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Abstract: Community science bioassessment has great potential to inform comprehensive stream management
plans, but regional analytical tools are needed to evaluate macroinvertebrate data collected through community
science programs. To this end, we modified a pre-existing professional index of biotic integrity (IBI) to create a
community science IBI (CS-IBI), designed for stream macroinvertebrate data collected by community scientists
with minimal training. We used data collected by both professional and community scientists to develop, calibrate,
and validate the CS-IBI at 76 stream sites in the Puget Lowland andWillamette Valley ecoregions of the PacificNorth-
west in theUnited States. Community science data were taxonomically coarser andmore variable than data generated
by professionals; however, IBI scores and assemblage data were statistically similar between community science and
professional data. Stream impairment categories classified by family-level CS-IBI scores matched genus-level profes-
sional classifications 65% of the time and never diverged by >1 category. CS-IBI scores were negatively related to the
percentage of agriculture and land development in the watershed, although this relationship was weaker than for pro-
fessional IBI scores. Despite increased variability in data generated by community scientists, our findings suggest the
CS-IBI performs similarly to a professional IBI across a gradient of human influence. Although we do not advocate
using the CS-IBI in regulatory settings, we believe the development of community science IBIs enhances, expands,
and strengthens public partnerships, thereby supporting environmental managers’ efforts to monitor and restore de-
graded streams and rapidly respond to pollution events. Our hope is that the CS-IBI will improve the applicability of
community science bioassessment data and serve as a model for how agencies can develop regionalized macro-
invertebrate IBIs for use in comprehensive watershed management plans.
Key words: citizen science, community science, stream macroinvertebrates, stream bioassessment, index of biotic
integrity, watershed stressors
Community science (also referred to as citizen science) is in-
creasingly being incorporated into the environmental and
ecological sciences (Fraisl et al. 2022). There is a wide range
of definitions for contributory environmental community
science, but here we consider it to be a partnership between
community scientists and professional scientists with the
aim of generating data for scientific investigation and envi-
ronmental management while also engaging the public in
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the scientific process (Bonney et al. 2009, Silvertown 2009,
Thornhill et al. 2019). Aside from generating data, there
are other compelling reasons for establishing environmen-
tally focused community science programs, including natu-
ral resource education (Bonney 2021), raising awareness of
publicly funded projects to improve surface water quality
(Bonney et al. 2016, Ballard et al. 2017, Walker et al. 2021),
engaging the public in environmental policy and management
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decisions (Overdevest et al. 2004, McKinley et al. 2017, Ed-
wards and Shaloum 2020, Burdette et al. 2021), and provid-
ing authentic research experiences that increase participa-
tion and retention of underrepresented students in science,
technology, engineering, and math education (Pandya 2012,
NASEM 2018, Valle et al. 2021).

Community science has long played a role in monitoring
the condition of freshwater systems (Firehock and West
1995), and there is growing interest in incorporating com-
munity science bioassessments in comprehensive stream and
watershed management (Rieman et al. 2015, Hopfensperger
et al. 2021, White et al. 2021). One way community science
can be incorporated is via macroinvertebrate bioassessment,
which is the systematic evaluation of macroinvertebrate as-
semblages to assess stream ecological condition (Rosenberg
and Resh 1993). Macroinvertebrates are the most widely
used taxonomic group to assess the ecological condition of
streams and rivers (Resh 2008). Macroinvertebrates are also
ideal for data collection by nonscientists because they are
easy to collect and interesting to observe. A community sci-
ence approach tomacroinvertebrate bioassessment provides
participants with authentic research experiences through
the use of simple and inexpensive field sampling techniques
while generating biological datasets that can be used to assess
stream condition in real time. Moreover, macroinvertebrates
are more engaging than physical and chemical measures, and
macroinvertebrate bioassessment is an effective approach
for natural science education (Bonney et al. 2009). Although
many resources have been developed for community science
macroinvertebrate bioassessment (Firehock 1994, Walk
1997, Edwards 2016,White et al. 2021), there remains a need
for regional tools to use the data collected by community sci-
entists to evaluate stream condition within a framework that
is useful to stream managers (Callaghan et al. 2019).

One such tool is an index of biotic integrity (IBI). IBIs are
analytical tools used as indicators of environmental condi-
tions. They include multiple biological metrics characteriz-
ing both the taxonomic and functional aspects of the biotic
community (Karr 1998, Stoddard et al. 2008).Macroinverte-
brate IBIs are frequently used in stream bioassessment and
are often used for regulatory purposes (Karr 1998, Davies
and Jackson 2006). IBIs are useful for community science be-
cause they are simple to calculate, easy to interpret, and can
be used as an educational tool for increasing environmental
stewardship and knowledge of stream conditions. However,
IBIs are generally applied to data collected by trained scien-
tists, and there are challenges in using IBIs in community sci-
ence related to how community scientists collect, process,
and enumerate macroinvertebrate samples. Community science
groups often sort, identify, and count live macroinverte-
brates in the field under ambient light conditions with little
to nomagnification (Nerbonne et al. 2008, Edwards 2016). In
contrast, professional scientists sort, identify, and enumerate
preserved macroinvertebrates in the laboratory under mag-
nification and artificial lighting (Nerbonne et al. 2008). As a
result, live sorting and counting by community scientists
generates macroinvertebrate data that are biased towards
large or motile macroinvertebrates that are easy to see in
the field (Nerbonne et al. 2008). For example, community
scientists detect fewer taxa overall and fewer small orga-
nisms than professionals (Edwards 2016). Consequently,
IBIs designed for professionally collected biological data
are unreliable when calculated usingmacroinvertebrate data
collected by community scientists (O’Leary et al. 2004,
Nerbonne et al. 2008).

