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Abstract: Biomass is often used to scale the contributions of individuals and their functional traits to a community or
ecosystem. However, accurate biomass measurements can require destructive sampling, which is detrimental to long-
lived organisms such as unionid mussels. We amassed a database of 6684 measurements of length and soft tissue dry
mass (STDM) or shell dry mass (SHDM) from 43 species of unionid mussels to reduce the need for destructive sam-
pling. We used these data to produce regression equations that relate maximum shell length to mass (either STDM or
SHDM) at 3 taxonomic levels: family, phylogenetic tribe, and species. For 2 widely-distributed unionid species, Amblema
plicata and Elliptio complanata, we present length–STDM regression equations from 6 waterbodies and basins. We
also used bootstrapping resampling at the family level to develop a universal regression equation for unionid mussels.
We compared models within all 3 taxonomic levels to determine if multiplicative (log–log transformation) or additive
(non-linear parameter estimation) error structures provided better fits for biomass prediction. Models with multipli-
cative errors best fit length–STDM data at the family level (STDM5 6.63� 1026 � Lmax

2.89 � 1.13; r2 5 0.94), for
83% of tribes (n5 5, average r25 0.95 ± 0.03), and for 90% of species (n5 33, average r25 0.93 ± 0.07). For length–
SHDM,models with multiplicative errors best fit the family level (SHDM 5 2.98 � 1024 � Lmax

2.98 � 1.32; r2 5
0.86), all tribes (n 5 5, average r2 5 0.88 ± 0.13), and all species (n 5 27, average r2 5 0.94 ± 0.09). Models with
multiplicative errors also provided the best fit (r2 > 0.76) for our 2 wide-ranging species, A. plicata and E. complanata.
Finally, we present a case study based on data collected from 19 river sites in Alabama and Oklahoma, USA, to de-
termine the performance of our power relationships (bootstrap resampling versus length–STDM regressions). In
both river systems, tribe- and species-specific equations improved the prediction of unionid STDM over the family-
level regression by 2–20%. Finer taxonomic resolution equations produce more accurate mass predictions, but
where accurate taxonomic identifications are lacking, our family-level regression for STDMwill produce acceptable
estimates, which are key parameters when estimating mussel contributions to ecosystem services. Our study pro-
vides a toolkit that will allow scientists and managers to non-destructively quantify biomass (with uncertainty) of
freshwater unionid mussels for secondary production, ecosystem function, and services estimates.
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Conserving and restoring ecosystem services is a critical
component of sustainable ecosystem management. Recent
research highlights the role of animal functional traits in
providing or shaping those services (Duffy et al. 2007, Dirzo
et al. 2014, Atkinson et al. 2017). Functional traits are often
reported as a rate of activity/unit organism mass (Atkinson
et al. 2017). Consequently, the mass of an individual organ-
ism (biomass) is frequently used to scale the contributions
of individuals and their traits to a community or ecosystem
(e.g., McIntyre et al. 2008, Atkinson et al. 2018). For many
animals, accurate and non-lethal biomass sampling is diffi-
cult andmay cause long-termdamage to a population. Long-
lived animal populations, such as unionid mussels, may take
years or decades to recover from destructive sampling. Allo-
metric scaling equations that relatemorphology (e.g., length)
to tissuemass provide a non-destructivemethod for estimat-
ing individual- and assemblage-level biomass (Jenkins 2015,
Straus andAviles 2018). However, natural variation or errors
in the biomass measurement can affect the uncertainty of
regression estimates and are directly proportional to the
uncertainty in estimates of derived ecosystem function, ser-
vices, and the conservation value placed on those commu-
nities and ecosystems. Our study provides a toolkit that will
allow scientists andmanagers to non-destructively quantify
biomass (with uncertainty) of freshwater unionid mussels
for secondary production, ecosystem function, and services
estimates.

Unionid freshwater mussels (family Unionidae) once
dominated (up to 200 ind/m2) the benthic biomass of many
rivers (Parmalee et al. 1998, Haag 2012), but they are now
among the most endangered fauna, with 72% of the ∼898
known species imperiled and a predicted extinction rate
of ∼6%/decade (Ricciardi et al. 1998). Freshwater mussels
are particularly vulnerable to population declines because
of their relative immobility, long lifespan (6–1001 y), and
complex reproductive strategy in which larval unionids
parasitize fish hosts as a dispersal mechanism (e.g., Haag
andWarren 1997, 1998, Strayer 2008). Unionidmussels pro-
vide critical ecosystem services in freshwater ecosystems
including water filtration (Malmqvist et al. 2001, Vaughn
and Hakenkamp 2001), nutrient cycling that shapes nutri-
ent stoichiometry (Atkinson et al. 2013, Atkinson and
Vaughn 2015), and habitat modification that creates habitat
for other species (Allen and Vaughn 2009, Atkinson et al.
2014a, Sansom et al. 2018).

