
Successes, failures, and opportunities in the practical
application of drift-foraging models

Jordan S. Rosenfeld & Nicolaas Bouwes &

C. Eric Wall & Sean M. Naman

Received: 7 May 2013 /Accepted: 15 October 2013 /Published online: 13 November 2013
# Crown Copyright 2013

Abstract Accurately measuring productive capacity in
streams is challenging, and field methods have generally
focused on the limiting role of physical habitat attributes
(e.g. channel gradient, depth, velocity, substrate).
Because drift-foraging models uniquely integrate the
effects of both physical habitat (velocity and depth)
and prey abundance (invertebrate drift) on energy intake
for drift-feeding fishes, they provide a coherent and
transferable framework for modelling individual growth
that includes the effects of both physical habitat and
biological production. Despite this, drift-foraging
models have been slow to realize their potential in an
applied context. Practical applications have been
hampered by difficulties in predicting growth (rather
than habitat choice), and scaling predictions of
individual growth to reach scale habitat capacity, which

requires modelling the partitioning of resources among
individuals and depletion of drift through predation.
There has also been a general failure of stream
ecologists to adequately characterize spatial and
temporal variation in invertebrate drift within and
among streams, so that sources of variation in this key
component of drift-foraging models remain poorly
understood. Validation of predictions of habitat capacity
have been patchy or lacking, until recent studies
demonstrating strong relationships between drift flux,
modeled Net Energy Intake, and fish biomass. Further
advances in the practical application of drift-foraging
models will require i) a better understanding of the
factors that cause variation in drift, better approaches
for modelling drift, and more standardized methods for
characterizing it; ii) identification of simple diagnostic
metrics that correlate strongly with more precise but
time-consuming bioenergetic assessments of habitat
quality; and iii) a better understanding of how variation
in drift-foraging strategies are associated with other
suites of co-evolved traits that ecologically differentiate
taxa of drift-feeding salmonids.

Keywords Drift-foraging . Bioenergetics . Stream
habitat capacity . Habitat quality .Modelling growth

Introduction

Drift-foraging models were originally developed to
provide a mechanistic context for understanding habitat
selection by salmonids in dominance hierarchies
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(Fausch 1984; Hughes and Dill 1990). Although their
initial motivation was to provide a quantitative
framework for describing habitat choice by drift-
feeding fishes, their potential application for assessing
steam habitat quality was quickly recognized. Because
drift-foraging models estimate both gross energy intake
and energy expenditures (swimming costs) at locations
within a stream, they can generate point estimates of Net
Energy Intake (NEI, energy gain less energy
expenditures) to quantitatively rank habitats with
respect to growth rate potential (GRP), or alternatively
integrate spacing (territory size) rules to generate density
estimates (Hayes et al. 2007).

Objective assessment of stream quality has many
potential applications in both pure and applied ecology.
Accurately measuring and monitoring productive
capacity in streams is challenging, as is predicting the
relative quality of different habitat types or the
consequences of habitat change (e.g. alterations to
physical habitat structure or flow). Directly measuring
fish abundance is the most reliable approach [but see
van Horne (1983) and Garshelis (2000) for a more
cautionary view on density as an imperfect index of
habitat quality]. However, measuring density is costly
and time consuming, often imprecise, and may not
accurately reflect productive capacity if a stream is
under- rec ru i t ed wi th juven i l e s because of
overharvesting or poor marine survival of anadromous
adults, for instance. Even if abundance can be accurately
monitored, identifying limiting factors and prescribing
appropriate management and restoration strategies
requires a predictive framework. Consequently, models
to estimate stream habitat capacity based on easily
measured indicator variables have been widely
developed and applied in management. Habitat capacity
models generally focus on relating fish abundance to
physical habitat attributes (e.g. channel gradient, depth,
velocity, substrate), but rarely include indices of basal
biological productivity (conductivity, N, P, chlorophyll
a) or food resources. Because drift-foraging models
uniquely integrate the effects of both physical habitat
(velocity, depth) and prey abundance (invertebrate drift)
on energy intake for drift-feeding fishes, they provide a
coherent and transferable framework for modelling
habitat capacity in terms of individual growth rate
potential (Brandt et al. 1992). Drift-foragingmodels also
provide a mechanistic framework that lends itself to
testing other applied and basic processes in stream
ecology, ranging from evaluating the basic assumptions