Few macroinvertebrate metrics or indexes have been
developed for community science bioassessment. Most of
these were developed using a lethal field method or were
based on data collected by professional scientists, were
not validated with community science data, and have not
been formally published (e.g., Water Assessment by Vol-
unteer Evaluators, Wai Care Invertebrate Monitoring Pro-
tocol; Aukland Council 2013, Onion et al. 2023). The only
peer-reviewed paper we are aware of that describes a metric
for community science bioassessment developed using data
collected by community scientists was published by Pinto
et al. (2020), who developed a pollution tolerance-basedmacro-
invertebrate metric for community science bioassessment
that correlated with the ecological status of Portuguese
streams and correspondedwith data collected by profession-
als. However, from the perspective of a stream manager, a
common limitation of all the published and unpublished
studies we reviewed was a lack of independent validation
of themetric and estimation ofmetric variability. These con-
siderations are importantwhen evaluating the degree of con-
fidence stream managers can expect in macroinvertebrate
data generated by community scientists (Brown and Wil-
liams 2019). Furthermore, the metrics developed for com-
munity science were all based on the pollution tolerance of
macroinvertebrates and did not include other biological
traits, such as feeding, which are critical to understanding
the biological integrity of streams (Karr and Chu 2000, Da-
vies and Jackson 2006). Moreover, none of the community
science metrics were designed to correspond with a profes-
sional IBI, limiting their value for environmentalmanagement.

To address these limitations, we developed a regionally
specific community science IBI (CS-IBI). The CS-IBI is an
analytical tool specifically designed for macroinvertebrate
bioassessment data collected by community scientists sam-
pling streams in the Puget Lowland and Willamette Valley
ecoregions. In this paper, we describe the development, cal-
ibration, and validation of the CS-IBI, predicting that it
would perform similarly to an IBI used by professional scien-
tists for regulatory purposes. The main objectives of our
study were to 1) develop and calibrate the CS-IBI across a
gradient of watershed disturbance in 2 ecoregions in the
western United States, 2) validate the CS-IBI by comparing
it with a professionally derived IBI using data collected si-
multaneously by professional scientists from the same streams,
3) evaluate the reliability of the CS-IBI data generated by
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community scientists by assessing its variability over time,
and 4) comparemacroinvertebrate assemblage data generated
by a nonlethal sampling method designed for community sci-
ence with assemblage data generated by standard macro-
invertebrate sampling methods. We also aimed to identify
key issues related to the use of community science bioassess-
ment data in comprehensive stream management plans.

METHODS
To develop, calibrate, and validate a regionally specific

CS-IBI, we conducted a 3-part study to generate 4 datasets
(Table 1) of macroinvertebrate samples from streams across
the Puget Lowland and Willamette Valley ecoregions of the
Pacific Northwest (PNW), United States (Fig. 1). In the 1st

part, we developed and calibrated the CS-IBI with data de-
rived from macroinvertebrates nonlethally sampled and
identified by professional scientists. In the 2nd part, we val-
idated the CS-IBI with a separate dataset of macroinverte-
brates sampled and identified by professional scientists. In
this step, scientists sampled paired riffles—1 riffle with lethal
methods and the other with nonlethal methods developed
for community scientists—then scored them with a profes-
sional IBI and the CS-IBI, respectively, allowing comparison
of the scores between the 2 indices and community compo-
sition between the 2 datasets. Finally, we used a long-term
macroinvertebrate dataset collected by community scien-
tists, in this case students, to test the reliability of the CS-IBI
over multiple sampling years. We then used linear regres-
sion tomodel the relationships between the IBI scores from
all 4 datasets with watershed disturbance at each site.

For the purposes of this study, we define a community sci-
entist as a student, volunteer, or other member of the public
who is not professionally or academically trained as a scien-
tist. We define a professional scientist as a trained scientist
with an academic or professional affiliation. We recognize
that many community scientists are also retired academics,
environmental scientists, and natural resource managers,
but no participants involved in this study fit these categories.

Study area
The Puget Lowland and Willamette Valley ecoregions

represent the largest population centers of the PNW and
contain critical habitat for endangered salmonids (Naiman
and Bilby 1998). In general, these regions havemild wet win-
ters and cool dry summers. Historically, streams in these re-
gions were generally cold with gravel and cobble substrates
used by salmon for spawning; however, urbanization, agri-
culture, and other stressors such as logging andmining have
degraded many of these stream ecosystems (Wilson and
Sorenson 2012). The development of a regional CS-IBI for
the Puget Lowland and the Willamette Valley is important
because macroinvertebrate communities are highly variable
across the landscape and, thus, require regional adjustments
across diagnostic indices (Miller et al. 1988). Furthermore,
the Puget Lowland and Willamette Valley ecoregions have
>90 watershed councils tasked with monitoring streams
(PME, unpublished data), constituting the highest density
of active community science programs in the PNW region.

We selected streams across a gradient of watershed con-
ditions from a pool of stream sites routinely sampled by state
or local agencies.We used the 2016 National Landcover Da-
tabase (Dewitz 2019) to characterize land use by calculating
the percentage of the watershed area upstream of the sample
site that was predominantly agricultural (%hay or pasture
and %cultivated crops) or developed (%low, %medium, and
%high development).We summed these values to determine
the total amount of agriculture and developed land use
(%Ag1Dev) in the watershed upstream of each site.
Table 1. Summary and description of the datasets used for this study. B-IBI 5 benthic index of biotic integrity, CS-IBI 5 community
science index of biotic integrity.

Dataset Collectors Purpose Description N Dates collected

CS-IBI calibration Professional scientists Calibration Collected using a nonlethal field
method. Family-level data used to
develop and calibrate the CS-IBI.

48 streams Autumn 2020

B-IBI validation Professional scientists Validation Collected using a standard profes-
sional method. Genus-level data
compared with CS-IBI validation
scores.

20 streams Autumn 2019

CS-IBI validation Professional scientists Validation Collected using a nonlethal field
method simultaneously with B-IBI
samples. Family-level data com-
pared with B-IBI validation scores.

20 streams Autumn 2019

Student Middle school, high
school, or university
students

Validation Collected using a nonlethal field
method. Family-level data used to
evaluate CS-IBI scores.

10 streams,
90 sampling
events

2005–2021
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CS-IBI development and calibration
A continuously scaled macroinvertebrate IBI has not

been developed for the Willamette Valley, so we used the
Puget Lowland benthic IBI (B-IBI) as a framework for
developing the CS-IBI (King County 2014). The B-IBI has
been broadly applied in the Puget Lowland and is a strong
indicator of watershed disturbance (Morley and Karr 2002,
King County 2014). There are several advantages of using a
professional, continuously scaled B-IBI as a framework for
developing the CS-IBI, including a direct correspondence
to a widely used professional IBI, the simplicity of metric
development, and the ability to easily update metric values
as more data are collected by community scientists. The B-
IBI includes 10macroinvertebratemetrics continuously scaled
from 0 to 10 based on the observed 10th and 90th percentiles
for each metric. The sum of the B-IBI metric scores, which
range from 0 to 100, are used to categorize streams into
5 condition categories. In contrast with discretemetrics, con-
tinuously scaled metrics have less variability, a stronger asso-
ciation with environmental stressors, and a higher signal to
noise ratio (Hughes et al. 1998, Blocksom 2003).

