory, a random subsample of 300
organisms (= 10%) was removed from debris, and all
organisms were identified to the lowest practicable
taxon. For development of the MBII, pool and riffle
samples were treated separately. For simplicity, I in-
cluded only data from riffle samples in this study be-
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cause the vast majority of sites had some riffle data but
many sites had no pool data. Water chemistry samples
(Lazorchak and others 1998) and Rapid Bioassessment
Protocols (RBP) habitat (Barbour and others 1999)
data were also collected at each site. Detailed quantita-
tive physical habitat data (Kaufmann and others 1999)
were collected at a subset of sites.

Data were divided into calibration and validation
data sets for development of the MBII (Klemm and
others 2003) and for some analyses in this study. The
calibration data set consisted of samples from 448 sites
and the validation data set consisted of samples from
101 sites (Klemm and others 2003). Thirty-five sets of
within-year revisits to sites, sampled within the same
index sampling period, were used for certain analyses
in this study and in developing the MBII. Within the
data set, a subset of reaches was identified as reference
and impaired sites using chemical and RBP habitat
criteria (Waite and others 2000, Klemm and others
2003). To be defined as reference, a reach met all of
the following criteria: sulfate <400 weq/L, Acid Neu-
tralizing Capacity (ANC) >50 peq/L, chloride <100
peq/L, total phosphorus <20 pg/L, total nitrogen
<750 wg/L, RBP mean habitat score >15 (of a possible
20), and at least 150 organisms. A reach was defined as
having a recognized impairment if any of the following
criteria were met: pH <5, chloride >1000 weq/L, sul-
fate >1000 peq/L, total phosphorus >100 wg/L, total
nitrogen >5000ug/L, or an RBP mean habitat score
<10. This subset of reaches was used in some analyses
for both the MBII development (Klemm and others
2003) and this study.

In developing the MBII, over 100 macroinvertebrate
metrics were evaluated for range, precision, responsive-
ness to abiotic variables, redundancy, and the relation-
ship to catchment area (Klemm and others 2003).
Based on the results of these evaluations, seven metrics
were selected for the final index: number of Ephemer-
optera taxa, number of Plecoptera taxa, number of
Trichoptera taxa, number of collector-filterer taxa, per-
cent non-insect individuals, percent of individuals in
the dominant five taxa, and a macroinvertebrate toler-
ance index (modified from the Hilsenhoff Biotic In-
dex, Hilsenhoff 1987). This study focuses on variation
in methods used to score these seven metrics and com-
bine them into an index value.

Number of Ephemeroptera taxa, number of Plecop-
tera taxa, and number of collector-filterer taxa were
related to catchment area when reference sites were
regressed on the natural log of watershed area. These
metrics were adjusted by calculating the residual for
each sample based on the estimated regression equa-
tion (Klemm and others 2003). For ease of use, the
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residuals were then constrained to be positive by add-
ing a constant to each residual value (Urquhart 1982).
The constant was derived simply as the predicted value
associated with the most negative residual. These ad-
justed metric values were used to set scoring expecta-
tions for all methods. Obviously, there are other poten-
tial methods of adjusting for catchment area, but
evaluation of those methods was beyond the scope of
this study.

Scoring Methods

For each of the seven metrics of the MBII, scores
were calculated on the calibration data set using six
methods. Details on setting expectations and divid-
ing metric values into scores for each scoring method
are provided in Table 1 and Figure 1. All of the
methods except the CALU method are currently
used by at least one bioassessment program. The
CALU method is a modification of the CAU method
that includes principles of the CRQ3 method. Meth-
ods with C as the first letter of the abbreviation
(CRQ3, CAU, CALU) used continuous scaling, and
those with D as the first letter (DRQ1, DRQ2, DRQ3)
used discrete scaling. Thresholds were set using ref-
erence site distributions if the second letter of the
method abbreviation is R and using all sites where
the second letter is A. Methods with Q1, Q2, and Q3
in the abbreviation used the first, second, and third
quartiles of the reference distribution, respectively,
as thresholds. Of the two methods using all sites to
set thresholds, the CAU method only set upper (U)
thresholds and used the minimum value possible for
lower (L) thresholds, and the CALU used the distri-
bution to set upper and lower thresholds for scoring.
For methods with continuous scaling (CRQ3, CAU,
CALU), the metric score was the linear interpolation
between the U and L thresholds in the manner used
by Minns and others (1994) and Hughes and others
(1998). Continuous metric scores were calculated as
the difference between the observed value and the
lower threshold (0 if no lower threshold was calcu-
lated) divided by the difference between the U and L
threshold values. For methods with discrete scaling
(DRQI1, DRQ2, DRQ3), the thresholds were used in
various ways (Table 1, Figure 1) to divide the metric
value range into discrete categories. Each category
was then assigned one of a discrete number of scores
(e.g., 1, 3, or 5). After summing the individual metric
scores, the sum was rescaled to a 100-point range by
multiplying the total by 100 and dividing by the
maximum possible for that index (e.g., 35 for the
DRQ1 method).
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Table 2.  Water chemistry and physical habitat variable
weightings from PCA axis 1