of instream flow modelling (Rosenfeld and Ptolemy
2012), to estimating habitat quality and carrying
capacity in large scale fish habitat monitoring programs
(Bouwes et al. 2011), to the effects of habitat and drift
abundance on growth limitation and allometry (Hayes
et al. 2000; Rosenfeld and Taylor 2009) and evaluating
the assumptions of general habitat preference models in
ecology (Railsback et al. 2003, 2005). A better
understanding of how different drift-foraging strategies
match co-evolved suites of physiological, behavioural
and life-history traits may also inform the adaptive
tradeoffs that permit habitat partitioning among juvenile
sympatric salmonids (Van Leeuwen et al. 2011b;
Finstad et al. 2011; Careau and Garland 2012).

In this review we consider how drift-foraging models
have been applied to issues in stream ecology relevant to
fish and habitat management. Our specific objectives are
to i) first identify the key attributes of drift-foraging
models that most influence NEI, ii) provide a brief
retrospective on the various applications of drift-
foraging models to date, iii) to identify factors that have
limited their successful application, and iv) to provide a
prognosis for future applicat ions, with key
recommendations for addressing process and data gaps
that currently prevent drift-foraging models from
realizing their full potential.

Key attributes of drift-foraging models that
influence NEI

Drift-foraging models describe the mechanics whereby
fish in streams harvest invertebrate drift from the water
column. They are typically linked to both a stream habitat
and bioenergeticmodel. The stream physical habitat model
provides input data on the local velocity and depth field
around a fish, which influences delivery and detection of
invertebrate prey as well as swimming costs. The drift-
foraging model passes estimates of energy intake to the
bioenergetic model, which then calculates net energy
intake and/or growth. Although, strictly speaking, the
drift-foraging model is only one component of the overall
modelling process, in this paper “drift-foraging model”
will be treated as synonymous with the entire modelling
procedure that includes the linked habitat, foraging, and
bioenergetic modelling components.

The physical habitat model that serves as the template
for the drift-foragingmodel may be a dynamic hydraulic
model (e.g., River2D or PHABSIM; Hayes et al. 2007,
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and Rosenfeld and Ptolemy 2012, respectively) that
may be directly integrated with the drift-foraging model
(e.g., Hayes et al. 2007), or it may simply be a set of
static velocity and depth values collected at a particular
site (Rosenfeld and Boss 2001; Urabe et al. 2010;
Fig. 1). The drift-foraging model is usually a variant of
the original Hughes and Dill (1990) model (Nislow et al.
2000; Guensch et al. 2001; Jenkins and Keeley 2010;
Urabe et al. 2010). The bionenergetic component may
be whatever model is appropriate for estimating growth
of the target fish species [e.g. the Wisconsin
bioenergetic model or Elliott’s model for Brown trout
(Hayes et al. 2000)]. Temperature is a key variable in all
bioenergetic models, because it affects energy
expenditures (respiration, activity, and digestion costs)
and growth in non-linear ways (Hanson et al. 1997);
temperature is often held constant in simulations aimed
at understanding the effects of physical habitat on fish
growth, but is a key parameter for modelling climate
change scenarios (e.g., Jenkins and Keeley 2010) or
streams that differ in thermal regime.

The key foraging optimization process in drift-
foraging models is a tradeoff between increasing
velocities, which elevate the flux of prey past a fish,
and increased swimming costs and decreased prey
capture success at higher velocities (Grossman et al.
2002). Consequently, energy intake is optimized at an
intermediate velocity (Hill and Grossman 1993), or near
shear zones that provide low velocity focal points
adjacent to fast water with high drift flux (e.g. holding
locations behind boulders in a fast riffle; Fausch 1984).
The key biological functions of the drift-foraging model
that exert the most leverage on the costs and benefits of
increasing velocity (aside from parameters like reactive
distance which are correlated with fish size; Hughes and
Dill 1990) are the capture success and swimming cost
functions. Accurately calibrating these functions (or
failing to include them altogether) is likely a major
source of error that has complicated application of
drift-foraging models, as discussed later in this review.

