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Abstract
American Shad Alosa sapidissima is an anadromous species with populations ranging along the U.S. Atlantic
coast. Past American Shad stock assessments have been data limited and estimating system-speciﬁc growth parameters or instantaneous natural mortality (M) was not possible. This precluded system-speciﬁc stock assessment and
management due to reliance on these parameters for estimating other population dynamics (such as yield per recruit).
Furthermore, climate-informed biological reference points remain a largely unaddressed need in American Shad stock
assessment. Population abundance estimates of American Shad and other species often rely heavily on M derived
from von Bertalanffy growth function (VBGF) parameters. Therefore, we developed Bayesian hierarchical models to
estimate coastwide, regional, and system-speciﬁc VBGF parameters and M using data collected from 1982 to 2017.
We tested predictive performance of models that included effects of various climate variables on VBGF parameters
within these models. System-speciﬁc models were better supported than regional or coast-wide models. Mean asymptotic length (L∞) decreased with increasing mean annual sea surface temperature (SST) and degree days (DD) experienced by ﬁsh during their lifetime. Although uncertain, K (Brody growth coefﬁcient) decreased over the same range of
lifetime SST and DD. Assuming no adaptation, we projected changes in VBGF parameters and M through 2099
using modeled SST from two climate projection scenarios (Representative Concentration Pathways 4.5 and 8.5). We
predicted reduced growth under both scenarios, and M was projected to increase by about 0.10. It is unclear how
reduced growth and increased mortality may inﬂuence population productivity or life history adaptation in the future,
but our results may inform stock assessment models to assess those trade-offs.
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American Shad Alosa sapidissima are anadromous ﬁsh
with native populations that range along the U.S. Atlantic
coast (Limburg et al. 2003). Most of their life is spent
feeding and growing at sea (Bethoney et al. 2014) before
returning to natal rivers to spawn (Glebe and Leggett
1981a). Life history characteristics and demographics vary
with latitude (Glebe and Leggett 1981b). American Shad
in the southern extent of their range are semelparous,
while populations in the northern extent are iteroparous
(Leggett and Carscadden 1978). Due to numerous anthropogenic threats, the species has declined dramatically
throughout its range (Limburg and Waldman 2009; Hasselman and Limburg 2012). Major drivers of decline
include poor passage at hydropower dams, overﬁshing,
and climate change (Rulifson 1994; Limburg et al. 2003).
In 2005, the Atlantic States Marine Fisheries Commission
(ASMFC) interstate ﬁshery management plan led to an
ocean harvest moratorium that prevented harvest of the
mixed ocean stock (ASMFC 2007). This species was also
identiﬁed as being highly vulnerable and biologically sensitive to climate change drivers such as sea surface temperatures (SST), air temperature, and ocean acidiﬁcation on
the northeastern U.S. continental shelf (Hare et al. 2016).
Little is known about what impacts rising SST might
have on American Shad. Northern populations may adopt
earlier river entry dates (Quinn and Adams 1996), while
southern populations may decline or become extirpated
(Leggett and Whitney 1972). In the absence of population
adaptation, we expect to see changes in life history characteristics such as length at age, instantaneous natural mortality (M), and fecundity (e.g., Daufresne et al. 2009). The
effects of rising SST on these life history characteristics
are poorly characterized due to lack of empirical analysis.
Integrating climate conditions, such as temperature, into
growth models for American Shad may help predict
changes to growth parameters that are used extensively in
stock assessment models. For example, M is typically estimated using von Bertalanffy growth function (VBGF)
parameters in the absence of preﬁshery information about
maximum age (e.g., Then et al. 2015 and references
therein). This is due to difﬁculties associated with direct
estimators of mortality for many pelagic marine species.
Likewise, growth parameters are often used as inputs for
yield-per-recruit analyses (Beverton and Holt 1957) as well
as for population models based on life history for American Shad (Harris and Hightower 2012; Bailey and Zydlewski 2013; Stich et al. 2019). For these reasons,
development of climate-informed reference points (e.g.,
VBGF parameters and M) has been identiﬁed as a priority
for American Shad stock assessment by the ASMFC
(2020).
American Shad have historically been managed by state
and federal agencies at the coastwide or regional level due
to lack of important biological information at ﬁner

resolutions, although some stock-speciﬁc management also
occurs along the coast. Making management decisions
based on coastal or regional estimates may fail to capture
system-speciﬁc or even regional variability. Previous
American Shad stock assessments have lacked the ability
to estimate system-speciﬁc VBGF parameters or M, and
as a result, the species has been managed at coastwide or
regional scales (ASMFC 2007). Incorporating information
from across the range, while allowing for individual population assessment, has the potential to improve information available to ﬁshery scientists and managers for
decision making. Such an approach may also improve
estimation of biological parameters for data-limited stocks
through increased sharing of information. Therefore,
incorporating regional and system-speciﬁc baselines, along
with environmental inﬂuences, into growth models provides a means to conduct stock assessments that promote
management decisions resilient to uncertainty in systemspeciﬁc life histories. Additionally, the effects of climate
change on growth and natural mortality estimates may
then be derived from growth parameters.
Our goal was to provide climate-informed estimates of
VBGF parameters and M for American Shad based on
available information. To achieve this, our objectives were
to (1) determine whether coastal, regional, or system-speciﬁc estimates were best supported for characterizing coastwide stock assemblages; (2) determine the relative support
for hypotheses related to effects of climate change on life
history of American Shad; and (3) provide climate-informed projections of population parameters that can be
used in stock assessment. We hypothesized that systemspeciﬁc growth models would be better supported than
regional models, and that regional models would be better
supported than coastwide growth models. We also hypothesized that SST and growing thermal experience would be
better supported as predictors of VBGF parameters (and
consequently M) than models that assumed no change
through time for ﬁsh cohorts represented (1988–2017) in
age–length data. To achieve these objectives, we developed
and compared Bayesian hierarchical growth models that
incorporated coastwide, regional, or system-speciﬁc VBGF
parameters in addition to mean lifetime SST or mean lifetime degree days (DD) experienced by ﬁsh. We compared
the relative support of competing models (using leave-oneout cross validation). We then used the best model to project changes in VBGF parameters and resultant estimates
of M through the year 2099.

