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Abstract. To manage ecosystems in the context of climate change, we need to understand the relation-
ship between extreme events and population dynamics. Floods and droughts are projected to occur more
frequently, but how aquatic species will respond to these extreme events remains uncertain. Based on
counts of Brook Trout (Salvelinus fontinalis) collected over 28 yr at 115 sites in Shenandoah National Park,
we developed mixed-effects models to (1) assess how well extreme streamflow, as compared to mean flows
and total precipitation, can explain young-of-the-year (YOY) abundance, (2) identify potential nonlinear
relationships between seasonal environmental covariates and abundance using nonlinear generalized addi-
tive mixed models, and (3) explore likely impacts of expected future weather and streamflow conditions.
We found that (1) using covariates of streamflow extremes improved prediction of YOY abundance com-
pared to use of mean seasonal flow values or precipitation as a proxy, (2) warmer maximum daily spring
temperatures were associated with increased YOY abundance up to about 1.5 standard deviations, above
which abundance declined, and (3) a strong negative effect of extreme winter streamflow, unlikely to be
offset by possibly positive effects from other seasons, is expected to have a detrimental impact on Brook
Trout populations given predicted increases in winter precipitation. Because YOY abundance is a strong
determinant of population dynamics for these short-lived species, extreme events will have the potential to
exert a strong influence on population persistence of Brook Trout in a changing climate. Management
actions that maximize resiliency of populations in response to extreme events, such as restoration of habitat
connectivity, should be prioritized to buffer negative impacts.
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INTRODUCTION

To manage ecosystems in the context of cli-
mate change, we need to understand the rela-
tionship between extreme events and population
dynamics. For freshwater populations, predic-
tions that extreme hydrologic events, such as

floods and droughts, will increase (Ingram et al.
2013, National Academies of Sciences 2016) are
of particular concern. Because streamflow influ-
ences the distribution and abundance of aquatic
species (Poff et al. 1997), more frequent, longer
duration, and/or more extreme high and low
streamflow events are likely to have significant
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consequences for these populations (Nislow
et al. 2004, Wenger et al. 2011, Letcher et al.
2015b, Ward et al. 2015). We have a limited
understanding of how aquatic populations will
respond to hydrologic changes (Walters 2016,
Wheeler et al. 2017). A number of recent review
articles (Clutton-Brock and Sheldon 2010, War-
ren et al. 2015, Kovach et al. 2016) have high-
lighted the need to evaluate the impact of climate
change on freshwater species using long-term
biological datasets which can characterize tem-
poral and nonlinear relationships.

For aquatic as well as terrestrial species, tem-
poral variation in average annual and seasonal
weather has been linked to changes in popula-
tion abundance (Pardikes et al. 2015, Kanno
et al. 2017), vital rates (Dybala et al. 2013, Abadi
et al. 2017), and population dynamics (Seegrist
and Gard 1972, Fern�andez-Chac�on et al. 2011,
Grossman et al. 2016, Cleasby et al. 2017). How-
ever, responses of animal populations may be
more closely related to short-duration, high-mag-
nitude extreme events or disturbances which
exceed a biological threshold above or below
which animals have reduced fitness (i.e., survival
and reproductive success; Resh et al. 1988, Lake
2003, Roland and Matter 2013, Childress and
Letcher 2017). Few studies have investigated the
effect of extreme weather conditions on long-
term population fluctuations and most have
focused on terrestrial organisms (Roland and
Matter 2013, Bailey and van de Pol 2016). Addi-
tionally, nonlinear relationships between abun-
dance and environmental covariates are often
hypothesized, but these relationships are rarely
modeled (Kovach et al. 2016).

In this study, we use a 28-yr dataset to relate
seasonal streamflow extremes to abundance of
Brook Trout (Salvelinus fontinalis), a popular cold
water species for recreational fishing. Both the
timing and magnitude of extreme streamflow
events are important to determining impact on
Brook Trout young-of-the-year (YOY) abundance
(George et al. 2015, Warren et al. 2015, Kovach
et al. 2016). Extremely low streamflow can
diminish salmonid abundance due to habitat
fragmentation, increased competition for food,
and greater risk of predation (Bell et al. 2000,
Lob�on-Cervi�a 2009). For fall-spawning Brook
Trout, insufficient streamflow in the fall can limit
spawning movement or result in dewatering of

gravel nests, known as redds (Kanno et al. 2014,
Whiteley et al. 2015). Excessive winter and
spring flows can also reduce abundance: High
streamflow can scour redds during winter and,
during spring, large peak streamflow can exceed
swimming velocities of fry after emergence (Nis-
low and Armstrong 2012, Warren et al. 2015).
Native trout across the United States (U.S.)