Drift-foraging models can generate a range of output
data, depending on model complexity and assumptions
(Fig. 1). In their most simple application, drift-foraging
models that use static point measurements of velocity
and depth produce point estimates of NEI, and assume
that drift concentrations (number or biomass per m3) are
invariant. This static physical habitat input model limits
flexibility to explore the effects of different discharge or
habitat structure scenarios relative to physical habitat

models like River2D or PHABSIM that allow dynamic
modelling of changes in velocity and depth at different
flows. These simple applications also assume that
concentration of invertebrate drift is constant, i.e. that
there is no spatial variation in either drift recruitment
from the benthos or settling of drift in low velocity
patches, and that predation by fish does not reduce drift
abundance. These simplified applications produce
estimates of NEI that are effectively density-
independent, i.e. they produce point estimates of NEI
assuming that there are no other fish in the stream
consuming drift. Converting point estimates of NEI to
carrying capacity (i.e. fish density or biomass) is a
further modelling challenge, and requires an additional
suite of assumptions; the general issue here is how to
realistically allocate the available drift flux through a
stream cross section among individual fish. One of the
most detailed models to date (Hayes et al. 2007)
includes both a dynamic habitat model (River2D), and
a modelling component that explicitly models transport,
recruitment, and loss of invertebrate drift, and the
current version includes energy threshold or territory
size rules to locate fish and estimate habitat capacity.
Although the Hayes et al. (2007) model and the
InSTREAM individual-based model (Railsback et al.
2009) are the most elaborate available (Fig. 1), they both
have fundamental issues related to model structure and
parameterization that have complicated attempts to
generate realistic predictions in applied settings. Before
discussing these in detail, we first provide an overview
of the main applications of drift-foragingmodels to date.

Primary applications of drift-foraging models
to date

Drift-foraging models were first developed to
understand and predict habitat choice by drift-feeding
fishes in dominance hierarchies (Fausch 1984; Hughes
and Dill 1990; Hughes 1992; Hill and Grossman 1993).
Their focus was primarily to understand the mechanisms
that underlie habitat choice in streams, and to provide
empirical support for the hypothesis that habitat choice
(in the absence of severe predation risk) optimizes the
tradeoff between energy expenditures (swimming costs)
and energy intake (drift consumption). However, drift-
foraging models can in principle also provide an
objective assessment of relative habitat quality (i.e. in
terms of NEI or GRP); the only input variables that are
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required are measured (or inferred) drift concentration,
temperature, and velocity and depth at the potential or
observed focal point of a fish. Consequently, drift-
foraging models offer the potential of a flexible tool
for assessing habitat quality in streams.

Drift-foraging models have therefore been applied to
a range of environmental alterations that affect habitat
quality, including changes in physical habitat, flow,
temperature, drift abundance, and the presence of
velocity refuges. The most salient of these are reviewed
below.

Understanding the effects of temperature, flow,
and channel structure on habitat limitation

Nislow et al. (1999, 2000) used a drift-foraging model
that optimized consumption to evaluate the timing of
habitat limitation for juvenile Atlantic salmon (Salmo
salar) during their first summer of growth. Application
of this model supported a strong inference that the
availability of early-season (low-velocity) rearing
habitat was the bottleneck limiting juvenile abundance,
rather than the availability of habitat for larger juveniles
later in the summer. This inference concerning the
timing of habitat limitation would not have been
possible using observations of fish microhabitat use
alone, since the drift-foraging model was required to
demonstrate that more than 50 % of early season
juveniles occupied habitats with a negative growth
potential, compared to only 8 % for late-season fish
(Nislow et al. 2000). These conclusions were later
confirmed through application of natural cesium tracers
to more directly estimate juvenile salmon consumption
(Kennedy et al. 2008).