Calibration dataset and field methods To develop and
calibrate the scoring criteria for the 10 metrics that make
up the CS-IBI (Table 2), we generated a calibration dataset.
Professional scientists collected the CS-IBI calibration sam-
ples from 17 August 2020 to 21 October 2020. They used a
nonlethal method developed for community science (Ed-
wards 2016) to collect, sort, subsample, identify, and count
macroinvertebrates from 25 stream sites in the Puget Low-
land and 23 sites in the Willamette Valley (48 total sites).
One of the calibration sites (Clear Creek upper) was ~20 km
east of the Willamette Valley ecoregion and at a slightly
higher elevation than the other streams; however, we retained
Figure 1. Map of benthic macroinvertebrate sampling locations in the Puget Lowland and Willamette Valley ecoregions of the Pa-
cific Northwest, USA, for the development of a community science index of benthic integrity. Sampling was done for 3 separate
datasets: validation, calibration, and student validation. Insets show enlarged portions of the landscape.
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this site in the analysis because its watershed contained the
lowest %Ag1Dev in our dataset.

To sample for this calibration dataset, the professional
scientists used a 500-lmD-frame kick net (D-net) to collect
a macroinvertebrate sample from the left, center, and right
side of a riffle with cobble-sized substrate. They disturbed
0.09 m2 of substrate in front of the D-net for ~1 min and
gently rubbed the larger rocks with their hands. To avoid
harming macroinvertebrates, they did not scrub the rocks
with a brush or kick the substrate with their feet. The 3 riffle
samples were composited for a total sample area of 0.27 m2,
sorted from debris, and poured into a divided plastic tray (38�
24 � 6 cm, part #05905; Akro-Mils, Akron, Ohio) filled
with stream water. Using a random number sheet, they se-
lected⅓ of the cells in the divided tray to randomly subsample
0.09 m2 of benthic substrate. They used no-crush forceps, pi-
pettes, and turkey basters to transfer macroinvertebrates
into an ice-cube tray where they sorted, identified, and enu-
merated the subsample. Macroinvertebrates were identified
to family level using a field guide specifically designed for in-
the-field identification of live organisms (Edwards 2014).
This process was repeated until at least 100 macroinverte-
brates were counted and identified. The target count was
based on the findings of Edwards (2016). To avoid bias, all
organisms from the last randomly selected cell were counted
(Edwards 2016). Because there was a range in the final counts
for the calibration data, we rarefied the data to theminimum
count (106) in the dataset. However, this step did not sub-
stantially change themetric formulas nor improve our statis-
tical models, so we used the unrarefied data for analysis. All
specimens were returned to the stream after identification
and enumeration.

CS-IBI calibration We used the CS-IBI calibration dataset
to calibrate the scoring criteria for each of the metrics in
the B-IBI. Because of the coarser taxonomy of the commu-
nity science data, we used 3 impairment categories instead
of the 5 used in the B-IBI. The CS-IBI impairment catego-
ries are impaired (0–33), moderately impaired (34–66),
and unimpaired (67–100). We assigned family-level traits
for the CS-IBI data (Table S1) based on Fore et al. (2012)
and determined the 10th and 90th percentiles for each met-
ric (Table 2). If an observed value resulted in a metric score
that was <0 or >10, we assigned a value of 0 or 10, respec-
tively. We then calculated the CS-IBI score for each sample
in the CS-IBI calibration dataset.
CS-IBI validation
To assess the accuracy of the CS-IBI scores, we used a val-

idation dataset to independently validate the CS-IBI scores
against scores from the Puget Lowland B-IBI. We also com-
pared the individual metrics that make up the CS-IBI and B-
IBI scores as well as their impairment categories.
Validation dataset The CS-IBI validation data were col-
lected at 20 streams sites, with 14 in the Puget Lowland and 6
in the Willamette Valley (Fig. 1), by professional scientists
from 6 August 2019 to 19 September 2019. At each 100-m
reach, 2 riffles within 25 m of each other were concurrently
sampled using a professional samplingmethod at 1 riffle and
the community science nonlethal sampling method at the
other riffle. Simultaneous sampling allowed for the direct
comparison of the paired CS-IBI scores with professional
IBI scores at each stream while minimizing spatial and tem-
poral variance. The CS-IBI samples were collected as de-
scribed above for the calibration dataset. The B-IBI samples
were collected using a standard professional sampling tech-
nique (King County 2020). They used 500-lm D-nets (for
Willamette Valley samples) or 500-lm Surber samplers
(for Puget Lowland samples) to collect macroinvertebrates
from 0.74 m2 of substrate area in riffles by scrubbing the
Table 2. Description of metrics used in the community science index of biotic integrity (CS-IBI) for the Puget Sound Lowland and
Willamette Valley ecoregions of the Pacific Northwest, USA, and the values for the 10th and 90th percentiles. If an observed value
(OV) resulted in a score <0 or >10, a value of 0 or 10 was applied to that score. Scores for each metric are summed and range from
0 to 100, where a higher score indicates lower impairment. Expected relationship with watershed disturbance is indicated by 1 or –.

Metric Description 10th 90th CS-IBI formula

Taxa richness (–) Macroinvertebrate families (no.) 8 15 10 � (OV – 8) / (15 – 8)

Mayfly richness (–) Mayfly families (no.) 1 4 10 � (OV – 1) / (4 – 1)

Stonefly richness (–) Stonefly families (no.) 0 3 10 � (OV – 0) / (3 – 0))

Caddisfly richness (–) Caddisfly families (no.) 0 3 10 � (OV – 0) / (3 – 0)

Clinger richness (–) Families that are clingers (no.) 3 9 10 � (OV – 3) / (9 – 3)

Long-lived richness (–) Families that live longer than 1 y (no.) 0 2 10 � (OV – 0) / (2 – 0)

Intolerant richness (–) Families that are pollution intolerant (no.) 0 1 10 � (OV – 0) / (1 – 0)

%dominant (1) % of the top 3 most abundant taxa 61 89 10 � (OV – 61) / (89 – 61)

%predator (–) % of organisms that are predators 0 12 10 � (OV – 0) / (12 – 0)

%tolerant (1) % of organisms that are tolerant to pollution 0 25 10 � (OV – 0) / (25 – 0)
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surface of rocks with brushes, followed by vigorously dis-
turbing the substrate with ametal rod or by kicking the sub-
strate by foot for 30 s. Samples were separated in the field
and preserved in ethyl alcohol. Preserved samples were re-
turned to the lab, and macroinvertebrates were subsampled
from randomly selected grids in a Caton (1991) tray until a
minimum count of 500 organisms or the entire sample
was enumerated and identified. To minimize subsampling
bias, all organisms from the last randomly selected grid
were processed, even if the final count exceeded 500. The
subsampled organisms were identified under magnification
to the lowest practical level (usually genus or species) by an
expert from a professional taxonomic company (Rhithron
Associates, Missoula, Montana). We calculated the CS-
IBI score for each sample in the CS-IBI validation dataset.