occupy a diminished fraction of their historical
habitat (Hudy et al. 2008, Williams et al. 2015),
and even greater declines are expected with
future climate change (Mantua et al. 2010, Mey-
ers et al. 2010, Wenger et al. 2011, Williams et al.
2015, Bassar et al. 2016). Brook Trout life histo-
ries are tightly linked to seasonal environmental
conditions (Nislow and Armstrong 2012, Letcher
et al. 2015b); spawning, incubation, and emer-
gence are regulated by stream flow and tempera-
ture, as well as photoperiod (Nislow and
Armstrong 2012, Warren et al. 2012). Threshold
responses of Brook Trout and other species to
water temperature have been identified in labo-
ratory and field studies (Beitinger et al. 2000,
Hartman and Cox 2008, Beauchene et al. 2014,
Childress and Letcher 2017). However, much of
the research on streamflow has been limited to
study of a particular flood or low flow event, lim-
iting inference regarding longer-term, nonlinear,
and/or temporal relationships (Kovach et al.
2016).
Given a short life span of 2–3 yr and high

annual variation in abundance, YOY (fish born
within the last year), are a primary driver of Brook
Trout population dynamics in small headwater
streams (Bassar et al. 2016, Kanno et al. 2016b).
Focusing on Brook Trout YOY abundance, the
aims of this work are to (1) assess how well
extreme streamflow, as compared to mean flow
and total precipitation, can explain abundance, (2)
investigate possible nonlinear relationships
between seasonal environmental covariates and
abundance, and (3) explore expected impacts of
future climate and streamflow conditions.

METHODS

Fish, weather, and streamflow data were col-
lected in Shenandoah National Park (SNP), Vir-
ginia, USA. By the mid-21st century, this region
is expected to experience increases in precipita-
tion in all seasons except summer and increases
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in temperature across all seasons (Ingram et al.
2013). Building from previous work by Kanno
et al. (2015), who used seasonal total precipita-
tion (i.e., average conditions) as a proxy for
streamflow, we assessed the benefit of using
modeled streamflow covariates which are more
closely related to the hypothesized biological
mechanisms (such as habitat isolation during
low flows or scouring of redds during a flood).
Sampling of Brook Trout YOY occurred through-
out each summer; thus, we focus on the three
seasons preceding summer-time sampling. Fur-
thermore, the effects of summer conditions have
been studied extensively; abundance has consis-
tently been found to be positively correlated with
summer streamflow and negatively correlated
with summer temperature (Nislow et al. 2004,
Xu et al. 2010a, Warren et al. 2012, Letcher et al.
2015b, Kovach et al. 2016, Merriam et al. 2017).

Brook Trout data
Shenandoah National Park encompasses

777 km2 of mountainous terrain in northern Vir-
ginia, USA (Fig. 1) with a mix of deciduous and
coniferous forest. Fish study sites were small,
shaded headwater streams (1st–3rd order), at ele-
vations ranging from 285 to 802 m and with
upstream watershed areas of 1–36 km2 (Table 1).
Streamflow is generally highest in the spring and
lowest in summer and fall due to snow melt and
rates of evapotranspiration. The most common
fish species in SNP other than Brook Trout is the
Blacknose Dace, Rhinichthys atratulus (Jastram
et al. 2013).

The study included 115 sites that were sam-
pled on average nine times (minimum of four)
over 1983–2010 by the National Park Service.
Brook Trout were sampled annually during June
through August using backpack electrofishers at
100-m permanent stream sections. Block nets or
cobble dams were set at upstream and down-
stream site boundaries to minimize fish move-
ment into and out of the site during sampling.
Depending on stream width, one to three elec-
trofishing backpack units were used, each
accompanied by two individuals to net fish.
Forty percent of electrofishing surveys were
three-pass depletion surveys, which started in
1995, and the rest of the surveys were single
pass. Brook Trout counts were obtained at

between five and 64 sites per yr during the 28-yr
period.