Variable Weighting
“RBP channel alteration score —0.22
RBP embeddedness score —-0.32
RBP epifaunal substrate score —0.23
RBP riparian vegetation score —0.29

Percent sand and fines substrate 0.28

Canopy density on bank —0.21
Riparian Disturbance Index —0.27
Turbidity 0.25
Chloride ion 0.31
Sulfate 0.17
Total phosphorus 0.27
Total nitrogen 0.31
pH 0.24

“RBP = Rapid bioassessment protocols (Plafkin and others 1989).

Evaluation Methods

The ability of each scoring method to reflect site
condition was measured in two ways. The discrimina-
tion efficiency of each scoring method was calculated as
the percentage of impaired sites scoring below the 25th
percentile of reference sites (Tetra Tech 2000). The
25th percentile cutoff was calculated using only the
calibration data, and impaired sites from the validation
data were used to calculate the discrimination effi-
ciency. This index characteristic provides a measure of
the overlap of reference and impaired distributions for
a given scoring method, and higher efficiencies indi-
cate smaller overlap of distributions.

Although the ability to distinguish impaired and
reference sites is a critical feature of an index, these
sites do not represent the full stressor gradient. Thus, I
used the results of a Principal Components Analysis
(PCA) using physical habitat and log-transformed water
chemistry variables (Table 2, Klemm and others 2003)
as a second measure of site condition. To more directly
assess the ability of an index to reflect this condition, I
conducted a Pearson correlation analysis of index
scores for each method with the first axis scores from
the PCA, which explained approximately 37% of the
variation in the chemistry and habitat data. The cali-
bration and validation data sets were combined for this
analysis because only a limited number of sites con-
tained data on quantitative physical habitat variables. A
higher correlation among methods indicates an index
with a stronger relationship to and a better representa-
tion of the stressor gradient.

Sources of index variability were measured across
scoring methods in three ways. First, each sample was
bootstrapped and the six scoring methods were applied
to the bootstrapped data to determine the characteris-

tics of the distribution of index scores within sites
(Dixon 1992, Fore and others 1994). This analysis was
intended to mimic the small differences in metric val-
ues that may result from variation due to laboratory
subsampling and to evaluate the effect of scoring
method on the magnitude of variation at the index
level. Fifty samples were selected from the full data set
to represent a wide range of index scores. A new boot-
strapped sample was generated for each original sam-
ple by randomly selecting organisms, with replacement,
from the count data for the original sample (typically
approximately 300 organisms). This technique results
in a new sample with the same number of individuals as
the original count of that sample but with varying com-
position. For selection of each organism for the new
sample, the probability of a given species being selected
was the same as its proportion in the original count. For
laboratory subsampling to be considered valid, it is
assumed that the proportion of various species in a
random subsample of organisms approximately repre-
sents the actual proportions of those species in the
entire sample (Fore and others 1994). If this is so, then
the new bootstrapped sample simply represents differ-
ences in species count data that might result from the
variability inherent in laboratory subsampling.

The bootstrapping process was repeated 500 times
across 50 samples so that 500 bootstrapped samples
were generated from each original sample. The six
scoring methods were used to calculate index scores for
each of the newly generated samples, and 2.5th and
97.5th percentile values across the 500 bootstrapped
samples were determined for each sample and scoring
method. The difference in these percentiles is the
length of the 95% confidence interval (CI) around the
mean score for a sample.