Validation To validate the CS-IBI, we compared 3 ele-
ments of the CS-IBI and B-IBI: individual metrics, impair-
ment condition categories, and scores. There is no family-
level equivalent of the B-IBI, thus, for these analyses, we
compared the taxonomically coarserCS-IBI to the taxonom-
ically finer B-IBI. First, we compared the individual metrics
that make up the CS-IBI and B-IBI scores. For each of the
10 metrics that make up both IBIs (Table 2), we subtracted
the CS-IBI score from the B-IBI score for each of the paired
validation samples and summarized the difference in box-
plots. Second, we evaluated the correspondence between
the impairment condition categories of the paired CS-IBI
and B-IBI scores. We aligned the B-IBI into 3 condition cat-
egories thatmatched theCS-IBI and compared thematching
rate for each category, then used a v2 test in R (version 4.1.2;
R Project for Statistical Computing, Vienna, Austria) to eval-
uate the similarity in impairment classifications between the
indices. Third, we used Spearman’s rank-based correlation
test to test the relationship between CS-IBI and B-IBI scores.

CS-IBI reliability
Student dataset To test the reliability of the CS-IBI, we
used a dataset of macroinvertebrates sampled by students
under conditions encountered in the community science
setting (Table 1). From 2005 to 2021, middle school, high
school, and university students collectedmacroinvertebrates
mainly in the autumn (September–November) or spring
(May–June) during short field trips to 10 streams in theWil-
lamette Valley ecoregion (90 total sampling events). These
10 streams were selected because we had a collection permit
for them, and students could easily and safely access the
stream sites. The selected reacheswere generally representa-
tive of the overall stream conditions. Working together,
groups of 3 to 5 students (mode 5 4) spread out along a
100-m stream reach and used the nonlethal sampling method
described above for the calibration dataset (Edwards 2016) to
collect, sort, subsample, identify, and count macroinverte-
brates. Students were briefly trained in the nonlethalmethod
before the field trip and then again during the field trip,
where they were able to watch an in-field demonstration.
Students were shown an example of a riffle (vs a pool or
glide) and then directed to select a riffle fromwhich they col-
lected macroinvertebrates. The maximum count of macro-
invertebrates collected at a stream during a sampling event
was determined by the number of students on the field trip
and, thus, could not be controlled. Many of the field trips
consisted of multiple classes collecting macroinvertebrates
at the same stream resulting in a large area of substrate sam-
pled for some streams (Table 3). Thefinalmacroinvertebrate
counts and identifications of each group were reviewed by
someone who was familiar with the macroinvertebrate iden-
tification.We (the lead and 2nd authors of this paper) verified
~50% of the samples, and the other ~50% of the samples
were verified by college students or high school teachers
who were not formally trained in macroinvertebrate identi-
fication but had previously attended a field trip and were fa-
miliar with common macroinvertebrate families. We calcu-
lated the CS-IBI score for each sample in the student dataset.

Variability We used a subset of the student dataset to es-
timate the interannual and seasonal variability in CS-IBI
scores from Balch Creek and Rock Creek, which were re-
peatedly sampled in the spring and autumn by students
from 2005 to 2020 (Table 3) and had relatively high CS-
IBI scores. Balch Creek was sampled 31 times (spring 5
15, autumn 5 16), and Rock Creek was sampled 17 times
(spring5 8, autumn5 9). We estimated the seasonal inter-
annual variance by determining the absolute difference in
the year-to-year CS-IBI scores for the spring and autumn
samples (e.g., Fautumn 2019–autumn 2020F). We used the
95% CI of the absolute differences in CS-IBI scores for
each season to estimate the variability of CS-IBI scores gen-
erated by community scientists.

Comparing macroinvertebrate assemblages
We compared macroinvertebrate assemblage data gen-

erated by the nonlethal community science method with
assemblage data generated by standard macroinvertebrate
sampling methods. We did not have information about
student macroinvertebrate misidentification rates, though
this issue has been investigated in previous studies (Fore
et al. 2001, Engel and Voshell 2002, Nerbonne and Von-
dracek 2003, Edwards 2016). Instead, we compared the as-
semblage data generated by both methods by aligning the
B-IBI and CS-IBI taxonomy in the validation dataset and
comparing the resulting assemblages based on macro-
invertebrate relative abundance and ordinations. To align
the taxonomy, we reclassified the B-IBI data to the family,
order, or class level that matched the CS-IBI taxonomy. Us-
ing boxplots, we compared the relative abundance of each taxon
collected in the validation data and selected taxa with >20%
difference in relative abundance for further evaluation.
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We used ordination, a data visualization technique in
which samples are plotted along 2 or more axes (Legendre
and Legendre 1998), to summarize the structure of the
macroinvertebrate assemblage data and evaluate differ-
ences in the assemblages between the CS-IBI and B-IBI
validation data. In assemblage-based ordinations, points
that are closer together are more similar in assemblage
than points that are far apart. We used nonmetric multidi-
mensional scaling (NMDS) based on Bray–Curtis distance
(McCune and Grace 2002) in the vegan package (version 2.6-
7; Oksanen et al. 2020) to ordinate assemblage data (20
random starts) and used Procrustes analysis to compare
the similarity of the CS-IBI and B-IBI data. Procrustes ro-
tates the ordinations to best match the paired samples and
uses theM2 statistic and the Protest permutation-based test
(permutations 5 999) to evaluate the similarities of the
ordinations (Jackson 1995, Peres-Neto and Jackson 2001).
The Procrustes M2 statistic ranges from 0 to 1, with larger
values indicating a stronger correspondence between the
paired samples in ordination space (Jackson 1995). We ex-
pected that the B-IBI taxonomically aligned assemblage
data generated by professional scientists would be similar to
the CS-IBI assemblage data generated by community scien-
tists using the nonlethal field method. There were 4 creeks
that had a relatively large difference between CS-IBI and
B-IBI locations in ordination space (Johnson, Thornton,
Evans, and Kelley creeks; see Results). To further evaluate
the assemblage differences in these 4 streams, we compared
the relative abundance of the 10 most abundant taxa in each
stream using stacked bar plots.
Relationships with land-use stressors
To evaluate the response of the CS-IBI to watershed