Streamflow and weather data
Streamflow was predicted based on observed

flow at streams gaged by the Shenandoah Water-
shed Study (SWAS) through the University of
Virginia and by the U.S. Geological Survey
(USGS). More information about the stream
gages, including locations relative to the fish
sampling sites, is given in Appendix S1: Fig. S1
and Table S1. Streamflow data were available
from four SWAS stream gages located within
SNP starting in 1993. Daily streamflow data prior
to 1993 were obtained from the USGS National
Water Information System from four stream
gages neighboring SNP (US Geological Survey
2017) that had not been substantially impacted
by humans (Falcone 2011).
Daily streamflow at ungaged fish sampling

sites was predicted using the nearest neighbor
drainage area ratio method, which assumes that
streamflow standardized by watershed drainage
area is constant within a region (Hirsch 1979). As
is common, standardized streamflow was trans-
ferred from the nearest gaged site to each
ungaged fish sampling site (Asquith et al. 2006).
Given standardized streamflow from a gaged
site, daily streamflow at an ungaged site (Qy)
with drainage area (Ay) was predicted:

Qy

Ay
¼ Qx

Ax
(1)

where Qx is a time series of daily streamflow at
the gaged site and Ax is the watershed area for
the gaged site. For the southeastern United
States, this method was found to predict stream-
flow at ungaged locations comparably to more
complex methods (Farmer et al. 2014). To assess
the validity of this assumption for SNP, standard-
ized seasonal streamflow extremes for SWAS
and USGS sites were compared and found to be
similar (Appendix S1: Fig. S2). Using predictions
of daily streamflow at trout sampling sites, sea-
sonal average daily streamflow and seasonal
streamflow extremes were calculated.
Based on the findings of previous studies (in-

cluding Kanno et al. 2016b: Table 2 and Kovach
et al. 2016: Figure 2), hypotheses regarding the
impacts of seasonal streamflow and temperature
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on Brook Trout YOY abundance are presented in
Table 2. To test proposed seasonal extreme
streamflow hypotheses, streamflow extremes
were estimated as the 5th percentile (low)
streamflow in fall and the 95th percentile (high)
flow in winter and spring. Similar metrics for
seasonal high and low streamflow have been
used previously in studies of population
response to hydrologic changes (Visser et al.
2017).

Following Kanno et al. (2015, 2016b, 2017), we
used air temperature as a proxy for water tem-
perature because heat exchange with air is the

major physical driver of stream temperature
(Mohseni and Stefan 1999, Morrill et al. 2005,
Letcher et al. 2015a). We also used seasonal pre-
cipitation, often used as a proxy for streamflow,
as a benchmark against which we compared
mean and extreme streamflow covariates. Daily
precipitation (including both snow and rainfall)
and daily maximum air temperature at the
1 km2 resolution were obtained from the Daymet
database (http://daymet.ornl.gov) for all fish
sampling sites. We summed daily precipitation
by season and calculated seasonal means of max-
imum daily air temperature.

Fig. 1. Map of Shenandoah National Park, streams located within the Park, and 115 fish sampling sites.
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Abundance modeling
We estimated YOY abundance from Brook

Trout count data (one or three pass) using a Pois-
son binomial N-mixture model (Royle 2004). The
Bayesian framework used to estimate abundance
is applied from Kanno et al. (2016b), with year
random effects used to quantify temporal

variability. N-mixture models estimate popula-
tion size from count data while formally account-
ing for detection probability. Exploiting spatial
and temporal replication, site-specific population
sizes are assumed to be independent variables
distributed according to a selected distribution
(such as Poisson, as assumed here), and model

Table 1. Summary of estimated young-of-the-year (YOY) Brook Trout abundance, seasonal weather and stream-
flow covariates, and study site characteristics.

Variable Median Mean Standard deviation Min Max

Estimated YOYabundance 48.8 72.1 76.1 3.5 739.6
Seasonal extremes covariates
Fall low streamflow† (5th percentile, m3/s) 0.01 0.02 0.03 0.00 0.32
Winter high streamflow† (95th percentile, m3/s) 0.31 0.48 0.52 0.01 4.66
Spring high streamflow† (95th percentile, m3/s) 0.42 0.63 0.62 0.03 5.09
Fall average max daily temperature (°C) 18.0 18.0 1.4 13.7 21.7
Winter average max daily temperature (°C) 6.1 6.0 1.8 1.0 10.6
Spring average max daily temperature (°C) 16.8 16.8 1.5 12.6 20.4
Fall precipitation (mm) 93.2 111.5 126.0 35.8 332.0
Winter precipitation (mm) 75.5 74.5 93.7 22.6 143.0
Spring precipitation (mm) 82.8 84.8 82.6 43.0 168.8

Site characteristics
Elevation (m) 437 459 115 285 802
Watershed area (km2) 8.1 9.5 6.6 1.3 36.2

† Estimated from neighboring stream gages.

Table 2. Hypothesized linear and nonlinear effects of fall, winter, and spring streamflow and temperature on
Brook Trout young-of-the-year abundance.