The CI lengths were compared among methods with
a repeated measures ANOVA with Tukey multiple com-
parisons (a = 0.05). For a given original sample, vari-
ation in composition among the bootstrapped samples
can cause variation in metric values, and consequently,
in index scores, among the bootstrapped samples.
Thus, larger CI lengths indicate more variability in
index scores with these relatively minor changes in the
composition of a sample (Fore and others 1994) and
can be attributed to laboratory subsampling variability.
Comparisons of average CI lengths also provide an
indicator of the variability contributed by different scor-
ing methods. Smaller CI lengths among methods are
more desirable because they indicate that minor
changes in composition, as might be expected from
laboratory subsampling variability, do not lead to large
changes in the final index score or assessment of a site.

The precision of an index can be measured as its
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repeatability over a relatively short period of time at the
same site. Thus, the second measure of variability was a
measure of index precision using within-year revisit
data. The precision of an index can be represented as
the ability to detect differences among sites (a signal)
amid temporal variability within a site (noise). The
signal-to-noise (S/N) ratio, used to calculate the preci-
sion of habitat attributes by Kaufmann and others
(1999,
was calculated using revisit, calibration, and validation

www.epa.gov/clariton/clhtml/pubtitle.html),

data for each scoring method. There were 35 sets of
within-year revisits in the analysis, with the remainder of
sites in the analysis having only one within-year visit. A
generalized linear model was calculated with the year as
a fixed effect and sampling site nested within year as a
random effect. The Fstatistic for the effect of sampling
site, as well as a constant (¢) varying between 1 and the
number of times revisited sites were sampled, were used
in the calculation of the S/N ratio [ (F— 1)/c]. All sites
were not visited the same number of times within a
year, so the value of ¢ was estimated using SAS PROC
GLM (SAS v.8.2, SAS Institute, Cary, NC). The ex-
pected mean square for sites nested within years as a
factor in this analysis is a combination of variation due
to within-year variability among sites and to within-site
sample variation. The coefficient for the variance due
to within-year variation among sites, which is provided
in the output of PROC GLM, is the value for ¢. Larger
S/N ratios among scoring methods are more desirable
because they indicate a larger “signal” due to differ-
ences in condition among stream sites relative to the
“noise” due to temporal variability among samples
within sites, and, thus, a higher precision. A S/N ratio
of less than 2 is considered very imprecise (Kaufmann
and others 1999).

The number of stream condition classes (e.g., good,
fair, poor) that can be distinguished by an index pro-
vides another measure of index variability (Fore and
others 1994, Doberstein and others 2000). This num-
ber is obtained by first calculating the minimum detect-
able difference (MDD) for an index, which is the dif-
ference in index scores required to declare that two
sites differ in biological condition (Fore and others
1994, Doberstein and others 2000). Dividing the range
of the index by the MDD then provides the “maximum
number of sites that could be declared different using
a given sample size” (Doberstein and others 2000). This
is equivalent to calculating the number of condition
classes that an index can distinguish (Fore and others
1994, Doberstein and others 2000). This measurement
depends on both the number of samples collected and
the variability in index scores among samples at indi-
vidual sites.
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Figure 2. Example of calculation of the minimum detectable
difference (MDD) based on power analysis. Data points rep-
resent the calculation of power and mean difference in index
scores for each possible pair of sites. Using a LOWESS curve
through the points, the mean difference at which the power is
0.80 is identified as the MDD.