Conservation efforts to restore lost species or prevent
future species loss often struggle to quantify animals’ traits
and functions.Whereas past and ongoingmanagement and
conservation efforts typically emphasize quantifying all in-
dividuals (Carter and Resh 2001), more recent initiatives
have focused on the functions provided by species (Strayer
and Dudgeon 2010, Geist 2011). Freshwater mussels are of-
ten sampled both quantitatively and qualitatively to estimate
individual density (Strayer and Smith 2003), but it can be
challenging to non-destructively estimate the biomass and
production of soft tissue and shell. Individual organismmass
can increase by several orders of magnitude over their life
span, so abundance alonemay lead to over- or underestima-
tion of individual contributions to ecosystem function and
derived services. Capturing all inter/intraspecific variation
is fundamental to anticipating and managing the ecosystem
effects of species loss and additions (see Vaughn et al. 2015).
However, it is not always possible to euthanize individuals
(i.e., Bogan and Roe 2008) because of mussels’ functional
role in ecosystems, their slow growth, and their highly-
endangered status. As such, it is important to determine
the extent to which generalized regressions can predict bio-
mass across species and locality without unnecessarymortal-
ity of rare individuals. Therefore, we propose the application
of power-law equations to predictmussel biomass fromnon-
lethal sampling methods (i.e., counting and measuring the
total length of individuals found during traditional surveys).

Power-law relationships are ubiquitous and are used to
explain natural and anthropogenic phenomena, both phys-
ical and biological (Leopold et al. 1964, Solé et al. 2002,
Brown et al. 2004). In biology, they predict relationships be-
tween body size, physiological rates, and life-history traits
(Brown et al. 2004). These relationships are frequently used
to scale biological processes from cells to individuals to
ecosystems and are of the general form Y 5 aXb, where X
and Y are measured properties and a and b are, respec-
tively, the intercept and slope that describe the allometric
relationship between X and Y. Their error structure can be
multiplicative, which means the absolute magnitude of the
error increases with the magnitude of the measurement
(Kerkhoff and Enquist 2009):

Y 5 aXb � eɛor  log Yð Þ 5 log að Þ 1 log bð ÞX 1 ɛ (Eq. 1),

where ɛ is approximated as 0.5 � j2 when errors are mul-
tiplicative (Sprugel 1983). Alternatively, the error structure
can be additive, whichmeans the absolutemagnitude of the
error is constant with the magnitude of measurement (Ritz
and Streibig 2008):

Y 5 aXb 1 ɛ (Eq. 2)

Linear regressions are typically assumed to have multipli-
cative errors (Eq. 1), whereas non-linear regressions are
typically assumed to have additive errors (Eq. 2). Non-linear
regressions are computationally intensive, so power-law re-
lationships have primarily been investigated with linear re-
gression and the assumption of multiplicative error. How-
ever, recent work suggests that non-linear regression may
provide superior parameter estimates (Packard et al. 2011).
The choice between linear regression on log-transformed
data or non-linear regression on untransformed data should
depend on the distribution of statistical error present in the
data (Xiao et al. 2011).

We compiled published and unpublished data (Tables 1,
2) for 43 species of unionid mussels to further expand the
available data and tools for invertebrate biomass scaling (as
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in Smock 1980, Golightly and Kosinski 1981, Benke et al.
1999).Weused these data to answer 2 questions: 1) what scal-
ing coefficients should be used to relate soft tissue dry mass
(STDM) and shell dry mass (SHDM) to length (see Table S3
for wetmass) across all sampled unionid taxa and across phy-
logenetic tribes? and 2) do these relationships vary spatially
within broadly-distributed species? In addition, we conducted
a case study to understand how length–mass relationships at
different levels of taxonomic resolution affect total biomass
estimates when scaling from individuals to ecosystems. This
case study compares sites dominated by lower-biomass, high-
er-diversity beds (Sipsey River in Alabama, USA)with higher-
biomass, lower-diversity beds in the Kiamichi and Little
Rivers of Oklahoma, USA. Our analysis and dataset provide
the most comprehensive set of tools available to researchers
and managers for estimating unionid mussel biomass.

METHODS
Data sources and dataset

In this analysis, we used published and unpublishedmor-
phometric data from 6694 observations of field-collected
unionid mussels spanning 30 y (1988–2018) and 10 first au-
thors (Tables S1, S2). We also recorded habitat type, water-
body, and general geographic region for each observation.
Our analysis primarily focused on the relationships between
maximumaxial shell length (hereafter length or Lmax; Fig. 1A,
B) and either STDMor SHDM.We report the relationships
between length and total wet mass in Table S3.

Modeling and statistical analyses
All statistical analyses were done in R (version 3.5.1;

R Project for Statistical Computing, Vienna, Austria). We
used regression approaches to estimate the scaling relation-
ships between length–STDM and length–SHDM at 3 taxo-
nomic levels: family (i.e., all species combined), phylogenetic
tribe, and species. We estimated scaling coefficients between
untransformed length and mass and log-transformed length
and log-transformedmass (i.e., STDMandSHDM)with both
linear regression (R function lm; Eq. 1) and non-linear re-
gression (R function nls; Eq. 2). We evaluated the appropri-
ateness of the error structure of each model for our data
(i.e., whether the error structure is additive vs multiplicative)
with code provided in Xiao et al. (2011).