stressors, we fit simple linearmodels and r2 values to charac-
terize the relationships between %Ag1Dev in the watershed
and 1) CS-IBI calibration scores, 2) CS-IBI and B-IBI valida-
tion scores, and 3) student CS-IBI validation scores. After we
fit the linear regression models, we performed a model diag-
nostic check on the residuals. We used a Shapiro–Wilk test
to test the normality assumption and the F-ratio to test the
equal variance assumption, which all datasets passed. For
the calibration and validation datasets, we fit models for
the entire geographic range and for each ecoregion sepa-
rately.We expected B-IBI andCS-IBI scores to decreasewith
%Ag1Dev in the watershed in all cases. Becausemany of the
streams in the student validation dataset were repeatedly
sampled (Table 3), we first used the mean CS-IBI sores
and then repeated the analysis with 5 randomly selected sets
of samples from each stream that had >1 sampling date. For
streams sampled only once, we used the data from the single
available sample for that stream. To further evaluate CS-IBI
scores generated by participants with minimal experience
identifying macroinvertebrates, we also fit a linear model
with only the data from 6 streams in which the macro-
invertebrate identifications and counts were verified by rela-
tively inexperienced teachers or college students.

RESULTS
CS-IBI development and calibration

We collected 48 calibration samples across the 2 eco-
regions (Fig. 1). The formula for each CS-IBI metric can
Table 3. Summary data for the student dataset collected by middle school, high school, and university students from 2005 to 2021 in
10 streams in the Willamette Valley ecoregion, Pacific Northwest, USA. A sampling event represents a field trip to a stream in a given
season (autumn or spring) and year, except for Balch Creek, which was sampled 3 times in the winter (December). In many cases,
>1 sampling event occurred per season, and these samples were aggregated. The mean macroinvertebrate counts represent the total
number of macroinvertebrates subsampled and counted during a sampling event averaged across all events for that stream. Mean
stream area sampled and mean community science index of biotic integrity (CS-IBI) scores are provided for each stream. Summary
statistics, including 1 SD are provided for streams with >1 sampling event. NA indicates streams with only 1 sampling event. Max 5
maximum, min 5 minimum.

Stream
Student
level

Sampling
events

Mean macroinvertebrate
counts (min–max)

Mean area (m2) sampled
(min–max)

Mean CS-IBI
(SD)

Balch University 34 384 (107–1164) 1.1 (0.5–3.3) 62.1 (13.9)

Carli High school 10 293 (97–903) 2.4 (0.6–5.0) 14.5 (1.9)

Clark Middle school 1 109 (NA) 0.7 (NA) 13.5 (NA)

Clear (Lower) University 5 106 (77–186) 0.7 (0.6–0.8) 62.9 (16.1)

Clear (Upper) University 2 170 (83–256) 1.1 (0.6–0.8) 77.5 (5.8)

Gales High school 3 140 (101–179) 0.8 (0.2–1.5) 77.9 (2.6)

Johnson High school 5 174 (57–307) 1.7 (0.6–2.5) 20.7 (7.3)

Mt Scott High school 12 507 (93–1320) 2.3 (0.6–4.1) 34.6 (13.2)

Pringle Middle school 1 108 (NA) 0.8 (NA) 18.3 (NA)

Rock High school 17 875 (104–3688) 2.9 (0.7–7.2) 71.3 (10.5)
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be found in Table 2. Mean %Ag1Dev in the watershed for
the calibration data was 28% (range5 0–95%). Mean abun-
dance of subsampled organismswas 161 (range5 106–296),
andmean area sampledwas 0.11m2 (range5 0.09–0.22m2).
The mean CS-IBI score was 51 (range 5 12–84), where a
lower score indicates greater impairment. Fifteen CS-IBI
scores were in the impaired category (<33), 17 CS-IBI scores
were in the moderately impaired category (33–66), and
16 scores were in the unimpaired category (>66).

CS-IBI validation
We collected 20 paired validation samples across both

ecoregions (Fig. 1). Mean %Ag1Dev in the watershed for
the validation samples was 54% (range 5 1–87%). Mean
abundances of subsampled organisms for the B-IBI data
and CS-IBI data were 483 and 154, respectively. The mean
B-IBI score was 35 (range 5 7–95), and the mean CS-IBI
score was 39 (range 10–82). Of the 10 metrics that make up
the CS-IBI, 1 metric was consistently overestimated (%intol-
erant), 2 were slightly overestimated (caddisfly richness
and %dominant), and 1 was underestimated (%clinger) by
the nonlethal community science method (Fig. 2A). The
mean difference in the absolute scores for all metrics was
2.8 (range 5 2.1–4.8). The metrics with the largest mean
difference between the CS-IBI and B-IBI absolute scores
were %tolerant (mean difference 5 4.8) and %dominance
(mean difference5 3.9). The mean difference in the abso-
lute scores of the other 8 metrics was <3.0.

Of the 20 paired samples, the CS-IBI categorized 11, 6,
and 3 of the streams as impaired, moderately impaired, and
unimpaired, respectively. The B-IBI categorized 13, 3, and
4 of the streams as impaired, moderately impaired, and un-
impaired, respectively. Results of the v2 analysis showed that
the CS-IBI and B-IBI condition categories were similar (v25
6.0, df 5 4, p 5 0.20), and 13 of the 20 condition categories
matched. Four of the mismatched classifications occurred in
the impaired to moderately impaired categories, with differ-
ences between CS-IBI scores and B-IBI scores of 7, 26, 33,
and 37. Three of the mismatched classifications occurred in
the moderately impaired to unimpaired categories, with dif-
ferences in scores of 18, 15, and 40. Of the 7 mismatches,
none diverged >1 category in difference.