METHODS
Age and length data.— All data used in this study were
compiled by the ASMFC from multiple state and federal
agencies throughout the Atlantic coast from 1982 through
2017 (ASMFC, unpublished data). The compiled data
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included river, year of collection, FL (mm), TL (mm), sex,
and ages assigned from scales and otoliths. Age data
based on scales were omitted from this analysis due to discrepancies in aging methods, where otoliths provided a
more precise description of age for American Shad (e.g.,
McBride et al 2005; Elzey et al. 2015). In-river collection
methods included, but were not limited to, angling, electroﬁshing, fyke nets, gill nets, trawls, pound nets, and
sampling at ﬁsh passage structures at dams. Gear type
was not included in the ﬁnal data set due to data conﬁdentiality agreements with originating agencies. Each ﬁsh
was assigned to a “system” and life history region based
on river of collection and classiﬁcations used by the
ASMFC (2020) and sorted into one of three regions based
on reproductive strategies and locations (sensu Hasselman
2010). These regions were termed “northern iteroparous,”
“southern iteroparous,” and “semelparous.” Systems or
years with only young-of-the-year data were omitted,
resulting in a total of 11 systems represented (Figure 1) by
103,219 ﬁsh collected from 1996 to 2017 and representing
cohorts 1988–2017 (Table 1).
Modeled data.— Fish growth was represented using the
VBGF (von Bertalanffy 1938) described by Beverton and
Holt (1957). This growth curve assumes that annual
growth decreases as ﬁsh approach their asymptotic length
(von Bertalanffy 1938). The function is


Lt ¼ L∞ 1  eK ðtt0 Þ ,
where Lt represents the mean length of an individual ﬁsh
at time t, L∞ is the mean asymptotic length of ﬁsh in the
population, the Brody growth coefﬁcient (K) represents
how quickly ﬁsh approach L∞, and t0 is the hypothetical
age at which ﬁsh length is equal to zero (the x-intercept).
In systems lacking young-of-the-year data, we randomly sampled 30 young-of-the-year lengths from neighboring systems within the same region. This was done to
avoid underestimating t0 and to constrain growth curves
to realistic spaces while avoiding the use of a ﬁxed intercept (Pardo et al. 2013). This also allowed estimates of t0
to vary between systems while including available information. In this case, we intentionally chose a small number so that parameter estimates would be driven by
information from other data-rich systems rather than by
strong priors in those systems lacking data. This is equivalent to using an informed prior but facilitates simpler
model speciﬁcation in what are already complex models.
Fixing a parameter when estimating nonlinear growth
curves can introduce bias in other growth parameters due
to correlations between parameters. For example, an overestimation of t0 is anticipated to lead to an underestimation of K at a given L∞ (Pardo et al. 2013). Our
preliminary analyses that allowed t0 to estimate freely for
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systems lacking young-of-the-year data conﬁrmed that t0
was underestimated in these systems relative to those
including young-of-the-year data, even when using a hierarchical approach. This can introduce bias in other estimates needed for stock assessment, such as M.
In systems that contained large numbers of ﬁsh for a
single age (especially young of the year), 1,000 length-atage observations were subsampled within systems and age
groupings to assist with model speed. For age-classes in
which the number of ﬁsh was fewer than 1,000 individuals, all data were used. Age-based subsampling was
recently demonstrated to be unbiased (Goodyear 2019),
but neither that study nor the present study evaluated this
assumption relative to gear selectivity, although this can
be an important consideration (Hilling et al. 2020). Therefore, we also ran models with subsamples of 10 and 100
ﬁsh per system per year to conﬁrm that this choice did not
arbitrarily inﬂuence model selection or statistical inference.
Temperature data.— Observed and projected SSTs were
compiled for the entire Northeast U.S. Continental Shelf
Large Marine Ecosystem, from the Bay of Fundy to Cape
Lookout, North Carolina. This region was selected
because previous research suggested that American Shad
travel to the Gulf of Maine in autumn, then move
between southern Long Island and the Nantucket Shoals
in winter and travel as far south as North Carolina in the
late winter and early spring months (Neves and Depres
1980). Populations from all river systems are thought to
mix and travel these routes together before returning to
their natal rivers to spawn (Leggett and Carscadden
1978). Since there is a lack of data that suggest otherwise,
we assumed that all ﬁsh experienced similar thermal conditions in the marine environment for simplicity of the
model and then deﬁned that marine environment as
encompassing the entire Northeast continental shelf. While
this approach reduced potential for bias associated with
inferring climate effects on growth, it was statistically conservative due to the coarseness of resolution (i.e., reduced
precision). Therefore, detecting signiﬁcant relationships
between climate variables and growth parameters at this
scale was more difﬁcult than at ﬁner resolution, but we
have more conﬁdence in statistical inference associated
with those relationships.
Daily observed SSTs from 1982 to 2017 were compiled
from the National Oceanic and Atmospheric Administration’s (NOAA) Optimum Interpolation Sea Surface Temperature and averaged within days and years across the
entire study area. High-resolution SST data were provided
by the NOAA Earth System Research Laboratory Physical Sciences Laboratory in Boulder, Colorado (available
at https://psl.noaa.gov/). Annual DD were calculated as
the cumulative sum of all nonnegative SSTs in each year.
For each year included in the compiled American Shad
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FIGURE 1. Study system watershed locations and extent (north to south) for the Penobscot River, Merrimack River, North River, Connecticut
River, Delaware River, upper Chesapeake Bay, Potomac River, Albemarle Sound, Tar-Pamlico Sound, Cape Fear River, and the St. Johns River on
the U.S. Atlantic coast. Watershed boundaries are meant to show delineations between management units identiﬁed by the Atlantic States Marine
Fisheries Commission (ASMFC 2020) and do not indicate extent of available habitat, current or historic.
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TABLE 1. Years of otolith data collection for each of the 11 systems
represented in the growth analysis of American Shad (Figure 1). Only
data for years 1996–2017 were used for growth models because available
length-at-age data prior to 1996 were for young-of-the-year ﬁsh only.
The compiled data included representation of cohorts from 1988 through
2017 collected by the Atlantic States Marine Fisheries Commission
(ASMFC, unpublished data).