We used stratified Monte Carlo simulations (bootstrap
resampling) to randomly generate length and STDM or
SHDM datasets from our collected data from which we esti-
mated slope (b) and intercept (a) regression parameters. We
used a stratified approach to ensure that parameters were
estimated from an equal number of observations among
species (tribe- and family-level regressions) and that obser-
vations were evenly distributed across the range of lengths
observed within a species.We stratified the data by subdividing
Figure 1. A.—Maximum axial shell length (Lmax) measured in the field with a caliper (Photo credit: CLA). B.—Maximum axial shell
length is measured as the greatest distance between 2 points of the shell from a lateral exterior view (Illustration: K. L. Lambert).
C.—Maximum axial shell width is measured as the greatest distance between 2 points of the shell from a dorsal exterior view
(Illustration: I. Lea 1931, 1942). The top individual represents a greater inflation of shell morphology compared to the more com-
pressed morphology of the bottom individual, with inflation defined as a greater ratio of total width:total length (Ortmann 1920).
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the length observations for each species into 8 equally-
spaced bins (R function cut), resampling 5 observations from
each bin to produce a length and mass dataset with n5 ∼40
(R function sample), and fitting regression models (R func-
tion lm). This stratified resampling approach minimizes the
bias that could be introduced to parameter estimates by spe-
cies with disproportionately-high observation numbers or
uneven distributions of observations across the size spectrum.
Some of the size bins may have been empty for species with
clumped or sparse distributions along their empirical size
spectra, which resulted in n < 40 (See nreg, in Tables 1–3).
This resampling process produced n 5 40 for 50% of the
species and n 5 30 or 35 observations for the other 50%.
We report the average coefficients and fit (i.e., r2) from
1000 resamplings. Finally, to provide a method for convert-
ing between ash-free dry mass (AFDM) and STDM (2 com-
mon biomass measurement units), we used our stratified
Monte Carlo approach to develop a family-level STDM–
AFDM equation (e.g., Benke et al. 1999).

We also used this stratified Monte Carlo technique to
test for spatial variation in length–mass relationships for
2 species (Amblema plicata and Elliptio complanata) that
are widely-distributed across 3 hydrologically-disconnected
basins. For these analyses, we selected observations with the
same range of shell lengths from each of the 3 basins (50–
105mmforA. plicata and 43.6–83.4mm forE. complanata).
We then reported the estimated length–STDM and length–
SHDMcoefficients across the 3 basins, compared them visu-
ally, and examined overlap using confidence intervals.
We assessed model fit for the different taxonomic levels
by inspecting residual plots for positive or negative bias. We
used a non-linear smooth function to highlight the patterns
in the residual plots and used generalized additive models
(GAMs) for their ability to fit nonlinear data. We selected 3
as the minimum number of knots required to adequately
capture the patterns in the residuals without overfitting any
of the species, therefore, all GAMs were fit using 3 knots.
Better fitting models had lower relative error (coefficient of
variation [CV], %) and minimized bias. We also inspected
mean absolute errors and CVs for high and low biomass
individuals.

Case study
An important application of these equations is scaling

biomass-linked organismal functions (e.g., biofiltration or
nutrient excretion rates) from individuals to ecosystems.
Management planning can suffer when errors in biomass
estimates occur, just as it can suffer from errors in popula-
tion variability estimates (Strayer and Smith 2003). To dem-
onstrate how the use of equations developed at different lev-
els of taxonomic resolution may affect biomass estimates at
the assemblage level, we used field survey data (i.e., quadrat
sampling) from 19 sites in 2 distinct systems: the Sipsey River
in Alabama (12 sites) and the Kiamichi and Little River sys-
tem of the middle Red River Basin in Oklahoma (7 sites).
The Sipsey River has a diverse unionid mussel assemblage
(43 species) of smaller-bodied species in which local assem-
blages (individual beds) tend to have high evenness and
Table 3. Length–mass equations (STDM and SHDM) for Amblema plicata (STDM 5 a Lmax
b, where STDM is soft tissue dry mass [g],

SHDM is shell dry mass [g], Lmax is the maximum axial shell length [mm], and a and b are constants) and Elliptio complanata (STDM)
across multiple systems. All a and b constants are based on a log–log linear regression with multiplicative error structure. Bootstrap
resampling (1000�) was used to generate data for each species that was evenly distributed across the size ranges observed. n is the
population from which nreg is resampled. The nreg represents the number of individual measurements that went into generating the
regression, and we report the size range of individuals measured and the 95% confidence intervals (CI) around the mean a and
b coefficients. The range is the range of length values available for each taxonomic level.