In this study, I used power analysis to calculate the
MDD for a two-sample t-test with a Type I error rate of
0.05 and a power of 0.80. In this case, power was an
estimate of the likelihood of detecting differences in
condition of a specific magnitude among sites. Power
was estimated in SAS/ANALYST (SAS v.8.2, SAS Insti-
tute, Cary, NC) using the mean difference in MBII
scores between each possible pair of revisit sites (35
sites, 595 pairs of sites), the mean estimate of variance
from each pair of sites, and sample sizes of 2 and 3 per
site. For each pair of sites, I plotted the power of the test
against the mean difference in index scores between
those sites. I used robust locally weighted scatterplot
smoothing (LOWESS, Cleveland 1979) in SYSTAT
(SYSTAT v. 8, SPSS Inc., Chicago, IL) to generate a
curve through each plot of 595 points (one plot per
scoring method), and the mean difference in index
scores that achieved a power of 0.80 (MDD) was esti-
mated from each curve (Figure 2). This approach to
power analysis measures the MDD in index scores re-
quired to distinguish conditions at two different sites. A
different approach that provides similar information to
the procedure described above but does not account
for the Type II error rate has also been used to calculate
an index MDD (Barbour and others 1996). Both of
these techniques are in contrast to the use of power
analysis to examine the ability of an index to detect
regional changes through time, an analysis that relies
on a much larger number of sites for a regional assess-
ment of condition (Hughes and others 1998).
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An overall evaluation of each scoring method rela-
tive to the others was determined using a ranking pro-
cedure. The outcomes of each test were ranked from
the most desirable values of each characteristic (ranked
1) to the least (ranked 6). In the case of a tie, the
average rank was assigned to each of the tied methods.

Results
Site Condition

The scoring criteria for each method for watershed-
adjusted Ephemeroptera richness, Trichoptera rich-
ness, and percent non-insects are provided in Figure 3
as examples of how differences among methods affect
scoring ranges.

There were not strong differences among methods
with respect to measures of how well site condition was
represented. The discrimination efficiency was very
high for all six scoring methods, but the 25th percentile
values of the index varied greatly (Table 3, Figure 4).
The percentage of impaired sites in the validation data
set scoring below this cutoff value were very similar
among methods and were greater than 94% (of N =
38) for all six methods. The discrete methods using the
75th and 25th percentiles of reference sites (DRQ3 and
DRQI, respectively) produced the highest values for
the 25th percentile among reference sites (Figures 4E
and 4F).

All six methods reflected the physical habitat and
water chemistry gradient to a similar degree. The first
PCA axis was correlated significantly with the index
scores for each of the scoring methods (all r > 0.550,
p < 0.0001, n = 547). Pearson correlations between
index scores and the first PCA axis were highest for the
continuous method with upper and lower thresholds
based on all sites, CALU, and the continuous method
using the 75th percentile of reference sites, CRQ3 (Ta-
ble 3).

Variability

Measures of variability differed more among scoring
methods than those measuring the representation of
site condition. Bootstrapping the original samples pro-
vided an evaluation of the effect of method on variabil-
ity of the mean score for each original sample due to
laboratory subsampling (Table 4). The mean length of
the 95% CI was statistically smaller for the continuous
method with only upper thresholds based on all sites
(CAU) than for all other methods. The discrete
method using the median of reference sites, DRQ2,
had a statistically larger mean CI length than all other
methods, as well as the largest range of CI lengths
among the six methods.
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Figure 3. Scoring criteria for each method for the (A) water-
shed-adjusted Ephemeroptera richness, (B) Trichoptera rich-
ness, and (C) percent non-insects metrics. Note that scoring
for percent non-insects is reversed because this metric in-
creases in response to disturbance. Method names are abbre-
viated as follows: C = Continuous, D = Discrete, R = Refer-
ence sites used to set expectations, A = All sites used to set
expectations, Ql, Q2, Q3 = 25th, 50th, 75th percentile of
reference sites used for expectations, U = Upper expectation
set (all sites only), L = Lower expectation set (all sites only).

The S/N ratio was largest for the CALU method and
slightly smaller for the CAU and CRQ3 methods (Table
4), indicating less noise in index scores (variability due
to within-year sampling error) relative to the signal
(variability attributable to sampling site). The DRQ2
method had the smallest S/N ratio, indicating higher
relative noise in the index scores and lower precision.