Season Relationship with Streamflow Relationship with Temperature

Fall (September–November);
bioperiod: adult spawning

Positive: Brook Trout need sufficient streamflow
to access to small tributaries for spawning
(Kanno et al. 2014, Whiteley et al. 2015) and
excessively low streamflow can lead to
dewatering of eggs. We expect a dome-shaped
nonlinear relationship as fall spawning
movement and habitat availability have been
found to be limited at low streamflows; rifle-
pool sequences are typical of Brook Trout
streams and drying of riffles can lead to
isolated pools (Hakala and Hartman 2004)

Negative relationship: High fall
temperatures delay or reduce spawning,
as Brook Trout spawning occurs below a
temperature threshold (e.g., 11°C;
Blanchfield and Ridgway 1997). This sort
of thermal cue for spawning would be
expected to elicit nonlinear relationships

Winter (December–February);
bioperiod: egg incubation

Negative: Peak high flows can wash out redds,
the gravel nests in which eggs are deposited
(Fausch et al. 2001, Carline and McCullough
2003). An increasing nonlinear relationship is
hypothesized as bed scouring increases
nonlinearly with stream discharge and egg
mortality may increase above a certain
threshold of stream discharge (Bull 1979)

Positive: Warmer winters encourage faster
hatching of eggs, which leads to longer
growing season (Baxter and McPhail
1999)

Spring (March–May);
bioperiod: fry rearing

Uncertain: High flow may provide fry with
habitat along the bank (Jellyman and Mcintosh
2010, Kaspersson et al. 2012), but excessive
flows can result in wash-out after emergence
(Jensen and Johnsen 1999, Kanno et al. 2017)

Positive: Warmer temperatures during the
fry growing season enhance survival and
growth (Coleman and Fausch 2007, Xu
et al. 2010b)
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parameters (such as detection probability) are
estimated from the marginal likelihood of the
data. K�ery (2018) showed that parameters are
generally identifiable for the Poisson binomial N-
mixture models, which were applied here. Abun-
dance estimated by the N-mixture model was
used as the response or dependent variable in all
models described below.

Linear mixed-effects models were fit with the
lme4 package (Bates et al. 2014) in R version
3.4.2 (R Core Team 2017) to estimate the effect
of seasonal streamflow, precipitation, and tem-
perature covariates on estimated abundance. In
total, analysis included 1164 abundance esti-
mates at 115 sites across 52 stream reaches,
which are defined as a continuous piece of a
stream with similar hydrologic characteristics
(USEPA and USGS 2012). The linear model took
the form:

logðNi;tÞ� aj½i� þ b1T
fall
i;t þ b2T

win
i;t þ b3T

spr
i;t

þ b4Q
fall
i;t þ b5Q

win
i;t þ b6Q

spr
i;t þ ei;t (2)

where Ni,t represents estimated YOY abundance
at site i in year t (based on the N-mixture model
as described previously), aj[i] is the random inter-
cept of stream reach j within which site i is
nested, b1,. . .b6 are fitted regression coefficients
representing effect sizes, and ei;t is the model
error. We assumed aj½i� �Nð0;r2

aÞ and
ei;t �Nð0;r2

eÞ. The environmental covariates are
given as matrices for site i in year t:
Tfall
i;t ;T

win
i;t ;Tspr

i;t represent the average of daily
maximum temperatures for fall, winter, and
spring, respectively; Qfall

i;t ;Q
win
i;t ;Qspr

i;t represent the
covariates for fall, winter, and spring streamflow,
respectively. All covariates were standardized by
site to have a mean of zero and a standard devia-
tion of one. Presented effect sizes are thus
reported in standard deviations relative to each
covariate’s mean value at a sampling site.
Descriptions and summary statistics for the
covariates are shown Table 1. We did not model
interactive effects of seasonal covariates because
lack of independence between seasons would
require a different model structure; thus, we
leave these analyses for future work.