Waterbody n nreg a a 95% CI b b 95% CI r2 Range (mm)

Amblema plicata

STDM

Kiamichi–Little Basin 32 40 2.04�1025 1.01�1026 ± 4.12�1025 2.64 2.48 ± 2.82 0.87 50–105

Tombigbee Basin 94 40 9.80�1026 5.70�1026 ± 1.69�1025 2.81 2.69 ± 2.93 0.93 54.2–104.6

Upper Mississippi River Basin 500 40 6.04�1026 3.06�1026 ± 1.20�1025 2.98 2.82 ± 3.13 0.90 50.26–104.82

SHDM

Kiamichi–Little Basin 32 40 9.83�1024 2.26�1024 ± 4.28�1023 2.62 2.29 ± 2.96 0.87 50–105

Tombigbee Basin 91 40 6.06�1024 1.72�1024 ± 2.14�1023 2.75 2.46 ± 3.04 0.90 54.2–104.6

Upper Mississippi River Basin 475 40 1.93�1023 8.02�1024 ± 4.62�1023 2.47 2.27 ± 2.68 0.93 50.26–104.82

Elliptio complanata

STDM

Hudson River, New York 2641 40 5.29�1026 6.61�1027 ± 4.23�1025 2.86 2.36 ± 3.36 0.76 43.6–83.4

Lake Opeongo, New York 154 40 4.66�1026 1.30�1026 ± 1.67�1025 2.81 2.50 ± 3.12 0.88 43.6–83.4

Neversink River, New York 427 40 1.45�1025 3.55�1026 ± 5.93�1025 2.65 2.31 ± 2.99 0.85 43.6–83.0
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richness (Wardet al. 2005,HaagandWarren2010).TheKia-
michi River (31 species) and Little River (35 species) are also
diverse, but individual mussel beds tend to be dominated by
a few larger-bodied species (Vaughn et al. 1996, Matthews
et al. 2005, Galbraith et al. 2008, Spooner and Vaughn 2009).
We used these data to estimate the areal STDM and SHDM
at the family, tribe, and lowest available taxonomic level
(species-specific) levels. In most cases, species was the low-
est level of information available, but we lacked species-
specific regressions for some rare taxa. In those cases, we
used a tribe-level regression in place of the species-specific
regression.

RESULTS
Error structure and coefficients

A multiplicative error structure (Eq. 1; log–log linear re-
gression) provided the best fit for our STDM and SHDM
datasets inmost cases, so our results are based on thosemod-
els (Tables 1, 2). Multiplicative error structures provided the
best fit for length–STDM scaling relationships at the family
level (Unionidae; Fig. 2A), tribe level (Fig. 2B), and for 85%
of species (Table 1). We found that STDM5 9.48� 1026�
Lmax

2.82 at the family level. At the tribe level, a averaged
1.41 � 1025 ± 1.43 � 1025 and b averaged 2.80 ± 0.15. At
the species level, a averaged 7.70 � 1026 ± 9.56 � 1026 and
b averaged 3.08 ± 0.36 (excluding Truncilla truncata; Ta-
ble 1). Multiplicative error structures also provided the best
fit for length–SHDM scaling relationships at the family,
tribe, and species levels (Table 2). We found that SHDM 5
2.98 � 1024 � Lmax

2.79 at the family level (Fig. 3A). At the
tribe level for SHDM (Fig. 3B), mean a and b were 1.32 �
1023 ± 1.49� 1023 and 2.67 ± 0.40, respectively. At the spe-
cies level, mean a and b were 4.89� 1024 ± 8.35� 1024 and
3.09 ± 0.45, respectively (Table 2).

Length–STDM model evaluation
At the family level, length–STDM regressions used 5463 in-

dividuals. For the 6 phylogenetic tribes with available data,
n ranged from 269 for Quadrulini to 3502 for Pleurobemini.
For the 28 species, n ranged from 11 for Lampsilis teres to
3222 for E. complanata. We found that soft tissue AFDM
was an average of 79.6 ± 0.33% of STDM in mussels and
was well predicted by the equation AFDM5 0.81� STDM1.01

(n 5 585, r2 5 0.99, p < 0.0001).
Length explained most of the variation in STDM across

taxonomic levels (average r25 0.93; Table 1). Themodel fit
most of the species-specific regressions well, and in 20 of the
26 species, r2 ≥ 0.90. Length–STDM equations at finer tax-
onomic resolution improved and reduced residual variation
relative to coarser-resolution models (Fig. 4A–C). Across
the 3 taxonomic levels considered, several species exhibited
a tendency to over- or underestimate the STDM (Fig. 4A–C).
Among small-bodied individuals (length <20 mm, ∼5 mg
STDM), the average CV and the absolute value of residual
mass error was 32% (2.2 mg) for the species-specific model,
74% (4.3mg) for the tribe-levelmodel, and 111% (6.0mg) for
the family model. All model levels fit large-bodied (length
>90 mm, ∼3 g) individuals well, and the average CV abso-
lute value of the residual mass error was 20.1% (0.89 g) for
the species-specific model, 24.1% (0.97 g) for the tribe-level
Figure 2. Soft tissue dry mass as a function of maximum axial shell length. A.— Family-level log–;log regression for the combined
5 unionid phylogenetic tribes (n 5 5802). B.— Log–log regressions (dotted line) for individual phylogenetic tribes (Amblemini [n 5 626],
Anodontini [533], Lampsilini [743], Pleurobemini [3520], and Quadrulini [290]) compared with the family-level regression (solid line).
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model, and 27.3% (1.16 g) for the family-level model. Addi-
tionally, species-specific regressions reduced the presence or
magnitude of bias in predictions (Fig. 4A–C). The average
absolute value of the residual mass error for species-specific
length–STDM models was 41% lower than the family-level
model and 34% lower than the tribe-level model.