CS-IBI scores were correlated with B-IBI scores (q 5
0.62, p < 0.01). There were 4 streams with mismatched
Figure 2. Boxplots comparing the differences between individual metrics (A) and macroinvertebrate relative abundance (B) for the
community science index of biotic integrity (CS-IBI) and benthic IBI (B-IBI) paired samples from the validation dataset. Boxes en-
compass the lower quartile, median, and upper quartile of the data. Whiskers extend to 1.5� the interquartile range, and the open
circles are 1.5� the interquartile range. Values above and below the dotted line indicate an overestimate or underestimate by the CS-
IBI, respectively. Individual metrics in panel A are taxa richness (TR), mayfly richness (MR), stonefly richness (SR), caddisfly richness
(CR), clinger richness (CLING), long-lived richness (LL), intolerant richness (INTOL), %dominant (DOMNT), %predator (PRDTR),
and %tolerant (TOLRNT). See Table 2 for details about how each metric is calculated. Panel B shows only taxa with maximum differ-
ences in relative abundance of >20% between the CS-IBI and B-IBI datasets.
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condition categories and absolute differences of >20 points
between the CS-IBI and B-IBI total scores: Evans, Panther,
Vasa, and Taylor creeks. In these streams, intolerant rich-
ness and %predator were the metrics that showed the largest
andmost frequent source of variation in scores, with the CS-
IBI overestimating B-IBI scores in every case.

Student CS-IBI
The student dataset (Table 3) was generated by >6000

students collecting macroinvertebrates from 10 streams
during 90 sampling events from 2005 to 2021 (autumn 5
52, spring5 33, other season5 5). The mean area sampled
in each stream ranged from 0.7 to 2.9m2 at each stream. The
mean CS-IBI scores for each stream ranged from 13.5 to
77.9. At Balch Creek, mean interannual seasonal variability
of the student CS-IBI scores was 12.8 (95% CI 5 2.3–23.3)
in the autumn and 12.7 (95% CI 5 4.2–21.3) in the spring.
At Clear Creek, mean interannual variability was 7.8 (95%
CI 5 0.9–14.7) in the autumn and 16.7 (95% CI 5 6.0–
27.5) in the spring. The mean variability of CS-IBI scores
for both streams was 10.3 in the autumn and 14.8 in the
spring. The mean 95% CI for both streams was 9.0 in the au-
tumn and 16.2 in the spring.

Comparing macroinvertebrate assemblages
After taxonomic alignment, total richness of the CS-IBI

and B-IBI validation data was 49. Six taxa hadmaximum dif-
ferences in relative abundance>20% between theCS-IBI and
B-IBI datasets (Fig. 2B). Of these 6 taxa, Baetidae was consis-
tently overestimated, and Pisidiidae was consistently under-
estimated by the CS-IBI. The other 4 taxa showed similar
variation but were not biased towards either method. The
nonmetric multidimensional scaling ordinations (k 5 2;
Fig. S1) generated by CS-IBI and B-IBI data were similar
(ProcrustesM25 0.57, p5 0.002; Fig. 3). The relatively large
differences in assemblage between the taxonomically aligned
CS-IBI and B-IBI data in 4 creeks (Johnson, Thornton,
Evans, and Kelley) were primarily driven by small taxa such
as Elmidae and Pisidiidae, which were frequently missed
during field sorting, as well as taxa that adhere to the sub-
strate, such as Glossosomatidae and Hydroptilidae. Baetidae
and Simuliidae were consistently overestimated in the CS-
IBI data (Fig. 4).

Relationships with land use
The calibration, validation, and student datasets were re-

lated to watershed land use (Table S2). CS-IBI calibration
scores had a negative relationship with %Ag1Dev in the wa-
tershed (y 5 –0.50x 1 64.2, r2 5 0.56, p < 0.001; Fig. 5A).
Within ecoregions, the relationship with %Ag1Dev was
stronger for the Puget Lowland (r2 5 0.71, p < 0.001) than
for theWillamette Valley (r25 0.45, p < 0.001). B-IBI valida-
tion scores decreased with %Ag1Dev land use in the water-
shed ( y5 –0.77x1 76.2, r25 0.74, p < 0.001; Fig. 5B), as did
CS-IBI validation scores within each watershed (y5 –0.52x1
66.8, r2 5 0.50, p < 0.001; Fig. 5C). Likewise, student-
collected mean CS-IBI scores decreased with %Ag1Dev in
the watershed (y 5 –0.70x 1 81.3, r2 5 0.77, p < 0.001;
Fig. 5D). Themean r2 value of the linearmodels for the 5 ran-
domly selected student CS-IBI scores was 0.68 (r2 range 5
0.38–0.85). For the 6 streams in which the student counts
and identifications were identified by inexperienced volun-
teers, the r2 value of the linear model was 0.55 (p 5 0.09).

DISCUSSION
Themain objectives of this study were to develop and val-

idate an IBI for community science that corresponded with a
professional IBI and could be applied in theWillamette Val-
ley and Puget Lowland ecoregions, wherein lie the majority
of community science groups and watershed councils in the
PNW. Validating and assessing the variability of the CS-IBI
has provided an IBI that is both valid and reliable for theWil-
lamette Valley and Puget Lowland ecoregions and that re-
flects the relationship between stream integrity and the
amount of development and agriculture in the watershed.
Figure 3. Procrustes analysis of separate nonmetric multidi-
mensional scaling (NMDS) ordinations of Bray–Curtis dissimi-
larity matrices of assemblage relative abundance data collected
by a nonlethal sampling method for a community science index
of biotic integrity (CS-IBI) or a professional sampling method
for a benthic IBI (B-IBI). The ordination shows the locations of
the paired CS-IBI samples and the B-IBI samples from the tax-
onomically aligned validation data in ordination space (k 5 2).
Circles are the B-IBI samples, and the arrows point to the cor-
responding CS-IBI samples. The solid lines indicate the rota-
tion necessary to align the CS-IBI NMDS ordination with the
B-IBI NMDS. Four creeks that had a relatively large difference
between CS-IBI and B-IBI locations in ordination space (John-
son, Thornton, Evans, and Kelley creeks) are noted. M2 is a
measure of similarity between ordinations.