System
Penobscot River
Merrimack River
North River
Connecticut River
Delaware River
Upper Chesapeake
Bay
Potomac River
Albemarle Sound
Tar-Pamlico Sound
Cape Fear River
St. Johns River

Region

Years

Northern iteroparous
Northern iteroparous
Northern iteroparous
Northern iteroparous
Southern iteroparous
Southern iteroparous

2010–2017
1997–2017
1997–2017
1997–2017
1996–2017
1996–2017

Southern iteroparous
Southern iteroparous
Southern iteroparous
Semelparous
Semelparous

1996–2017
1996–2017
1999–2017
2007–2017
2007–2017

the Optimum Interpolation Sea Surface Temperature grid
(0.25-degree cells). Mean annual observed SST are presented along with mean annual SST projected for RCP
4.5 and RCP 8.5 climate scenarios for 2019–2099 (Figure S2 [available in Supplement 2 in the online version of
this article]) to demonstrate that SST has increased during
the observed time period (more than was predicted by
either climate scenario) and that SST is projected to
increase further through 2099.
Statistical procedures.— To understand how temperature increases due to climate change may inﬂuence the
growth of American Shad throughout their range, a Bayesian hierarchical framework was used that allowed us to
share information among systems and incorporate groupspeciﬁc variability (system, region, or coastwide) in L∞, K,
and t0, along with effects of continuous covariates on each
parameter. Each parameter was modeled as a linear predictor on the loge scale with an intercept (β0) and a slope
(βX) corresponding to effect of covariate X for ﬁsh i
included for parameters:
0

data, we calculated the mean annual SST and DD over
the entire Northeast continental shelf. For each individual
ﬁsh, we derived mean lifetime SST (SSTlifetime) and DD
(DDlifetime) experienced based on year of capture and ﬁsh
age. These metrics served as indicators of lifetime thermal
experiences by ﬁsh.
Projected SSTs and DD for years 2018–2099 were
derived from an ensemble of 25 climate model members
that are part of the Climate Model Intercomparison Project (CMIP-5) provided by the NOAA Earth System
Research Laboratory. Each ensemble model member used
observed greenhouse gas concentrations for 1976–2005
and the Representative Concentration Pathways (RCP)
4.5 and 8.5 deﬁned by Van Vuuren et al. (2011). In the
RCP 4.5 scenario, carbon dioxide concentrations peak
around mid-century and then stabilize. The RCP 8.5 scenario represents the “business-as-usual” scenario (Oliver
et al. 2015), where carbon dioxide concentrations continue
to rise throughout the century. Projected SST under these
scenarios for each model member were scaled to a 1 × 1
degree latitude–longitude grid, with temperature values
interpolated for cells located along the continental border
as needed to ﬁll gaps. Projected SST for each of the 25
members were bias-corrected by ﬁrst obtaining a baseline
monthly climatology for each grid cell from 1982 to 2011
and then computing year-month temperature anomalies
(i.e., the deviations from the baseline) for 1982–2099 from
the model member’s 1982–2011 climatology. These
anomalies were then added to the 1982–2011 climatology
calculated from the observed Optimum Interpolation Sea
Surface Temperature data, yielding year-month SST estimates for 1982–2099 with a spatial resolution matching

1 0
1
γL∞j þ β0L∞ þ βX L∞  X i
L∞ij
B
C B
C
log@ K ij A ∼ @ γKj þ β0K þ βX K  X i A, γ j ¼ diagðτÞ  LΩ  Z,
γt0 j þ β0t þ βX t  X i þ 10
t0ij
0

0

where γ was a 3 × J matrix of loge scaled offsets formed
from hyperparameters for each jth group (from 1 to J),
also on the loge scale. Group-speciﬁc offsets were the product of τ, a scale vector constraining all diagonal elements
of the Cholesky factor for VBGF parameters to be positive (Golub and van Loan 2013), the Cholesky factor (LΩ)
of the correlation matrix between VBGF parameters (Ω),
and Z, a 3 × J matrix of uncorrelated values for each set
of group-speciﬁc VBGF parameters. Each element of Z
was drawn from a weakly informative, normal prior with
a mean of zero and a standard deviation of one on the
loge scale, and LΩ was drawn from a Lewandowski–
Kurowicka–Joe (LKJ) distribution (Lewandowski et al.
2009) with η = 1, providing a uniform prior on the correlation matrix Ω. We conﬁrmed that neither model selection
nor statistical inference were inﬂuenced by this choice by
also estimating models that assumed a standard deviation
of 0.5 or 2 for Z and η = 2 or η = 4 for LΩ.
The intercept parameter, β0, was a vector of length 3
containing loge-scale hyperparameters for the VBGF that
represent the coastwide mean of each parameter when
covariate X was held constant at the mean standardized
value of zero:


β0 ¼ loge L∞ ,K, t0 :
Weakly informative, normal priors were used on all hyperparameters L∞ ,K, and t0 , each with a mean of zero and a
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standard deviation of one on the loge scale following recommended practices (Lemoine 2019). As suggested by
Kimura (2008) and Midway et al. (2015), since t0 is constrained to be less than zero and all values back-transformed from the log to the real scale are positive, a
constant of 10 was added to t0 for estimation and subtracted following back-transformation of the coefﬁcient
estimate. We assessed sensitivity to priors by running
models that used a standard deviation of 0.5, 1.0, or 2.0
on each of these parameters and found no evidence for an
effect of this prior choice on convergence, estimated
means or standard deviations, statistical inference, or
model selection.
We compared separate models incorporating either
mean lifetime SST (SSTlifetime) or mean lifetime DD
(DDlifetime) in addition to a model with no covariates
(null) for each of three grouping structures implemented
within the Bayesian hierarchical framework. These groups
included a coastal model set (a single group), a regional
model set (three groups), and a system-speciﬁc model set
(11 groups). We were not able to ﬁt models incorporating
system-covariate interactions because system-speciﬁc data
were insufﬁcient for that purpose in many systems. This
resulted in a total of nine VBGF models, with three models in each grouping structure. We hypothesized that models with system-speciﬁc grouping structures would be
better supported than regionally or coastally structured
models. Furthermore, we anticipated that models incorporating either SSTlifetime or DDlifetime would be better supported than null models that did not. The continuous
covariates SSTlifetime and DDlifetime were scaled and centered (z-standardized) in each linear predictor and were
weakly informative. Normal priors (with a mean of zero
and a standard deviation of one on the loge scale) were
used for each βX. As with β0, we assessed prior sensitivity
for βX by running models that used a standard deviation
of 0.5, 1.0, or 2.0 in each of these priors and found no evidence for an effect of prior choice on convergence, estimated means or standard deviations, or statistical
inference.
Hamiltonian Monte Carlo (HMC) methods with the
no-U-turn sampler were used to estimate the full log posterior distribution of each model in the Stan programming
language (Carpenter et al. 2017) with the “rstan” package
(Stan Development Team 2018) in R (R Core Team
2019). The full Stan code is provided in Supplement 1
(available in the online version of this article). We took
10,000 samples using a warm-up of 9,000 iterations from
three chains, resulting in a total of 3,000 samples from the
posterior distribution for each parameter. In keeping with
best-recommended practices, we did not thin posteriors
because the computational efﬁciency of the no-U-turn
sampler greatly reduces autocorrelation between HMC

samples, and computer memory was not limiting (Link
and Eaton 2012; Annis et al. 2017). Bulk and tail effective
sample sizes were evaluated to ensure adequate sampling
from the posterior distribution and conﬁrm that autocorrelation of samples did not inﬂuence posterior estimation
or necessitate thinning. The Gelman–Rubin convergence
diagnostic (^r; Gelman and Rubin 1992) conﬁrmed the convergence of separate chains (^r ≤ 1.01 for all parameters in
all models considered).
We used the leave-one-out cross validation information
criterion (LOO-IC) with Pareto smoothed importance
sampling (Vehtari et al. 2017) in the “loo” package (Yao
et al. 2017) in R for model validation and model selection.
The Pareto k diagnostic, used to assess reliability of predictive ﬁt, indicated that all models considered provided
reasonable ﬁts to the data (k < 0.70 in all models). We
compared the estimated log pointwise predictive density
(elpdloo) to determine the relative support for each grouping structure and each continuous covariate for hypothesis
testing based on differences in elpdloo (Δelpdloo) between
models (Vehtari et al. 2017). We assessed statistical signiﬁcance of SSTlifetime and DDlifetime based on βX L∞ , βX K , and
βX t in the best-supported model(s). The 95% credible
0
intervals (CRI) were evaluated based on their overlap with
zero. If zero was not included within the range of credible
values, the relationship was deemed statistically signiﬁcant.
Instantaneous natural mortality (M) was estimated for
the entire coast, along with each region, and within individual systems using the posterior estimates of VBGF
parameters from the best model. Because the maximum
age of American Shad in unﬁshed stocks remains
unknown, we followed the recommendations of Then
et al. (2015), and a modiﬁcation of Pauly (1980) was used:
M ¼ 4:118  K  L0:33
,
∞
where K and L∞ (converted to cm) were predicted from
each HMC iteration of the VBGF as continuous functions
of projected covariate X based on empirical relationships
established within the estimated growth models. Instantaneous natural mortality was estimated from the full posterior distribution of the best model and compared among
systems and across the range of observed covariates.
Coastwide VBGF parameters and M were projected from
2019 through 2099 using the best model, with climate
variables derived from projected SST for the RCP 4.5 and
RCP 8.5 climate scenarios. Due to concerns related to the
use of FL for this calculation instead of TL (Pauly 1980),
we also reran models with TL and conﬁrmed that mortality estimates were not substantially different between the
two metrics (estimates were within 3%) due to congruent
changes in estimated L∞ and K when TL was used.
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RESULTS
We found that system-speciﬁc growth models were better supported than regional growth models, and both were
better supported than coastwide growth models with
regard to cross-validation prediction error according to
LOO-IC model selection statistics (Table 2). This result
supported our hypotheses regarding grouping structures in
that system-speciﬁc models had substantially better predictive ﬁt than regional models, which were better supported
than coastwide models. Models incorporating SSTlifetime
or DDlifetime were better supported than “null” models
within each grouping structure that excluded covariate
effects. The support for speciﬁc climate variables varied

with scale of investigation represented within the coastwide, regional, and system-speciﬁc models. Because use of
either SSTlifetime or DDlifetime resulted in similar predictive
ﬁt, statistical inference, and estimates of VBGF parameters and M, we report remaining results using the systemspeciﬁc model that incorporated linear effect of SSTlifetime
on VBGF parameters for simplicity.
System-Speciﬁc Growth Patterns
American Shad growth followed a general latitudinal
cline based on observed differences in regional growth
curves and their parameters (Table 3; Figure 2). Fish in
the northern iteroparous region had the greatest L∞ and