To achieve our first aim, three versions of the
linear model (Eq. 2) were fit in which
Qfall

i;t ;Q
win
i;t ;Qspr

i;t were represented by different sea-
sonal variables: total precipitation, average

streamflow, and extreme streamflow (repre-
sented by 5th percentile fall streamflow and 95th
percentile winter and spring streamflow, selected
based on our hypotheses presented in Table 2).
To identify potential nonlinear effects (our sec-

ond aim), we also fit generalized additive mixed
models using the mgcv package for R (Wood
2011). We visually examined partial dependence
plots to check for nonlinear relationships bet-
ween environmental covariates and abundance.
For identified nonlinear effects, a mixed model
with a quadratic term (calculated by squaring
the relevant covariate) was fit. For each of the
models, we compared the Akaike information
criterion (AIC), root-mean-squared error (RMSE),
and percent RMSE (%RMSE, or 100 times
the ratio of RMSE relative to average YOY
abundance).
As our third aim was to use the selected model

to predict future conditions, we conducted a
cross-validation to assess the predictive perfor-
mance of each model. One-third of the observa-
tions were randomly selected and omitted ten
times; the mean and range of RMSE of predic-
tions from models fit with two-thirds of the
observations were compared to assess the predic-
tive performance of each model and check for
over-fitting.

Future streamflow and temperature
In the southeastern United States, where SNP

is located, mean annual temperature is predicted
to increase by 1.5–5.5°C by 2055 (Kunkel et al.
2013). Model forecasts for precipitation are more
uncertain, but there is general consensus that
precipitation will increase across all seasons
except summer (Ingram et al. 2013, Kunkel et al.
2013, Karmalkar and Bradley 2017). Because
streamflow, particularly the lowest flows, is con-
trolled by both precipitation and temperature, it
is challenging to forecast how streamflow will
change in the future. To explore how changes in
seasonal temperature, precipitation, and stream-
flow may impact future Brook Trout YOY abun-
dance under uncertain future climate scenarios,
abundance under more extreme scenarios (four
standard deviations above and below the mean)
of the six covariates was predicted. Partial depen-
dence plots illustrate the marginal effect of each
covariate on YOYabundance across the 115 sites.
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RESULTS

Model selection and fit
Predicted fall low streamflow ranged from 0

to 0.32 cubic meters per second (m3/s), com-
pared to winter high streamflow (0.01–4.66 m3/
s) and spring high streamflow (0.03–5.09 m3/s;
Table 1). Within each of the candidate models,
none of the covariates were highly correlated:
The maximum Pearson correlation between any
two covariates included in a given model was
between fall and spring temperatures (Pearson’s
r = 0.51).

Linear models with predicted seasonal stream-
flow covariates (Table 3, Models 2 and 3) had
lower AIC compared to the model fit with total
seasonal precipitation (Table 3, Model 4). Replac-
ing total seasonal precipitation covariates with
seasonal extreme streamflow covariates reduced
AIC by 52. Additionally, the linear model with
seasonal extreme streamflow covariates had
more support compared to the model with sea-
sonal average streamflow covariates (reduction
in AIC of 12).

We next refit the top-ranked linear model
(Table 3, Model 2), which included seasonal
streamflow extremes covariates, as a generalized
additive mixed model. Contrary to proposed
hypotheses, there did not appear to be strong
nonlinear relationships between abundance and
most of the covariates. (Appendix S1: Fig. S3
shows partial dependence plots for based on the
generalized additive mixed model). The general-
ized additive formulation of the mixed model
did reveal a nonlinear relationship between YOY
abundance and spring temperature (Fig. 2). At
temperatures above 1.5 standard deviations
above the mean, the relationship between spring

temperature and abundance reversed from
positive to negative. Standardized spring tem-
peratures >1.5 were found at 52 sites over six
years, which illustrates that this relationship was
not constrained to a small subset of fish sampling
sites.
A quadratic mean spring daily temperature

term was thus added to the three candidate lin-
ear models to capture this nonlinear relationship.
Consistent with our findings for linear models,
the model including streamflow extremes had
the lowest AIC (Table 3, Model 1). The addition

Table 3. Model fit (best to worst) based on Akaike information criterion (AIC), root-mean-squared error (RMSE),
RMSE relative to average abundance (%RMSE), 10-fold cross-validation (CV) RMSE mean and range (min–
max), and degrees of freedom (df).

Model AIC RMSE (%RMSE) CV RMSE mean (range) df

1. Extreme streamflow and maximum temperature by season
and quadratic term for maximum spring temperature

3038 64.3 (90%) 65.4 (64.6–66.7) 11

2. Extreme streamflow and maximum temperature by season 3073 64.3 (90%) 65.5 (64.5–67.1) 10
3. Average streamflow and maximum temperature by season 3085 64.8 (91%) 66.1 (65.0–67.2) 10
4. Total precipitation and maximum temperature by season 3125 66.7 (93%) 68.0 (67.1–69.1) 10

Note: Seasonal refers to fall, winter, and spring.
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Fig. 2. Partial dependence plot of relative contribu-
tion of mean of daily maximum spring temperature to
standardized abundance fit with a generalized additive
mixed model including random site intercepts. The
model fit 6.69 degrees of freedom of the smooth (the
number of bends in the curve allowed). The solid line
represents model predictions (with random site effects
set to zero), dashed lines show 95% confidence intervals,
and points illustrate model residuals. Along the lower y-
axis, a rug plot (vertical lines) indicates frequency of
each mean spring daily maximum temperature.
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of the quadratic mean spring daily temperature
term reduced AIC by 35 relative to the stream-
flow extreme model with only linear terms
model.