The power analysis demonstrated that the CAU
method produced an index that could distinguish the
largest number of condition categories (Table 5). The
original scoring method used for the MBII resulted in
one of the highest MDD values, indicating that only two
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Table 3. Discrimination efficiency and Pearson
correlation with stressor PCA axis for each method

25th percentile Correlation

Scoring value of index at Discrimination with
method® reference sites efﬁciencyb PCA axis 1
Continuous
CRQ3 71.2 97.4 0.638
CAU 76.5 94.7 0.585
CALU 69.7 94.7 0.640
Discrete
DRQ2 65.7 97.4 0.619
DRQ3 81.0 94.7 0.552
DRQ1 88.6 100.0 0.578

*Method codes set as follows: C = Continuous, D = Discrete, R =
Reference sites used to set expectations, A = All sites used to set
expectations, Q1, Q2, Q3 = 25th, 50th, 75th percentile of reference
sites used for expectations, U = Upper expectation set (all sites only),
L = Lower expectation set (all sites only).

PPercent of impaired sites (N = 38) falling below 25th percentile value
of index at reference sites.

condition categories could be distinguished statistically
with two samples per site. Increasing the sample size
from two to three increased the number of condition
classes across methods by between 0.9 and 2.2 catego-
ries from that for two samples. The largest increase was
for the CAU method.

Overall Ranking

Overall, the CALU and CAU methods performed
the best based on the ranking procedure (Table 6),
with the DRQ1 method also performing better than the
CRQ3, DRQ3, and DRQ2 methods. The DRQ2 and
DRQ3 methods performed the worst overall. Although
the CAU method ranked relatively poorly for measures
of the relationship between the index and condition,
the actual values for these measures showed little vari-
ation among methods. However, this method had the
lowest ranks, indicating better performance, for mea-
sures of index variability, which varied widely among
the methods.

Discussion

Ideally, a multimetric index reflects site condition
accurately, is repeatable through time, and is not sen-
sitive to small changes in composition due to subsam-
pling variability. In this study, the MBII clearly per-
formed differently with respect to these characteristics
as a consequence of using different scoring methods.
Measures of the relationship of the index to site con-
dition were not particularly informative because the
scoring method did not greatly affect discrimination
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efficiency or correlations with the stressor gradient rep-
resented by the PCA axis. However, measures of index
variability were very useful because these values varied
greatly among scoring methods.

Although the lack of real differences among meth-
ods with respect to site condition might lead some to
conclude that all of the scoring methods were equally
effective, the ability of an index to consistently measure
condition accurately is just as important for use in
bioassessment and biomonitoring. The variability of an
index can be critical in the ability of state agencies and
other groups to create statistically defensible biocrite-
ria. A more variable index results in fewer statistically
distinguishable conditions and a reduced ability to de-
tect trends through time or impairment relative to
other streams. Thus, controlling and understanding
the variability of a given index is necessary for the
assessment and protection of water bodies.

Key characteristics of the scoring methods affected
index variability to differing degrees. The effects of the
type of scoring scale (i.e., continuous or discrete) and
the manner in which metric expectations were set were
both important. The CAU and CALU continuous meth-
ods performed very well overall, but the CRQ3 method
had much poorer rankings than the other two contin-
uous methods. In addition, the DRQ1 method, with
discrete scaling, performed nearly as well overall as the
CAU and CALU methods. These two methods that
performed among the best for measures of variability
were also the only ones that used the entire distribution
of sites for setting scoring expectations. The DRQI
method also performed well for some, but not all, of
these measures, despite using reference site distribu-
tions to set expectations. Continuous scoring tended to
result in less variable measurements, although using all
sites for setting expectations was also advantageous in
reducing index variability.

The cause of increased variability in the CRQ3
method was likely the manner in which the maximum
and minimum scores were set. For example, for metrics
that decrease with increasing disturbance (e.g., number
of Ephemeroptera, Figure 3), the upper expectation
values did not differ drastically from those of the CAU
method, but, by definition, the lower expectations for
the CRQ3 method will always be at or above those for
the CAU method (Table 1). The range of metric values
falling between the upper and lower expectations was
then stretched to fill a scoring range from 0 to 10. This
means that the range of metric values scoring greater
than 0 and less than 10 was smaller for the CRQ3
method than for the CAU method. As a result, a small
change in the metric value caused a larger change in
the metric score with the CRQ3 method than the CAU
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Figure 4. Distribution of reference and impaired site scores for each metric scoring method. Downward arrow indicates the 25th
percentile of reference sites. The percentage of impaired sites with scores below the 25th percentile of reference sites is the

discrimination efficiency.