Figure 4. Relative abundance data for the top 10 most common taxa at 4 creeks that showed relatively large differences in assem-
blage. Data for the paired samples were generated with a nonlethal community science (CS) sampling method or a professional (Pro)
sampling method.
Figure 5. Scatterplots of the calibration and validation data and results of linear models with each dataset as a function of the per-
centage of agriculture 1 developed land use (%Ag1Dev) in the watershed: the community science index of biotic integrity (CS-IBI)
calibration data (A), the professional benthic IBI (B-IBI) validation data (B), the CS-IBI validation data by ecoregion (C), and the stu-
dent CS-IBI scores (D), with the error bars representing 1 SD. PL 5 Puget Sound Lowland, WV 5 Willamette Valley.
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The CS-IBI is a useful tool for stream managers to evaluate
stream condition and engage the public to support compre-
hensive stream management plans.

CS-IBI validation
We report here the 1st study to calibrate and estimate the

variability of a trait-based IBI for community science that
corresponds to, and is validated with, a professional IBI.
The correspondence between the CS-IBI and B-IBI 3-class
stream impairment condition categories had a match rate
of 65%. This finding aligns with those of Pinto et al.
(2020), who found a match rate between a community sci-
ence metric and a professional metric of 49 to 58% for a 5-
class condition category and 85 to 91% for a 2-class condi-
tion category. In addition, the correlation between CS-IBI
and B-IBI scores (q 5 0.62) is similar to previous findings.
For example, Moffett et al. (2015) found that scores gener-
ated by community scientists were correlated with profes-
sional scores in New Zealand streams (q 5 0.54, p < 0.001),
and O’Leary et al. (2004) found that professional genus- and
family-level scores correlated with several different metrics
(q range 5 0.32–0.78) in streams of the northeast United
States. Fore et al. (2001) found much stronger relationships
between community science data and professional data (q 5
0.98, p < 0.01); however, their study controlled for sorting
method and within-reach sample location.

Differences between the CS-IBI and B-IBI scores were
primarily driven by high variability in the total richness, %
tolerant, and %dominant metrics, but differences were also
associated with bias of the nonlethal sampling method. This
source of error in the %tolerant metric was due to the rela-
tively few macroinvertebrate families categorized as intoler-
ant (n 5 2) or tolerant (n 5 4). The variability in the total
richness and %dominant metrics could have been due to
the more accurate sorting of samples in the lab under mag-
nification vs field-based identification, as well as the finer
taxonomy used in the professional samples. The underesti-
mation of clinger richness was likely due to differences in
how aggressively professionals scrub the rocks and disturb
the substrate compared with community scientists, who
may be trying not to harm organisms.

Differences in assemblage between the CS-IBI and B-IBI
samples can also be generally explained by the limitations of
the nonlethal method, including the challenge of identifying
small organisms in the field with only hand lenses and under
ambient light conditions. These conditions tend to favor the
identification of relatively larger macroinvertebrates that
swim or actively move in the collection trays and, thus, are
easier to see. This source of bias has been documented pre-
viously in studies of other live-sort methods (Nerbonne et al.
2008, Edwards 2016). In the 4 streams that showed large dif-
ferences in assemblage between the CS-IBI and B-IBI data
(Fig. 4), there was high variation in the relative abundance
of Baetidae and Gammaridae, likely because these families
rapidly swim around the sampling tray and are more likely
to be seen during the field sort. Similarly, Simuliidae were
overrepresented in community science samples, likely be-
cause these larvae attach to the sides of the ice-cube tray,
making them easier to see with the naked eye. There was also
high variation in small nonmotile taxa, such as Pisidiidae,
that are easily obscured in debris. Despite variation and bias
in the macroinvertebrate relative abundance data generated
by community scientists, the resulting assemblages were sta-
tistically similar to the professional data.

The seasonal interannual mean variability in student CS-
IBI scores (range 5 7.8–16.7) was similar to what has been
observed in B-IBI scores (8.7) generated by professional sci-
entists (CAL, unpublished data); however, the 95%CI of var-
iation in the student-generated CS-IBI scores (range 5
14.7–27.5) was much higher. This difference was likely due
to higher variability and coarser taxonomic resolution of
the nonlethal method, but it also may be due to the substan-
tially longer time-period andmore numerous samples of the
Balch Creek (n5 31) and Rock Creek (n5 17) data as com-
pared with the unpublished CAL data (n5 2–6 per stream).
In addition, mean variability in the student CS-IBI scores
had a seasonal pattern, with lower variability in autumn than
spring. This seasonality was likely related to variability in
streamflow conditions, which tend to be more stable in the
late summer and early autumn during baseflow conditions
in the PNW. Furthermore, because of the timing of flows
in the PNWwhere streamflow can be too high for sampling
from November to June, most community science would
take place in midsummer to late autumn, which is within
the time period that the calibration samples were collected.
In the student data, nearly⅔ of all samples were collected in
the autumn. The relatively high variability observed in the
Rock Creek data wasmost likely due tomajor stream habitat
restoration that occurred in spring 2014 and resulted in
post-restoration macroinvertebrate communities that were
highly variable (Bedell 2015, Edwards et al. 2018).

Relationships of IBI scores with watershed land-
use stressors

The CS-IBI performed well in identifying the relative bi-
otic integrity of streams, as evidenced by its score’s relation-
ship with the amount of development and agriculture in the
watershed. Scores from the CS-IBI calibration data, CS-IBI
and B-IBI validation data, and student-generated CS-IBI
were negatively related to the %Ag1Dev in the watershed,
showing a clear response with increasing anthropogenic
stressors.Our results were similar towhat has been observed
in other studies of Ephemeropteran, Plecopteran, and Tri-
chopteran richness and land use in the Willamette Valley
(R2 5 0.61–0.71; Van Sickle et al. 2004, Waite et al. 2010)
and the B-IBI and land use in the Puget Lowland (q 5 0.69;
King County 2014). Compared with the B-IBI, the calibra-
tion and validation CS-IBI scores had a weaker relationship
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with watershed stressors, which is likely due to differences in
taxonomic resolution (Chessman et al. 2007), increased var-
iability of the nonlethal method (Nerbonne et al. 2008), and
the fewer number of macroinvertebrates that were subsampled
and counted (Doberstein et al. 2000). Despite the weaker re-
lationship between validation CS-IBI validation scores and
%Ag1Dev in the Willamette Valley, student CS-IBI scores
were strongly associated with watershed land use in the
Willamette Valley. The relatively weak evidence for a rela-
tionship betweenCS-IBI scores and%Ag1Dev for data that
were verified by inexperienced teachers or students was likely
due to low sample size (n 5 6). However, the r2 value was
similar to that of the CS-IBI validation data, implying that
even in this smaller subset of data with less certain taxa iden-
tification, the CS-IBI generally captured the same pattern in
biotic integrity along the gradient of watershed development.
Incorporating the CS-IBI into comprehensive
stream management