To understand the relative requirement of small vs.
large juvenile trout for different habitat types, Rosenfeld
and Boss (2001) used field enclosures to compare
growth rates of young-of-the-year (YOY) and older
juvenile cutthroat trout in pool vs. riffle habitat.
Observations of differences in growth between habitats

were complemented by application of a drift-foraging
model (based on Hughes and Dill 1990) to evaluate the
mechanisms underlying differences in habitat-specific
growth rates. The drift-foraging model demonstrated
that the allometry of energy intake and expenditures
prevented larger juveniles from achieving positive NEI
in riffles, even though riffles could support positive
growth of YOY, so that size-based differences in
energetics promoted habitat segregation; in effect, the
lower gross energy requirements of YOYallowed them
to exploit pocket-pools in riffle habitat that were
energetic sinks for larger trout. Predictions from the
drift-foraging model also showed that negative energy
intake was sufficient to prevent larger trout from
exploiting riffles at summer low flow without having
to invoke elevated predation risk in shallow riffle
habitat.

Rosenfeld and Taylor (2009) used the same drift-
foraging model to explore the consequences of
variation in both drift and pool abundance for
juvenile trout habitat capacity at the reach scale.
Their simulations indicated that growth and capacity
are jointly co-limited by physical habitat structure
and prey abundance, and partly support the
inference that increasing prey abundance or pool
habitat may have partially substitutable effects on
reach scale carrying capacity. While physical habitat
and prey abundance jointly limit carrying capacity,
their effects appear hierarchical and size-dependent.
Body size limitation of maximum swimming speed
represents the primary limitation on the extent of
useable habitat for YOY fish, and prey abundance
within the subset of suitable low-velocity habitats
then determines habitat capacity. However,
insufficient energy (prey intake) appears to be the
primary limitation on the extent of available habitat
for larger trout in small streams, rather than
swimming ability. In this case, the drift-foraging
model allows exploration of fish growth and
distribution in habitat-production scenarios that
would be difficult to control and replicate in nature.
Similarly, Railsback et al. (2013) examined multiple
restoration modelling scenarios using an individual-
based model incorporating drift-foraging to demonstrate
joint limitation of juvenile chinook production by prey
abundance and habitat factors. In a more general sense,
it is worth noting that fish growth can be considered
food limited whenever individuals are growing at a
lower rate than their physiological maximum, i.e.

Fig. 1 Drift-foraging models vary in complexity, which affects
their data requirements and suitability for different applications. To
facilitate matching models with applications, general drift-
foraging modelling approaches are listed in order of increasing
complexity, with corresponding data requirements, potential
applications, and selected references. Generally, models at the
bottom of the figure can perform applications of models above
them. V represents velocity, and d represents depth

R

Environ Biol Fish (2014) 97:551–574 555



whenever fish are below a satiation ration, which is
often the case in nature (McCarthy et al. 2009;
Rosenfeld and Taylor 2009; Armstrong and Schindler
2011). In addition to demonstrating co-limitation of
capacity by prey abundance and habitat, these studies
demonstrate the value of drift-foraging models for
evaluating trade-offs in nature or management. For
example, the relative benefits of enrichment (e.g.
carcasses of returning salmon or nutrient additions) vs.
changes in channel morphology (e.g. large wood
recruitment or engineered log jams) could, in principle,
be predicted.