Taxonomic variation in length–STDM relationships
At the tribe level (Fig. 2B), all STDMequations exhibited

r2 values ≥0.89 (Table 1). Model fit for most species was
also good, and 21 of the 27 species had r2 values ≥0.90. The
intercept (a) and slope (b) coefficients that described the
relationship between length and STDM differed between
some of our phylogenetic tribes because the 95% confidence
intervals did not overlap for some comparisons (Table 1). In
particular, slope (b) for Quadrulini did not overlap with any of
the other tribes. Also, Quadrulini’s intercept (a) was an
order of magnitude greater than all other tribes except
Amblemini. Species within the same phylogenetic tribe also
had high CVs, and confidence intervals did not overlap
among all species within tribes.

Length–SHDM model evaluation
Family-level length–SHDM regressions used 1973 indi-

viduals. For the 5 phylogenetic tribes with available data,
n ranged from 23 for Anodontini to 622 for Lampsilini. For
the 28 species, n ranged from 11 for L. teres to 598 for A.
plicata.

Similar to the length–STDM regression coefficients, finer
taxonomic resolution length–SHDM equations improved
model fit relative to coarser-resolution models (Fig. 5A–C).
Across the 3 taxonomic levels considered, several species
exhibited a tendency to over- or underestimate the SHDM
of large-bodied individuals, especially A. plicata (Fig. 5C).
Among small-bodied individuals (length <20 mm, ∼472 mg
SHDM), the average CV and the absolute value of residual
mass error was 18% (0.88 mg) for the species-specific model,
78% (212mg) for the tribe-level model, and 127% (369.1 mg)
for the family-level model. On average, species-specific and
tribe-level models fit the large-bodied (length >90 mm,
∼172 g) individuals better than family-levelmodels. The abso-
lute value of the residual mass error was an average of 16.3%
(25.7 g) for the species-specificmodel, 21.9% (30.1 g) for the
tribe-level model, and 35.2% (30.1 g) for the family-level
model. Broadly, the use of species-specific regressions re-
duced the presence or magnitude of this bias in the predic-
tion of SHDM from length (Fig. 5A–C). Within species
the average absolute value of the residual mass error for
species-specific length-SHDMmodels was 60% lower than
the family-level model and 51% lower than the tribe-level
model. The tribe-level STDM scaled similarly with length,
but the SHDM-scaling relationships were generally more
tribe- and species-specific (Table 2, Fig. 3A, B).
Taxonomic variation length–SHDM relationships
At the tribe level (Fig. 3B), Pleurobemini, which exhibit

diverse shell morphologies, had the lowest r2 of 0.66 (n 5
190). The remaining tribes all had r2 values ≥0.89 (Table 2).
Most species also had models that fit well, and 18 of the
21 species had r2 values of 0.93 or higher. The a and b
Figure 3. Shell mass as a function of maximum axial shell length. A.—Family-level log–log regression for the combined 4 unionid
phylogenetic tribes (n 5 4126). B.—Log–log regressions (dotted line) for individual phylogenetic tribes (Amblemini [n 5 598],
Lampsilini [622], Pleurobemini [447], and Quadrulini [283]) compared with the family-level regression (solid line).
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coefficients that described the relationship between length
and SHDM differed between some of the phylogenetic tribes
because their 95% confidence intervals did not overlap (Ta-
ble 2). In particular, b was greater for Lampsilini than for
any other tribe. Also, Lampsilini’s a coefficient was an or-
der of magnitude smaller than any other tribe. Species in
the Quadrulini tribe had the highest intercept coefficient
of any tribe. As with STDM, species within tribes had high
variation in their a and b coefficients, and SHDM confidence
intervals did not always overlap. (e.g., Fusconaia cerina and
F. flava).
Geographic variation in scaling relationships
Amblema plicata and E. complanata length–mass scal-

ing coefficients varied among 3 hydrologically-disconnected
basins. We compared A. plicata individuals ranging from
50 to 105 mm across all sites reporting data. (Note, the pre-
sentation of these equations exclude correction factors.)
Amblema plicata length–STDM regression was 2.04 �
1025 � Lmax

2.64 (n 5 32, r25 0.87) for the Kiamichi–Little
River basin, 9.80 � 1026 � Lmax

2.81 (n 5 94, r2 5 0.93) for
the Tombigbee basin, and 6.04 � 1026 � Lmax

2.98 (n 5 500,
r25 0.90; Fig. 6A) for the Upper Mississippi River basin.
Length–SHDM was 9.83 � 1024 � Lmax

2.62 (n 5 32, r25
0.87) for the Kiamichi–Little River basin, 6.06 � 1024 �
Lmax

2.81 (n 5 91, r2 5 0.93) for the Tombigbee basin, and
1.93 � 1023 � Lmax

2.47 (n 5 40, r25 0.90; Fig. 6A) for the
Upper Mississippi River basin (see Table 3). We restricted
the size range for E. complanata to between 43.6 and
83.4 mm for all sites. The length–STDM regression was
5.29 � 1026 � Lmax

2.86 (n 5 2641, r25 0.76) for the Hudson
River basin, 4.66 � 1026 � Lmax

2.81 (n 5 154, r2 5 0.88) for
Lake Opeongo, and 1.45 � 1025 � Lmax

2.65 (n 5 427, r2 5
0.85; Fig. 6B) for the Neversink River basin. SHDM data
were not available for E. complanata.