TABLE 2. Model selection statistics for von Bertalanffy growth functions (VBGFs) ﬁt to American Shad length-at-age data (ASMFC, unpublished
data) with varying grouping structures (system-speciﬁc, regional, or coastwide; Table 1) and climate covariates covering cohorts 1988–2017 in 11
Atlantic coastal systems in the eastern United States (Figure 1). Models within each grouping structure were ﬁt with linear effects of mean lifetime
SST (SSTlifetime), mean lifetime annual degree days (DDlifetime), or no covariate (null) on all VBGF parameters. Model selection was based on differences (Δ) in estimated log pointwise predictive density (elpdloo) and associated leave-one-out cross validation information criterion (LOOIC). Models
with lower elpdloo and LOO-IC have better predictive ﬁt.

Grouping structure
System

Region

Coastwide

Covariate

elpdloo

SE elpdloo

Δelpdloo

LOOIC

SSTlifetime
DDlifetime
None (null)
SSTlifetime
DDlifetime
None (null)
SSTlifetime
DDlifetime
None (null)

3322
3322
3330
3419
3419
3441
3456
3456
3503

40
40
39
33
33
31
30
30
28

0
0
8
97
97
119
134
134
181

6644
6645
6662
6838
6838
6882
6912
6913
7007

TABLE 3. Mean estimated asymptotic length (L∞), Brody growth coefﬁcient (K), t0 (x-intercept) and instantaneous natural mortality (M) with 95%
credible intervals (CRI) for coastwide, region-speciﬁc, and system-speciﬁc groups (Figure 1). Coastal and regional estimates were derived from the best
model presented in Table 2 (System + SSTlifetime). These derived estimates incorporated uncertainty from individual American Shad representing
cohorts 1988–2017 in 11 systems within each region or the entire coast. Individual systems are listed from south to north in order of increasing latitude
to facilitate comparison of life history parameters within and among regions.

System
Coastwide
Semelparous
Southern iteroparous
Northern iteroparous
St Johns River
Cape Fear River
Tar-Pamlico Sound
Albemarle Sound
Potomac River
Delaware River
Upper Chesapeake Bay
Connecticut River
North River
Merrimack River
Penobscot River

L∞
481
458
482
491
441
475
470
455
483
504
497
502
486
500
477

(437–513)
(430–489)
(447–509)
(466–522)
(429–455)
(460–492)
(446–494)
(444–467)
(473–494)
(496–512)
(487–508)
(476–533)
(467–508)
(488–513)
(463–492)

K
0.44
0.48
0.44
0.41
0.50
0.46
0.47
0.48
0.43
0.44
0.39
0.40
0.40
0.35
0.49

(0.34–0.54)
(0.41–0.55)
(0.37–0.54)
(0.32–0.54)
(0.44–0.56)
(0.40–0.53)
(0.39–0.57)
(0.43–0.54)
(0.39–0.47)
(0.41–0.47)
(0.35–0.42)
(0.32–0.47)
(0.34–0.47)
(0.32–0.39)
(0.42–0.58)

t0
−0.32
−0.22
−0.35
−0.33
−0.23
−0.22
−0.31
−0.30
−0.31
−0.30
−0.51
−0.32
−0.34
−0.39
−0.27

(−0.32 to − 0.32)
(−0.22 to − 0.22)
(–0.35 to − 0.35)
(−0.33 to − 0.33)
(−0.23 to − 0.23)
(−0.22 to − 0.22)
(−0.31 to − 0.31)
(−0.30 to − 0.30)
(−0.31 to − 0.31)
(−0.30 to − 0.30)
(−0.51 to − 0.51)
(−0.32 to − 0.32)
(−0.34 to − 0.34)
(−0.39 to − 0.39)
(−0.27 to − 0.27)

M
0.63
0.68
0.63
0.59
0.71
0.65
0.67
0.69
0.62
0.62
0.57
0.57
0.59
0.53
0.68

(0.51–0.75)
(0.60–0.77)
(0.54–0.74)
(0.49–0.74)
(0.64–0.78)
(0.59–0.73)
(0.57–0.78)
(0.63–0.75)
(0.58–0.67)
(0.59–0.66)
(0.53– 0.61)
(0.48–0.67)
(0.51– 0.67)
(0.49–0.57)
(0.60–0.78)
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FIGURE 2. Mean and 95% credible intervals for system-speciﬁc von Bertalanffy growth function parameters (A) asymptotic length (L∞), (B) the
Brody growth coefﬁcient (K), and (C) theoretical age at size zero (t0), and (D) instantaneous natural mortality (M) for American Shad represented by
cohorts 1988–2017 in 11 populations by system latitude along the U.S. Atlantic coast. Points represent posterior estimates for each parameter by
system, and the vertical lines are 95% credible intervals for the estimates. Parameters L∞, K, and M all displayed latitudinal trends. Order of points
matches order of individual systems in Table 3.