To select a model to use for prediction, we
compared the range of cross-validation RMSE, in
which models were refit ten times based on a
randomly selected two-thirds of the data. Across
the ten replicates, RMSE did not vary substan-
tially for any of the models (Table 3). With the
lowest AIC, the model including extreme stream-
flow covariates and a quadratic term for spring
temperature was selected for prediction (Table 3,
Model 1). Before using this model for prediction,
we confirmed that it was approximately unbi-
ased (47% of model predictions were greater
than estimated abundance outcome) and met
regression assumptions regarding the distribu-
tion of model residuals.

Model predictions match estimated Brook
Trout YOY abundance relatively well (Fig. 3).
Only in the years in which Brook Trout were
sampled at few locations (such as 2007 when
Brook Trout were sampled at only five sites)
were there notable discrepancies between
median estimated abundance and median
model-predicted abundance.

Effects of seasonal streamflow and temperature
extremes
Fitted model coefficients (Table 4) generally

match our hypothesized relationships (see
Table 2). Peak winter streamflow had the largest
effect (effect = �0.26, SE = 0.03) and was nega-
tively associated with next summer YOY abun-
dance. The effect size of fall streamflow (5th
percentile flow) was similar to that of peak
winter streamflow but with a positive relation-
ship (effect = 0.25, SE = 0.03). As expected, war-
mer temperatures in the fall were negatively
related to abundance (effect = �0.20, SE = 0.04).
Spring high streamflow and winter temperature
did not have statistically significant effects on
abundance.

Predictions under more extreme conditions
Partial dependence plots for these seasonal

covariates illustrate the importance of studying
changes in environmental conditions by season
(Fig. 4). Under greater fall 5th percentile stream-
flow (Fig. 4a), increases in Brook Trout YOY
abundance would be expected; however, the
reverse relationship is expected for increases in
95th percentile winter streamflow (Fig. 4b). For
this region, both precipitation and temperature

0

100

200

300

1985 1990 1995 2000 2005 2010

A
bu

nd
an

ce

Estimated Abundance Model Predictions

26 45 59 41 61 40 57 42 64 25 62 44 47 39 40 35 46 44 46 44 40 50 13 48 5 53 13 35
Number
of sites
sampled

Fig. 3. Estimated annual Brook Trout young-of-the-year (YOY) abundance per 100 m compared to model pre-
dictions, bN . Lines connect points showing median abundance for each year. Numbers along the x-axis denote
number of stream sites sampled in that year, gray boxplots illustrate the interquartile range (IQR) of YOY abun-
dance across those sites in a given year, and the whiskers extend the boxes to 1.5 of the IQR. (Outliers are omitted
for clarity).
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are expected to increase in all three seasons stud-
ied here (Ingram et al. 2013). However, the corre-
lation between winter precipitation to winter
95th percentile streamflow (Pearson’s r = 0.66) is

much higher compared to the correlation of fall
precipitation and fall 5th percentile stream-
flow (Pearson’s r = 0.35). This is not surprising as
the lowest streamflow during a season occurs

Table 4. Effect of seasonal streamflow and temperature extreme on next summer abundance of young-of-the-
year Brook Trout based on the selected mixed-effects model fit with random intercepts for each site, nested
within stream reach.

Predictor Coefficient SE t P

Fall low streamflow (5th percentile, ft3/s) 0.25 0.03 9.18 0.00
Winter high streamflow (95th percentile, ft3/s) �0.26 0.03 �8.99 0.00
Spring high streamflow (95th percentile, ft3/s) �0.03 0.03 �0.85 0.40
Fall average max daily temperature (°C) �0.20 0.04 �5.59 0.00
Winter average max daily temperature (°C) 0.01 0.03 0.45 0.65
Spring average max daily temperature (°C) 4.96 0.74 6.69 0.00
(Spring average max daily temperature)2 (°C2) �4.75 0.74 �6.41 0.00

Note: Coefficient is the effect size, SE refers to the standard error, t is the t-statistic, and P is the P-value.