Case study
Ourmodel evaluations indicated that species-level mod-

els provided the most accurate estimates of STDM and
SHDMbiomass (Figs 4–5), so we assumed that species-level
models represent themost accurate estimates of assemblage
biomass. In both the Sipsey River and Kiamichi–Little River
systems, models with higher taxonomic resolution pro-
duced higher estimates of mussel assemblage areal STDM
(g STDM/m2). In the Kiamichi–Little River system, which
is dominated by larger-bodied mussels, average areal soft
tissue biomass was 106 ± 72 g/m2 based on species-level
models, which were 14 ± 5% higher than family- and
tribe-level estimates (both 93 ± 63 g/m2). In the Sipsey River,
Figure 4. Residual for soft tissue dry mass estimation for
family- (A), tribe- (B), and species- (C) level regression equations.
Lines are generalized additive model smoothers (knots 5 3) that
trend or pattern the mean of the residuals across the range of
lengths for species in our dataset. Gray bands represent 95%
confidence intervals around the generalized additive model
smoothed lines.
Figure 5. Residual for shell dry mass estimation for family-
(A), tribe- (B), and species- (C) level regression equations. Lines
are generalized additive model smoothers (knots 5 3) that
trend or pattern the mean of the residuals across the range of
lengths for species in our dataset. Gray bands represent 95%
confidence intervals around the generalized additive model
smoothed lines.
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which is dominated by smaller-bodied species, the effect of
classification level of the regressions was not apparent. Av-
erage areal soft tissue biomasses were nearly identical among
species- tribe- and family- level models predicting 11.5 ±
6.3, 11.6 ± 6.1, and 11.4 ± 5.8 g/m2 respectively.

Species-specific equations also predicted SHDM with
higher accuracy than did tribe-level and family-level equa-
tions. In the Kiamichi–Little River basin, species-level mod-
els increased the estimated areal SHDM (3372 g/m2) 15 ±
10% over the family-level model (3167 g/m2) and 6 ± 3%
over tribe level models (2976 g/m2). In the Sipsey River,
species-level models increased the estimated areal SHDM
(449 g/m2) by 21 ± 11% over the family level model
(373 g/m2) and 21 ± 9% for tribe-level models (372 g/m2).
DISCUSSION
Soft tissue biomass and shell biomass are key parameters

in estimating mussel contributions to the ecosystem ser-
vices of water filtration, nutrient cycling, and nutrient stor-
age. Our analysis showed that natural variation in the length–
mass relationship led to a multiplicative error structure in
most of the species we assessed. Therefore, the magnitude
of variation (and uncertainty) in the absolute contributions
of an individual and a community to ecosystem functionswill
increase as assemblage composition or population size struc-
ture shifts toward larger-bodied individuals. Depending on
species composition and their size distribution, family-level
length-STDM equations underpredicted the areal soft tissue
biomass of an assemblage by 2–20% of the biomass predicted
by species-level equations. Tribe-level length–STDM equa-
tions estimated biomass to within 0 to 14% of the true bio-
mass. Species-specific equations provided the most accurate
estimates of total areal soft and shell tissue biomass. Our
analysis of unionid length–mass relationships will enable re-
searchers and managers to accurately estimate individual
STDM, AFDM, and SHDM at the family, tribe, or species
level and scale these estimates to areal densities. These tools
are essential for estimating critical ecosystem services, such
as water filtration, as well as for developing functional bio-
diversity concepts in community ecology and integrating
animal contributions to biogeochemical cycles.

Our mass–length intercept patterns varied among spe-
cies and between length–STDM and length–SHDM. Inter-
cept parameters, not surprisingly, differed by 2 orders of
magnitude between shell (2.98 � 1024) and soft tissue
(9.48 � 1026) as shell is much heavier than soft tissue.
However, the relative variances were similar (CVSHDM 5
154%, CVSTDM 5 124%). The intercept of the length–shell
biomass relationship with Pleurobemini and Quadrulini
was greater than the intercept of the other tribes. The over-
all relationship, not surprisingly, overestimates shell bio-
mass for thin-shelled species (e.g., Lampsilini) and under-
estimates shell biomass in heavier-shelled species (e.g.,
Amblemini). Therefore, it is important to use species- or
tribe-specific relationships, along with appropriate cor-
rection factors, to provide accurate estimates of soft tissue
and, especially, shell biomass.