Although the precision of the CS-IBI is not high enough
for resource managers to use for regulatory purposes, the
similarity between the B-IBI andCS-IBI in diagnosingwater-
shed condition suggests the CS-IBI would be useful to re-
source managers in several ways. First, the CS-IBI could be
used as a screening tool, where results from the CS-IBI could
be used to set priorities for their limited professional-level
monitoring funds. For example, correspondence between
CS-IBI and B-IBI impairment categories was always within
1 category, suggesting that the CS-IBI reliably detects a
change of >1 category. The mean interannual 95% CI of
CS-IBI scores in the student-generated data was within
1 impairment category (i.e., 33 points), so if CS-IBI scores
for a stream were more than the mean 95% CI (9.0–16.2),
stream managers could initiate more in-depth monitoring
or professional assessment. The reliability of the CS-IBI
would be particularly useful for management plans that
use periodic sampling designs with multiyear gaps between
professional assessments because an observed change >1
in the CS-IBI impairment category could signal the immedi-
ate need for professional bioassessment. Next, the seasonal
differences in variability that we observed could help stream
managers determine which season to conduct community
science bioassessment. For example, our findings suggest
that community science groups may want to sample in the
summer or autumn during low-flow conditions, when the
CS-IBI variability is relatively low and stream conditions
are safer for sampling by nonprofessionals. Finally, a sub-
stantial advantage of the nonlethal method and the CS-IBI
is their ability to deliver immediate results in contrast with
professional data, which can be costly to generate and often
require several months of lab work before results can be ob-
tained. These rapid results facilitate timely response to a
pollution event and allow for the rapid bioassessment of
streams, which will help managers make prompt and in-
formed decisions when prioritizing environmental man-
agement efforts.

There are several important considerations for incorpo-
rating community science and the CS-IBI into comprehen-
sive stream and watershed management plans. The CS-IBI
should only be applied to macroinvertebrate samples col-
lected from riffles in flowing streams with rocky substrate.
Slow water environments with sand or silt substrate cannot
be reliably evaluated with the CS-IBI. Furthermore, the CS-
IBI should not be used to score samples with <100 orga-
nisms, samples sorted under high magnification, or samples
that were nonrandomly subsampled. Finally, to ensure the
macroinvertebrate data are accurate, it is important to have
a trained participant who can verify community scientists’
macroinvertebrate counts and identifications before speci-
mens are returned to the stream.
A place for community science in stream management
Rieman et al. (2015) argue that stream managers must

engender broad public support, otherwise management ac-
tions are more difficult to implement. Among many recom-
mendations, Rieman et al. (2015) suggest that public educ-
ation and community science monitoring should be central
elements of comprehensive management plans. In contrast,
skepticism by experts about the quality of data collected by
volunteers limits its use in environmental management
(Penrose and Call 1995, Bonney et al. 2014). We believe that
the development of reliable bioassessment tools for commu-
nity science supports broader efforts to engage the public in
environmental management because the perception by par-
ticipants that their data are being used to solve an environ-
mental problem is an important factor in motivating partic-
ipation in community science (Nerbonne et al. 2008, Phillips
et al. 2019, Larson et al. 2020). The CS-IBI is based on a pro-
fessional IBI and calibrated for use in community science;
thus, it raises the value of such data to environmental man-
agers while increasing the likelihood that the public will con-
tinue to participate in community science programs. Fur-
thermore, when students participate in authentic research
experiences, they are more likely to select science, technol-
ogy, engineering, and math majors and persist in their edu-
cational pursuits (NASEM 2018). These reciprocal benefits
directly support efforts to increase the social capital of envi-
ronmental management and broaden the societal impacts
related to stream restoration (Dickinson et al. 2012).

One of the primary objectives of community science
data is to fill the gap that exists between management agen-
cies’ monitoring programs and the funding resources that
would be required to gather the data at all local spatial scales
across a state. To that end, states often provide a substantial
level of funding to community science groups to do local
monitoring, which is in turn used by the states tomeet man-
agement goals. In our experience, states that support and use
community science also require training, oversight, and
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controls to ensure community science data meet quality as-
surance objectives. These safeguards may come in the form
of direct state staff oversight, but, more frequently, commu-
nity science groups partner with experienced or trained staff
to lead inexperienced community members in monitoring
activities. The methods used in this study require similar
oversight to all other community science data used by Ore-
gon andWashington state resource agencies: a person, with
the appropriate education or training, leads a group of less-
qualified individuals in data collection, followed by review
and, if necessary, corrections to the data.

We acknowledge that not all community science pro-
grams verify identifications made by community scientists
(i.e., Pinto et al. 2020), and we recognize the challenge pre-
sented by the need for verification of macroinvertebrate
identifications. However, the inclusion of a returning stu-
dent, teacher, or other volunteer to verify macroinvertebrate
identifications can provide a culturally familiar role model
and deepen the experience for participants. Students who in-
teract with a peer ormentor from a familiar culture and sim-
ilar demographic background show increased persistence
and engagement with science (Tsui 2007). We feel that as-
suring data quality and deepening the social experience for
community scientists justifies the effort to recruit experi-
enced volunteers to verify identificationsmade by community
scientists.

It is important to note that we are not advocating for the
CS-IBI to be used for regulatory purposes. Instead, we en-
vision explicitly linked programs between environmental
agencies and community science groups to generate sup-
plementary data as part of a comprehensive watershed
management plan. As a tool, the CS-IBI enables further col-
laboration between environmental managers and the com-
munities they serve, tapping into the potential value of
community science to improve stream health. We believe
that the CS-IBI has several advantages as a bioassessment
tool, including correspondence with a professional index,
ease of development and calibration, immediate results,
and intuitive scoring that is easily understood by the public.
We believe that these advantages increase the value of com-
munity science data and will help broaden efforts to mon-
itor and restore stream ecosystems. We hope our approach
serves as a model for how agencies can partner with com-
munity groups to develop and validate a community sci-
ence IBI for their region.
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