(d) Fall max temperature (e) Winter max temperature (f) Spring max temperature

(a) Fall low streamflow (b) Winter high streamflow (c) Spring high streamflow
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Fig. 4. Partial dependence plots of extreme streamflow and temperature covariates predicted using the selected
random intercepts model. (a) Fall 5th percentile streamflow; (b) Winter 95th percentile streamflow; (c) Spring 95th
percentile streamflow; (d) Fall mean of daily maximum temperature; (e) Winter mean of daily maximum tempera-
ture; (f) Spring mean of daily maximum temperature. Each line represents predicted abundance per 100 m at a
fish sampling site, and the observed values of each covariate (the data collection space) are shown as points. As
spring temperature represents a combination of a linear and a quadratic term, the points of the sample space do
not fall exactly on the prediction lines.
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after a period with little precipitation. Even with
greater fall precipitation, simultaneous incre-
ases in fall temperature and evaporation (Sea-
ger et al. 2009) could result in diminished
fall streamflow. Thus, predictions are made for
both increasing and decreasing fall streamflow,
as well as for the other covariates to maintain
consistency.

Under a scenario of increasing fall streamflow,
the benefits on abundance of these increases are
unlikely to offset the strong negative effect of
increases in winter peak streamflow (Fig. 5). The
most likely future Brook Trout abundances are
represented by the top portion of Fig. 5 (above
standardized winter peak flows of zero), given
expected increases in peak winter streamflow
associated with increases in winter precipitation
(Kunkel et al. 2013, Karmalkar and Bradley
2017).

DISCUSSION

Seasonal drivers of Brook Trout abundance
Our findings contribute to the growing evi-

dence that extreme hydrologic conditions in the
future are likely to have a substantial impact on
freshwater species. We found high winter

streamflow to be strongly associated with
reduced YOY abundance the following summer,
similar to other studies of inland trout popula-
tions (reviewed by Kovach et al. 2016). This eco-
logical pattern is assumed to result from bed
scouring and mortality of early life stages
equipped with weak swimming capabilities
(Carline and McCullough 2003). Our finding that
winter extreme streamflow was a stronger driver
of Brook Trout YOY abundance compared to
mean flow or total precipitation supports this
explanation because bed scouring occurs under
short-duration, high-flow events (Cunjak et al.
1998). In fall, excessively low streamflow was
found to be associated with reduced YOY abun-
dance. We are less certain of the ecological mech-
anism that extremely low fall streamflow forces.
Low fall streamflow may decrease spawning
habitat availability and increase the occurrence
of redd superimposition (the reuse of the same
spawning locations by different individuals; Ess-
ington et al. 1998), result in dewatering of redds,
or restrict access to suitable spawning sites, par-
ticularly small tributaries that are typically used
by Brook Trout (Kanno et al. 2011, Kanno et al.
2015).
Warmer spring temperatures have previously

been found to result in greater YOY abundance
(Xu et al. 2010a, Kanno et al. 2015, 2016b, Kovach
et al. 2016) and our results based on a linear for-
mulation of our model confirmed these findings.
However, a more flexible generalized additive
model detected a nonlinear relationship in spring
temperature above which YOY abundance
declined. This was an unexpected result because
spring temperatures are well below the upper
thermal threshold of Brook Trout, which can tol-
erate the temperature up to 20–22°C (Hartman
and Cox 2008, Stranko et al. 2008). Possibly, YOY
Brook Trout may not be able to obtain sufficient
food to compensate for the increased metabolic
demand imposed by excessively warm spring
temperatures (Hartman and Cox 2008), particu-
larly when a possible mismatch in phenology
occurs between trout and their prey (Sato et al.
2016).

Abundance under future conditions
For the southeastern United States, climate

models have predicted the largest increases in
precipitation in winter (Kunkel et al. 2013,
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Karmalkar and Bradley 2017). Accordingly,
increases in winter peak streamflow are also
expected in SNP given the strong correlation
between winter precipitation and high flow.
Increases in winter high streamflow are expected
to have a negative impact on Brook Trout YOY
abundance in SNP. This finding is particularly
concerning as YOY abundance has been found to
be the main factor in driving Brook Trout popu-
lations in SNP as well as in Western Mas-
sachusetts (Bassar et al. 2016, Kanno et al.
2016b). Furthermore, increased winter tempera-
tures are also expected to lead to more frequent
rain on snow events and faster melting of snow,
both of which could increase the frequency and
magnitude of winter floods (Battin et al. 2007,
Meyers et al. 2010). Previous work found that
detrimental impacts on Brook Trout of changes
in streamflow in one season are sometimes offset
by changes in another season (Bassar et al. 2016).
For this region, increases in fall streamflow could
potentially offset the consequences of increasing
winter flows; however, it is unclear how
expected changes in weather patterns will impact
fall streamflow.