lowest K (Table 3). Southern iteroparous ﬁsh shared similar growth patterns but had a slightly lower mean L∞ and
a slightly higher K. By comparison, semelparous populations had a substantially smaller L∞ than populations in
either of the iteroparous regions and a slightly higher K.
Fish in the iteroparous populations also appeared to live
longer (maximum ages of 11 and 12 years in raw data)
than their counterparts in semelparous populations (maximum age of 8 in raw data; Figure 3), although it is
unknown how well these data reﬂect historical baselines
for maximum age in unﬁshed stocks.
System-speciﬁc growth curves indicated considerable variability between populations, both within and among regions
(Figure 4). Fish reached the largest L∞ in the southern iteroparous region, with smaller ﬁsh at geographical extremes of
the northern iteroparous and semelparous regions. American
Shad in the Connecticut River had the largest L∞, along
with the lowest K. The Delaware River exhibited the next
largest L∞, and the upper Chesapeake Bay stock (Susquehanna River) followed closely. The St. Johns River (Florida)
population had the smallest L∞ and the highest K compared
to other systems throughout the coast (Figure 4).
Climate Effects on Growth
We found signiﬁcant relationships between VBGF
parameters and climate variables derived from observed

SST during the 30-year period covering the cohorts represented within age length data (1988–2017; Figure 5). The
best models incorporated effects of thermal experience
(SSTlifetime) on all VBGF parameters, although results of
model selection and assessment of statistical signiﬁcance for
βX in models incorporating DDlifetime indicated that the
models were virtually identical. Effects on L∞ in the
SSTlifetime model were statistically signiﬁcant based on the
exclusion of zero from the 95% CRI for βX in the linear predictor of L∞ (95% CRI = −0.031 to −0.007). We failed to
detect an effect of SSTlifetime on K (95% CRI = −0.02–0.07)
at α = 0.05 due to a high degree of uncertainty in the estimated relationship. However, there was a notable inverse
correlation between SSTlifetime and K (Figure 5), with about
85% of the credible values for βX being greater than zero
(85% CRI = 0.001–0.072). We found no evidence of signiﬁcant changes in t0 with SSTlifetime (95% CRI =
−0.002–0.002). As mean SSTlifetime increased, estimated L∞
decreased from a mean of 507 mm (95% CRI = 484–530
mm) to 456 mm (95% CRI = 435–476 mm) across the range
of observed SSTlifetime (Figure 5). Correspondingly, the mean
estimate of K increased from 0.40 (95% CRI = 0.34–0.47) to
0.47 (95% CRI = 0.41–0.54; Figure 5). These results indicate
that ﬁsh reach smaller maximum sizes (L∞) with increasing
SSTlifetime, and there is some evidence to suggest that they
reach these sizes more rapidly based on K.

CLIMATE CHANGE EFFECTS ON AMERICAN SHAD

FIGURE 3. Predicted fork length at age estimated from the best von
Bertalanffy growth function in Table 2 showing (A) coastwide, (B)
northern iteroparous, (C) southern iteroparous, and (D) semelparous
groupings based on length–age data from 11 populations of American
Shad representing cohorts 1988–2017. Individual data points are mean
length at age by year within populations (systems) for each grouping
(opacity of points increases with the number of observations). The solid
black line indicates the mean predicted length at age from the ﬁtted
growth curve, and the light gray polygons are the 95% credible intervals
around those predictions.

Using the empirical relationships between SSTlifetime
and the VBGF parameters, we projected changes in
VBGF parameters through 2099 using projected SST from
both climate change scenarios (Figure 6). Under the RCP
8.5 scenario, L∞ was predicted to decrease by 90 mm from
2019 (490 mm; 95% CRI = 474–507 mm) to 2099 (397 mm;
95% CRI = 429–463 mm; Figure 6). The RCP 4.5 scenario
followed similar trends until 2050, when SST was projected to plateau, resulting in a total decrease in L∞ of
about 45 mm from 2019 (499 mm; 95% CRI = 479–519
mm) to 2099 (454 mm; 95% CRI = 433–475 mm). Mean
estimates for K under the RCP 8.5 climate scenario
increased from 0.42 (95% CRI = 0.38–0.47) in 2019 to
0.51 (95% CRI = 0.41–0.67) in 2099, representative of the
uncertainty in the estimated relationship between K and
SSTlifetime. Under the RCP 4.5 scenario K increased from
2019 (0.41; 95% CRI = 0.36–0.47) to 2099 (0.47; 95% CRI
= 0.41–0.55; Figure 6).
Instantaneous Natural Mortality
Estimated instantaneous natural mortality was lowest
in iteroparous populations and highest for populations in
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the southern extent, except for the Penobscot River in
Maine (Table 3). Northern iteroparous and southern iteroparous regions were similar, while M for semelparous
populations was higher. The Connecticut River, the upper
Chesapeake Bay, and the Merrimack River had the lowest
estimated M. The Connecticut and Merrimack rivers were
both within the northern iteroparous region and the upper
Chesapeake Bay was in the southern iteroparous region.
The St. Johns River in Florida had the highest M, followed by the Albemarle and Tar-Pamlico sounds in the
semelparous region (Table 3).
Using the climate-projected VBGF parameters, we
found that coastwide M was projected to increase through
2099 under both climate scenarios in relation to the mean
estimated values during the observed time period. However, there was a high degree of uncertainty in these projections due to uncertainty in estimated relationships
between SSTlifetime and L∞ and K parameters used to
derive M. Under the RCP 8.5 scenario, M was projected
to increase from 0.60 (95% CRI = 0.56–0.66) in 2019 to
0.73 (95% CRI = 0.60–0.91) in 2099. Likewise, under the
RCP 4.5 scenario, M was predicted to increase by about
10% from a coastwide mean of 0.59 (95% CRI =
0.53–0.66) to 0.68 (95% CRI = 0.60–0.76).