Table 4. Mean 95% confidence interval (Cl) length and
signal-to-noise ratio for each method

Scoring Mean 95% Range of 95%
method® CI length CI length® S/N ratio
Continuous
CRQ3 12.8 1.0-26.4° 4.32
CAU 8.4 3.9-14.4' 4.55
CALU 10.5 1.2-22.0° 4.86
Discrete
DRQ2 15.4 0.0-28.6* 1.99
DRQ3 12.2 0.0-23.8° 3.66
DRQI1 11.2 0.0-22.9%° 3.14

*Method codes set as follows: C = Continuous, D = Discrete, R =
Reference sites used to set expectations, A = All sites used to set
expectations, Q1, Q2, Q3 = 25th, 50th, 75th percentile of reference
sites used for expectations, U = Upper expectation set (all sites only),
L = Lower expectation set (all sites only).

"Superscript numbers indicate Tukey multiple comparison groupings
(overall a = 0.05) based on a repeated measures ANOVA of CI
lengths. Grouping numbers represent the ordering of CI lengths from
the smallest (1) to the largest (4).

method. Thus, small changes in values across several
metrics from year to year can cause relatively large
changes in the index score for the CRQ3 method. The

S/N ratio masked this feature to some extent because it
included all sites to establish the “signal”. However, in
bootstrapping each sample to obtain a 95% CI length,
small changes in the composition had a larger effect on
the index score for the CRQ3 than for the CAU
method. The effect of compressing the range of metric
values falling between the minimum and maximum
scores is also evident in the power analysis results for
the CALU method relative to those for the CAU
method.

Similar effects on variability were observed for the
DRQ2 method. Although this method did not set spe-
cific expectations for a score of 0, it relied on the
median of reference distributions to set criteria for the
maximum metric scores. The way that the range was
divided for the DRQ2 method could lead to very com-
pressed ranges for the middle score of 3 (Figure 3),
particularly for reference distributions that are some-
what skewed toward higher values. For this method, the
median and 10th percentile values of the reference
distribution were used to establish minimum thresholds
for scores of 5 and 3, respectively, and the difference
between these values could potentially be relatively
small. This might result in cases where a slight differ-
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Table 5. Number of distinguishable condition classes for each method, based on power analysis

Minimum detectable
difference (MDD)

No. condition
classes (Index

MDD No. condition

Scoring method® (N = 2 per site) range/MDD) (N = 3 per site) classes
Continuous
CRQ3 47.5 2.1 28.0 3.6
CAU 34.0 2.9 19.5 5.1
CALU 40.0 2.5 23.5 4.3
Discrete
DRQ2 45.5 2.2 32.0 3.1
DRQ3 41.2 2.4 25.0 4.0
DRQ1 35.5 2.8 23.0 4.4

“Method codes set as follows: C = Continuous, D = Discrete, R = Reference sites used to set expectations, A = All sites used to set expectations,
Ql, Q2, Q3 = 25th, 50th, 75th percentile of reference sites used for expectations, U = Upper expectation set (all sites only), L. = Lower

expectation set (all sites only).

Table 6. Ranking results® for each analysis and scoring method

Scoring Discrimination PCA Mean 95% S/N Power analysis Sum of
method® efficiency correlations CI length ratio (MDD) ranks
CRQ3 2.5 2 5 3 6 18.5
CAU ) 4 1 2 1 13
CALU 5 1 2 1 3 12
DRQ2 2.5 3 6 6 5 22.5
DRQ3 ) 6 4 4 4 23
DRQI1 1 5 3 5 2 16

“Results are ranked from most (rank 1) to least (rank 6) desirable conditions.

PMethod codes set as follows: C = Continuous, D = Discrete, R = Reference sites used to set expectations, A = All sites used to set expectations,

Ql, Q2, Q3 = 25th, 50th, 75th percentile of reference sites used for expectations, U = Upper expectation set (all sites only), L. = Lower

expectation set (all sites only).

ence in metric value from one sample to another could
shift the metric score to or from a score of 3. Further-
more, if this was a relatively common occurrence across
metrics, these shifts could result in greater variability in
the overall index score.