Data limitations
One major limitation was the lack of stream

gage data, as is frequently the case for head-
water streams. A simple statistical method of
flow transfer appeared to perform well for this
region, but it was not possible to validate
the ability of the flow transfer approach at
the within-watershed scale. Furthermore, for the
early part of the record, the only stream flow
data available were from USGS stream gages
with much larger basin sizes compared to the
fish sampling sites. With higher quality stream-
flow data, consideration of duration and timing
of streamflow extremes would improve under-
standing of the impacts other aspects of the
hydrologic extreme events. As water tempera-
ture data were also unavailable, air temperature
was used as the best available proxy. For the
study region, regression models have been
developed to link water to air temperatures, but
only for the summer season (Snyder et al. 2015).
It is possible that these data limitations obscured
identification of hypothesized nonlinear rela-
tionships between environmental covariates and
Brook Trout YOY abundance. Finally, acid

deposition has historically been a concern in this
region and we were not able to include water
quality in the models due to data limitations.
Local bedrock has been found to explain the
acid sensitivity of a site (Jastram et al. 2013),
which suggests that effects could be relatively
constant over time and thus captured by the
random site intercepts included in all models.
New streamflow, water quality, and water tem-
perature monitoring of these streams, in concert
with the fish monitoring, would improve our
understanding of the relationship between
extreme streamflow, temperature, and Brook
Trout populations.

Management implications
Compared to general consensus that tempera-

tures are rising, there is less agreement about how
precipitation, streamflow, and extreme hydrologic
events in the United States will change in the
future (U.S. GCRP 2017). Despite this uncertainty,
natural resource managers will have to make
decisions about the best strategies to conserve
trout and other stream biota. Winter extreme
high-flow events, particularly when occurring
with high frequency across years, can greatly
affect Brook Trout populations given their short
life spans (Kanno et al. 2015). Reduced abun-
dance of stream-dwelling salmonids could be par-
tially offset by density-dependent compensatory
mechanisms (Letcher and Terrick 1998, Grossman
et al. 2009, Bassar et al. 2016), but managers may
also need to consider actions to mitigate the
impacts of extreme streamflow events. Conserva-
tion actions are particularly important for south-
ern Appalachian Brook Trout populations
(including those in the study area) because they
persist in small, isolated populations that are sus-
ceptible to local extirpation due to demographic
and environmental stochasticity (Hudy et al.
2008). Several management actions may be feasi-
ble to buffer the anticipated increase in frequency
and magnitude of extreme flow events.
First, conservation and restoration of stream

and riparian habitat should be prioritized to
increase local population size and thus likelihood
of population persistence. Riparian protection to
control sediment load and habitat improvement
with complex physical structures (e.g., log jams)
are common practices in the southern Appala-
chian region. Second, management of non-native
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trout species may counter some of detrimental
effects of extreme climate events. Brown Trout
(Salmo trutta) and Rainbow Trout (Oncorhynchus
mykiss) typically displace Brook Trout in lower-
elevation streams in the southeastern United
States, contributing to population fragmentation
of Brook Trout in headwaters (Larson and Moore
1985, Hudy et al. 2008). Removal of non-native
trout has been used to reintroduce and establish
Brook Trout populations (Moore et al. 1986,
Kanno et al. 2016a). Lastly, restoration of habitat
connectivity (e.g., culvert improvement) can
facilitate recolonization of fish into more severely
flow-affected reaches (Roghair et al. 2002) since
not all portions of the dendritic stream network
may suffer extreme climate events equally due to
spatial heterogeneity in stream size, geomorphol-
ogy, and extreme microclimates (McCluney et al.
2014). Questions remain regarding to what
extent corrective management actions such as
these can buffer Brook Trout populations from
extreme climate and hydrologic events.

CONCLUSIONS

Improved understanding of how freshwater
populations respond to extreme hydrologic events
can help inform strategies to reduce the negative
impacts of climate change. With a long-term data-
set, we explored the implications of changes in
seasonal extreme streamflow and temperature on
Brook Trout YOY abundance in SNP. Manage-
ment strategies, such as restoration of habitat and
connectivity, may serve to minimize the negative
effects of future climate change. Extensions of this
work to a broader range of streams and aquatic
species would inform the development of strate-
gies to manage freshwater ecosystems in the con-
text of future climate change.
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