DISCUSSION
The results of this study highlight important systemspeciﬁc variability and coastwide trends in life history of
American Shad. Site latitude and temperature strongly
inﬂuence differences in length at age and growth of American Shad on the large coastwide scale. In addition to generalizable patterns in growth with latitude, we found a
high degree of variability in VBGF parameters and M
among systems, even those within the same management
regions. The greatest within-region variability in life history parameters occurred at geographic extremes in the
southern semelparous and northern iteroparous populations (Table 3). Growth parameters and M were estimated
collectively for these regions out of need in previous
assessments (ASMFC 2007). In our study, ﬁsh in the
Penobscot River, at the far northern extent of this region,
reached their asymptotic size earlier in life (faster K) and
as a result were predicted to have mean L∞ that was smaller than any of the other systems in the region, and correspondingly high estimates of M, both of which are more
reﬂective of growth parameters and M in semelparous
populations.
The Penobscot River is unique within the northern iteroparous region because it had an extremely short main
stem with very little available spawning habitat prior to
recent dam removals (Trinko Lake et al. 2012). This has
the potential to relax evolutionary selection on traits such
as maximum size and growth rate that are important for

10

GILLIGAN-LUNDA ET AL.

FIGURE 4. Predicted fork length at age for coastwide and system-speciﬁc von Bertalanffy growth curves for American Shad cohorts 1988–2017 in
the following groups: (A) coastwide, (B) Albemarle Sound, (C) Cape Fear River, (D) Connecticut River, (E) Delaware River, (F) Merrimack River,
(G) North River, (H) Penobscot River, (I) Potomac River, (J) St Johns River, (K) Tar-Pamlico Sound, and (L) upper Chesapeake Bay population
groupings used by the Atlantic States Marine Fisheries Commission (ASMFC 2020). Colors and symbols are otherwise deﬁned as in Figure 3.

long-distance upstream migrations typical of the species
(ASMFC 2020) and may instead favor energetic investment in gonad development or high rates of iteroparity
(75–95%) observed by Grote et al. (2014). With the
improvement of habitat connectivity in this system, we
may begin to observe increased or renewed selection on
traits that favor larger ﬁsh and reduced iteroparity. This
speculation is congruent with our results from the Delaware River, which had the greatest maximum sizes. This
river is notable in that it was the only system modeled
without a main-stem dam. These results underscore the
importance of system-speciﬁc information and management for this species and the potential for other anthropogenic inﬂuences on coastwide trends in growth and
population dynamics.
Regional and coastwide patterns in growth and M are
consistent with latitudinal clines reported in previous
research (Legget and Cascardden 1978) that could inform
stock assessment and management in data-poor stocks.
Estimated L∞ was largest in the northern iteroparous

region and smallest in the semelparous region, whereas K
and M were lower in iteroparous regions than in the
semelparous region. These clines in VBGF parameters and
in M are in keeping with latitudinal clines in iteroparity
reported by Leggett and Cascardden (1978). Iteroparous
ﬁsh also reached older maximum ages than semelparous
ﬁsh, as might also be anticipated based on life history
strategy (Limburg et al. 2003). Regional observations and
estimates provide useful information for systems that lack
age–length data and have historically been managed based
on use of coastwide life history parameters in stock assessment models. However, we also note that substantial system-speciﬁc differences in VBGF parameters and
estimated M within these life history regions could lead to
different management decisions from those based on
regional averages (Table 3). The Penobscot and Merrimack rivers, for example, had a mean difference in M of
about 0.15 (25% difference). However, the entire New
England stock of American Shad have previously been
grouped for assessment and management (e.g., ASMFC

CLIMATE CHANGE EFFECTS ON AMERICAN SHAD
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FIGURE 5. Estimated linear relationships between mean lifetime sea surface temperature (SST) and (A) asymptotic length (L∞), (B) the Brody
growth coefﬁcient (K), and (C) theoretical age at size zero (t0) estimated from the von Bertalanffy growth function (VBGF) and (D) instantaneous
natural mortality (M) derived from VBGF parameters across 11 American Shad study systems along the U.S. Atlantic coast representing cohorts
1988–2017. The black line represents the predictive means of the relationships and the gray polygons are the 95% credible interval.

1988, 2007). It is important to emphasize that the use of
regional or system-speciﬁc life history estimates may result
in very different decisions for management of ﬁshery harvest, ﬁshery bycatch, or dam passage performance standards.
The mixed predictions for American Shad futures under
the two climate projection scenarios ultimately stress the
need for system-speciﬁc analyses of climate sensitivity and
life history variability. In general, we anticipate that the
maximum size (L∞) of American Shad will decrease by an
average of about 40 to 90 mm through 2099 (based on
any of our models or climate scenarios; Figure 6). There
was a high degree of uncertainty in projected M, but we
projected a mean increase of about 10% in M under any
of the scenarios or growth models. At least some of the
uncertainty in these projections is due to the inability to
account for variable effects of climate within systems in
the approach described. Fine-scale investigation of climate
relationships to VBGF parameters and M may reveal that
these changes occur to greater or lesser degrees depending
on latitude and life history variation. This emphasizes the
importance of evaluating these populations individually
rather than as a whole and constitutes a pressing priority
for the majority of American Shad populations, most of
which were not represented in our system-speciﬁc analyses
due to a complete lack of otolith-based ages. An