The DRQI method had power analysis results simi-
lar to those for the CAU method at a sample size of two
per site, but at three samples per site, the difference
between the methods in distinguishable classes in-
creased. The DRQI method also had a much larger
range of CI lengths and a considerably smaller S/N
ratio. The DRQ3 method performed very similarly to
the CALU method for the power analysis and minimum
detectable difference measures of variability, although
these results were still considerably worse than those for
the CAU method. The DRQ3 method truncated the
original metric range slightly more than the DRQI
method by setting the upper threshold at the 75th
percentile and quadrisecting the remaining range of
metric values. However, both of these methods com-
pressed the original range of metric values to some
degree. For these methods, the division of metric values

into scores resulted in scoring ranges that were gener-
ally approximately even in size, as long as the original
metric distribution was not highly skewed toward one
end of the range. This more even division of the range
tended to produce less shifting of scores from one visit
to the next and from one bootstrapped sample to an-
other and resulted in lower index variability compared
with the DRQ2 method. Even though the distribution
of scores was more equally divided across the range of
metric values for the DRQ1 and DRQ3 methods, the
limited number of possible scores for each metric led to
slightly more error related to temporal and laboratory
subsampling variability than the best-performing con-
tinuous CAU method.

Of the six methods tested, the CAU method, which
set scoring expectations based on the entire distribu-
tion of sites, produced an index that was closest to
ideal. Discrimination efficiency was very high, and the
relationship of the index with the PCA axis was rela-
tively high. This method resulted in the least variable
index and allowed for the largest number of statistically
defensible condition classes. Although the number of
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distinguishable stream condition classes calculated in
this study may seem low, the maximum number of
classes observed for sample sizes of three per site (5.1)
was very similar to the results of an equivalent analysis
on the Ohio EPA fish IBI, which also was based on three
samples per site (Fore and others 1994). Doberstein
and others (2000) calculated much higher numbers of
distinguishable stream classes based on a single sample
per site. However, the estimate of variance used in that
analysis represented variation among large numbers of
bootstrapped samples, which is a measure of laboratory
subsampling variability rather than temporal variability.
The overall results for the CAU method were not sur-
prising. This scoring method was identified as less vari-
able among reference lakes in Florida than a discrete
scaling method based on similar scoring threshold val-
ues (Florida DEP 2000). Additionally, continuous scor-
ing was advocated by Minns and others (1994) and
Hughes and others (1998) because it is a more accurate
depiction of data, creates a less variable index, and
avoids gaps in possible scores.

Although the CAU scoring method produced the
best overall index for this set of metrics and data, each
scoring method has some limitations for implementa-
tion. A set of sampling sites chosen specifically to reflect
reference and impaired conditions will yield different
expectations from one based on randomly selected
sites. For a set of sites representing only reference and
impaired conditions, use of reference and impaired
distributions to set scoring expectations is appropriate.
For sites sampled randomly, the entire range of condi-
tions is assumed to be included in the design. Thus,
using a percentile of the entire distribution is appro-
priate. However, if non-biological criteria are used to
define reference and impaired sites from among the
total set of sites, and the numbers of reference and
impaired sites are reasonably large (50-100), either
method can be used to set scoring thresholds. This data
set was collected using a random probability design,
which met the assumption that the range of conditions
was captured. There also were over 500 sites in this data
set, which helped to avoid having a single site drastically
influence the 5th or 95th percentile metric values.
Large numbers of reference and impaired sites were
identified using abiotic variables, also allowing exami-
nation of other scoring methods.

The primary conclusion of this research is not nec-
essarily that a particular method is always better than all
others but that the method of scoring individual met-
rics can affect the performance of the final index sig-
nificantly. Evaluating different methods of scoring met-
rics when developing a multimetric index can make the
difference between an index that can distinguish ac-

ceptable from unacceptable site conditions and one
that can distinguish multiple levels of condition. The
measures used in this study were not an exhaustive set
of possible analysis tools, but they provided key insight
into how different types of scoring affect important
characteristics of an index. Although some situations
may warrant use of a specific type of scoring method
(e.g., use of reference conditions to set expectations),
this type of analysis can help provide the justification
for choosing a particular scoring method. Selection of
a scoring method producing an index with favorable
performance characteristics can increase the confi-
dence in bioassessment results and lead to a stronger
biomonitoring program.
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