Species had variable mass–length relationships, but the
average b coefficients at the family level were similar for
both shell (b5 3.03 ± 0.47) and soft tissue (2.84 ± 0.36) bio-
mass. In invertebrates, length–mass scaling relationships of
powers (b) of 3 indicate that body shape and specific gravity
remain constant as individuals mature (Benke et al. 1999).
In insects, b < 3 suggests that insects either become propor-
tionately narrower or their specific gravity declines with in-
creasing length (Meyer 1989, Burgherr and Meyer 1997,
Benke et al. 1999). In contrast, b > 3 indicates that organ-
isms become proportionately wider or their specific gravity
increases as length increases (Towers et al. 1994, Benke
et al. 1999). At the family level, the b < 3 for the relationship
between both STDM (2.82; Table 1) and SHDM (2.79; Ta-
ble 2), and their confidence intervals did not include 3 (Ta-
ble 1). This result suggests that asmussel taxa become older
or larger, their adaptive response to flow is to become nar-
rower or heavier to maintain position in the sediment.

Challenges in predicting biomass
Accurately estimating biomass is important for scaling

to system-wide ecological functions in rivers over time
Figure 6. Log–log regressions of soft tissue dry mass as a
function of maximum axial shell length for 2 widely-distributed
mussel species. A.—Amblema plicata (n 5 626) within 3 basins:
Kiamichi–Little River Basin, Oklahoma, USA (32); Tombigbee
Basin, Alabama, USA (91); and the Upper Mississippi River Basin,
Minnesota/Wisconsin, USA (475). B.—Elliptio complanata (3222)
within 3 water bodies: Hudson River, New York, USA (2641);
Lake Opeongo, Ontario, Canada (154); and the Neversink River,
New York (427).
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(decadal time scale) and space (Atkinson et al. 2014b, 2018,
Atkinson and Vaughn 2015, Vaughn et al. 2015, Benke and
Huryn 2017). Part of the difficulty in estimating biomass,
particularly shell biomass, results from the natural inter-
specific and intraspecific variability in shell morphologies
(e.g., shape, sculpturing, and thickness). Interspecific variability
may arise from evolutionary adaptation to environmen-
tal conditions. Certain shell shapes and sculpturing are
thought to aid in burrowing and reduce dislodgement
during extreme hydrologic events (Stanley 1981, Watters
1994). For example, compressed and elongated shells allow
for more efficient burrowing by reducing drag in the sedi-
ment compared to inflated or spherical shell morphologies
(Stanley 1988). In addition, shell sculpturing (e.g., tubercles,
ridges) is thought to assist anchoring in the sediment by
increasing friction as well as reducing scour by decreasing
turbulent flow around the shell (Watters 1994). Further,
lighter-shelled species tend to be found in lentic or soft-
sediment environments, which presumably enhance buoyancy
and prevent sinking into anoxic sediments (Watters 1994).

Intraspecific differences in shell morphologies may also
affect the prediction accuracy for a given species within and
across systems. In lentic systems, shell length and thickness
can vary with sediment characteristics and water chemistry
within the same waterbody (Ortmann 1920, Hinch et al.
1989, Haag 2012). In lotic systems, Ortmann’s (1920) law
of stream position describes the characteristic change in a
mussel species’ shell morphology along a river continuum,
with flat and compressed shells in the headwaters that be-
come progressively more inflated as river order increases
(Fig. 1C). These intraspecific differences that arise because
of location within the river continuum, water chemistry,
and sediment characteristics can cause prediction accuracy
to vary with geographic location. Shell forms and thickness
can also vary within the same stream system in response to
water velocity, and animals located in high-current veloci-
ties often have greater shell erosion (resulting in lower shell
mass) than those in lower-velocity habitats (Ortmann 1920,
Hornbach et al. 2010). For example, our models consistently
overpredicted A. plicata SHDM in larger-bodied individu-
als (Fig. 6A). In the field, we frequently observe heavier ero-
sion of A. plicata than most other species in the same hab-
itat (CLA and TBP, personal observations). This trend may
be because A. plicata are generally long lived (Sansom et al.
2016), so larger individuals are older and their shells have
eroded over time. Additionally, A. plicata has been docu-
mented to move less than other species (Allen and Vaughn
2009), so they may be more likely to undergo shell erosion
because they may not burrow in response to high flows. For
species inhabiting both lotic and lentic environments (e.g.,
Actinonaias ligamentina, Pyganadon grandis) there may be
greater uncertainty in estimates of their biomass because of
the greater intraspecific variation in shell morphology.