additional 35 populations were not analyzed because only
scale-estimated ages were available, but even including
these populations would not enable us to properly analyze
many of the 138 distinct populations identiﬁed by Limburg and Waldman (2009).
Projected changes to growth and mortality may have
indirect effects on population productivity and sustainability that were not quantiﬁed in our study due to correlations between FL, mortality, and other heritable life
history parameters. With shorter maximum length, we
would also predict reduced mass and fecundity of the species (Leggett and Carscadden 1978; Olney and McBride
2003; McBride et al. 2016). Decreased size may also
impede dam passage to spawning grounds (Glebe and
Leggett 1981b) through reduced swimming speed and have
indirect inﬂuences on population productivity through this
mechanism. This is especially important for iteroparous
ﬁsh that rely on multiple spawning migrations during their
lifetime and have within-year determinate development of
eggs within years in the northern iteroparous region. Ultimately, this restricts their reproductive potential if ﬁsh are
unable to successfully pass dams (McBride et al. 2016).
It is unknown at this time whether patterns in reduced
L∞ and increased M will inﬂuence population productivity
within individual systems due to a variety of ecological
interactions that were not considered herein. Further
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FIGURE 6. Projected changes in (A) asymptotic length (L∞), (B) the Brody growth coefﬁcient (K), and (C) theoretical age at size zero (t0) estimated
from the von Bertalanffy growth function (VBGF) and (D) instantaneous natural mortality (M) derived from VBGF parameters as a function of
projected annual sea surface temperature (SST) for American Shad populations in the study area from 2019 to 2099 using RCP 4.5 (dark gray
polygon) and RCP 8.5 (light gray polygon) climate scenario projections. The center lines in each polygon represent the mean projection for the life
history parameter under each climate scenario, and the polygons represent 95% credible intervals around those projections. Results are combined
across 11 study systems along the U.S. Atlantic coast represented by cohorts 1988–2017.

investigation is warranted, for example, regarding whether
observed changes will continue as projected through 2099
or if other inﬂuences such as increased marine productivity
will offset recent reductions in maximum size. A number
of models based on life history exist for American Shad
that can be used to better understand trade-offs heuristically using our results (e.g., Harris and Hightower 2012;
Bailey and Zydlewski 2013; Stich et al. 2019). Indeed, preliminary coastwide, regional, and system-speciﬁc estimates
for various life history parameters from this analysis and
the ASMFC (2020) are currently implemented in the “shadia” package for R (Stich et al. 2020), which hosts individual-based, dam passage performance standard models
for American Shad that can be used to understand synergistic effects of dams, climate change, and ﬁsheries.
It is important to note that the models and resultant
projections in this study contain several limitations,
including assumptions related to gear selectivity and
potential changes related to increased temperature in the
marine environment that could inﬂuence our conclusions.
First, we assumed that the wide range of gears and methods used for ﬁsh collection were representative of these
populations through time. Importantly, it has been
demonstrated that gear selectivity can inﬂuence estimated
VBGF parameters (Gwinn et al. 2010) and in some

instances can even override attempts to correct this
through size-based subsampling within gears (Hilling et al.
2020). Through inclusion of multiple gears and collection,
our intention was to minimize the potential for bias from
any given gear. Thus, our estimates may not align with
local or regional estimates that use a single or limited
number of gears.
Second, we assumed no form of adaptation to or
ecosystem effects of temperature (such as increased primary productivity) that ﬁsh may experience in the next 80
years due to changing temperatures, and this could inﬂuence projected life history trajectories, which could inﬂuence management decisions. The projected changes we
observed in K, L∞, and M may manifest themselves as
selective pressures leading to local adaptations. For a
migratory species such as American Shad, there is great
uncertainty relating to how the species may adapt to climate change (Crozier et al. 2008). However, it is reasonable to expect a northward expansion of southern
American Shad populations based on temperature preferences (Hassleman et al. 2012) as well as a reduction in
iteroparity in northern rivers (e.g., Davis and Shaw 2001;
ASMFC 2007; Kinnison and Hairston 2007). Shifts in
river arrival and spawning dates (e.g., Quinn and Adams
1996; Hodgson and Quinn 2002; Crozier et al. 2008;

13

CLIMATE CHANGE EFFECTS ON AMERICAN SHAD

Staudinger et al. 2019), shortened spawning intervals (e.g.,
Bradshaw and Holzapfel 2006), and shifts in size at maturity (Cox and Hinch 1997) are all likely under climate
change scenarios. Each of these possible changes will
impact the biological parameter estimations.
Alterations to ocean migration routes are also plausible. However, the current lack of general knowledge relating to marine migrations and movements makes it
impossible to integrate this information in a meaningful
way. This is despite the fact that we now possess gridbased climate projections for what is essentially the entire
native range of this species (CMIP-5, NOAA Earth System Research Laboratory). Only recently, in fact, have the
ﬁrst multiyear telemetry results been reported for the species (Gahagan and Bailey 2020). Detailed characterization
of oceanic movement patterns remains an important direction of investigation.
In this study, we assumed that ﬁsh travel together and
experience similar thermal conditions (based on the
research by Neves and Depres [1980]). However, other
research suggests that populations may separate into distinct groupings during the winter months (Dadswell et al.
1987), making it difﬁcult to predict future changes in marine migration. A small change in one life history stage may
greatly impact other stages of life. It is currently difﬁcult to
predict how ﬁsh might adapt to these changes and how it
might inﬂuence our projections in this study because even
basic life history information for the species is currently
lacking. A better understanding of American Shad movements and feeding in the marine environment, for example,
is fundamental to informing efforts such as this.
We were successful in estimating coastwide, regional,
and system-speciﬁc growth curves that, in turn, can be
used to draw inferences in data-poor systems and predict
population changes relative to climate change into the
future for informing system-speciﬁc management. While
most American Shad populations still lack reliable life history information (e.g., otolith ages), the framework used
here allows for inference across regions and time series,
which can provide information about those systems until
more, or better, data are available. Although more data
collection is key if systems are to be managed individually,
we were able to provide a starting point for understanding
growth and instantaneous natural mortality in those systems lacking data through use of a hierarchical approach
to estimation. The climate-informed reference points for
those systems that currently have data can be used for
understanding cross-system variability and uncertainty,
which is valuable for assessing the robustness of management strategies to uncertainty in future climate change,
with the recognition that these relationships are correlative
in nature but detectable at the coastwide scale. As more
data become available in the future, investigation into
regional and stock-speciﬁc climate responses may help to

further elucidate the fate of American Shad in changing
freshwater and marine environments.
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