Finally, some tribes of freshwater mussels exhibit sexual
dimorphism. For example, Lampsilini females are typically
more inflated (i.e., thicker dorsally) than males of the same
length (Haag 2012). Our analyses did not differentiate fe-
males andmales. Thus, when sexual dimorphism is present,
our estimates will represent an average that underestimates
one sex and overestimates the other. This imbalance can in-
troduce error into assemblage-level biomass estimates be-
cause sex ratios can vary widely across populations (Garner
et al. 1999, Haag and Staton 2003, Galbraith and Vaughn
2011). However, sexual dimorphism can be difficult to rec-
ognize and therefore difficult to account for in models.
Our analysis consequently reduces the error that can arise
from the misidentification of a mussel’s sex, and many of
our sexually-dimorphic taxa (Lampsilini tribe) had the high-
est predictive power (i.e., high r2).
From individual length to assemblage biomass
Models based on finer taxonomic resolution improved

the accuracy of soft tissue and shell biomass predictions at
the assemblage and individual levels in both the Sipsey River
and Kiamichi–Little Rivers. The effect appears to be most
significant when assemblages are composed of large-bodied
individuals. The Sipsey system was composed of smaller-
bodied animalswith lower areal biomass (15 g/m2) anddom-
inated by species in the Pleurobemini and Quadrulini tribes,
whereas theKiamichi–Little systemwas dominated by larger
individualswith higher areal biomass (100 g/m2),mostly from
theAmblemini andLampsilini tribes. STDMfield-survey data
showed that substituting family- or tribe-level equations for
species-level equations likely underestimates STDM relative
to the true biomass present in a system. Previous work in
insects suggested that family-level length–mass equations
were sufficient for predicting individual insect biomass in
the absence of species-level equations (Benke et al. 1999).
Our results suggest that, depending on species composition
and size distribution, family-level models of mussel bio-
mass may introduce systematic biases that could cause bio-
mass to be underestimated at the assemblage level, even
though these models fit the data well. Thus, we advise the
use of species-level equations whenever possible for both
soft tissue and shell biomass. However, when taxonomic
certainty is lacking, the family- or tribe-level equations can
provide a reasonably-accurate estimate, particularly when
estimating STDM for smaller-bodied individuals.
From biomass to ecosystem function
Accurate biomass estimates are essential for estimating

nutrient storage and rates of ecological function such as water
filtration and nutrient recycling (e.g., Atkinson and Vaughn
2015). Errors in shell or soft tissue biomass are directly pro-
portional to errors in estimates of mussel nutrient storage
in those 2 compartments, such that a 30% error in SHDM
is a 30% error in an estimate of nitrogen or phosphorous
storage (Atkinson and Vaughn 2015, Vaughn et al. 2015). In
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contrast, this error scales nonlinearly for estimating meta-
bolic processes like excretion. Scaling to metabolically-linked
functions nestsmass scaling errors (mass5a� Lmax

b� eɛmass)
within the function describing metabolic scaling (metabo-
lism 5 c� massd � eɛmetabolism) such that error in length–
mass estimates scale as e(d � ɛmass 1 ɛexcretion) (a and c are
nomalization constants for metabolic scaling). Therefore, in
practice, overestimating mass in a small-bodied individual
would underestimate the mass-specific rates of function
because mass-specific rates of metabolism (and associated
functions)declinewith increasingbodysize (WenandPeters
1994, Hall et al. 2007). Conversely, underestimating mass in
a large-bodied individual would overestimate mass-specific
rates of function. For the median dense aggregations (20 mus-
sels/m2) in the Sipsey and Kiamichi–Little Rivers, a single
large-bodied individual can account for 40 to 50% of the total
biomass and 28 to 33% of the total nitrogen (as ammonium)
excretion.

Toolkit for estimating biomass
To facilitate the use of these models by other investiga-

tors, we provide a simple R script (Appendix S4) that uses
the equation coefficients we report here to calculate STDM
and SHDM at the desired level of taxonomic resolution.
This script will output estimates for STDM, soft tissue
AFDM, or SHDM as well as their 95% confidence intervals
when run in R. A tutorial (Appendix S5) with example in-
put data files (Appendix S6) are provided to guide the user
through the application of the script. We hope that this re-
source is useful for both researchers and managers in mak-
ing accurate assessments of biomass of this highly-imperiled
taxonomic group.

Implications for management
Most legal frameworks that support management and

monitoring activities call for the protection of ecosystem
structure and function, andmostmonitoring programs rely
on structural indicators of ecosystem integrity (Carter and
Resh 2013). These biotic structural indicators can be con-
verted to functional indicators of the ecosystem by integrat-
ing biomass estimates and functional traits of foundational
taxa (e.g., Atkinson et al. 2018, Hopper et al. 2018). Indeed,
biomass measurement and prediction are central to our
emerging understanding of the role of animal functional
traits in ecosystem functions like elemental cycling (Vanni
andMcIntyre 2016, Atkinson et al. 2017). The length–mass
relationships presented in this paper are intended to aid re-
searchers and agencies in the determination of potential
ecosystem services provided by unionid mussels based on
non-destructive survey methods, an important aspect of
species conservation and ecosystem management (South-
wick and Loftus 2017, Strayer 2017). For example, the Na-
tional Science Foundation-funded National Ecological Ob-
servatory Network, a next-generation ecological research
program intended to inform fundamental research and pol-
icy, is collecting length data for monitored animal species.
These datasets, once converted to biomass, will allow cross-
system analysis of animal contributions to ecosystem func-
tion as well as provide a scientific basis for concomitant
monitoring of animal assemblage structure and function
as derived from biomass.
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