Jenkins and Keeley (2010) used a modification of the
Hughes and Dill (1990) drift-foraging model to explore
the consequences of changing habitat, temperature, and
prey abundance for juvenile cutthroat trout, with the
goal of inferring potential impacts of climate warming
on habitat quality. In addition to showing that pool
habitat is energetically superior to riffles, their
modelling indicated that temperature increases had
differential impacts by size class. While elevated
temperatures benefited larger trout by extending the
growing season, the higher mass-specific metabolic rate
of smaller fish caused their projected NEI to remain
stable or decline without a concomitant increase in prey
abundance at higher temperatures. This application
highlights a key uncertainty with respect to climate
change impacts on stream salmonids: the degree to
which invertebrate production (and drift) covary with
temperature. Increasing metabolic costs at higher
temperatures must be balanced by increasing prey
availability for growth rates to be maintained
(Woodward et al. 2010), particularly at temperatures
around or above the optimum for fish growth.
Temperature-related changes in benthic and drift
production remain unclear (Benke et al. 1988), again
highl ight ing how fundamenta l gaps in our
understanding of the response of drift to environmental
change restricts practical applications of drift-foraging
models for management purposes.

Effects of turbidity on reactive distance and energy
intake

Drift-foraging models also clearly lend themselves to
assessing the impacts of turbidity on energy intake for
visual-feeding predators like salmonids (Guensch et al.
2001; Sweka and Hartman 2001; Rosenfeld and Taylor
2003; Harvey and Railsback 2009). While modelling

can provide a reasonable estimate of the short-term
effects of turbidity on energy intake when drift
concentrations are assumed constant, a significant
unknown is how prey concentration changes with short
or long-term elevation in turbidity, since elevated
turbidity is usually associated with changes in discharge
or sediment regime that will also affect drift (Sweka and
Hartman 2001). Harvey et al. (2009) used a drift-
foraging model combined with an individually-based
spatially explicit stream model (Railsback et al. 2009)
to assess the effects of increased turbidity on persistence
of a simulated trout population over a 15 year period.
Their model, which accounted for both the negative
effects of turbidity on prey intake rate and the positive
effects of turbidity on survival (by reducing
vulnerability to visual predators), consistently predicted
extinction of the trout population over a wide range of
parameter values (Harvey et al. 2009). Since trout
populations were observed to persist at moderate levels
of turbidity in their study streams, the authors highlight
the limitations of inferring long-term persistence from
their complex model, and the importance of better
understanding how prey (drift) availability changes with
turbidity and discharge. This example also emphasizes
that drift-foraging models are most likely to be
successful in simple applications–such as predicting
short term reductions in energy intake–rather than
longer-term projections where error may be propagated
over time.

Drift-foraging as a model system for testing ecological
and instream flow theory

Drift-foraging models have also been used as a
framework for testing whether individual-based
modelling can reproduce realistic patterns of animal
behavior and habitat selection in ecology (Railsback
and Harvey 2002; Railsback et al. 2005). Calibration
of a drift-foraging model to realistic growth and
mortality rates demonstrated that emergent animal
behaviors can be driven by simple rules based on
maximizing the probability of future maturity
(equivalent to minimizing the ratio of mortality:growth
(μ/g) over short time scales; Railsback and Harvey
2002). The same model was also used to demonstrate
that the habitats most frequently used do not necessarily
afford fish the greatest likelihood of growth, survival,
and future maturation (Railsback et al. 2003). While this
is not unexpected for territorial organisms like trout that
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do not necessarily follow an Ideal Free Distribution (i.e.
subordinates may be displaced to poor quality habitat at
high densities; Fretwell 1972; Hughes and Reynolds
1994; Kramer et al. 1997), the generally assumed
positive correlation between density and more objective
indices of habitat quality (e.g., growth, survival) is
rarely evaluated, even in simulations (Hughes and
Grand 2000; Rosenfeld 2003). An individual-based
drift-foraging framework that tracks individual habitat
use, growth, and survival over time provides an
opportunity to evaluate a key premise in wildlife
ecology–whether density is a reliable indicator of habitat
quality (van Horne 1983; Garshelis 2000)–that is very
difficult to perform in the field. This modelling indicated
that frequency-based metrics of habitat use (e.g.,
microhabitat-based habitat suitability curves) are not
necessarily reliable indices of habitat quality (Railsback
et al. 2003). Although the physical component of earlier
iterations of their individual-based model was arguably
less flexible than other drift-modelling approaches–it
characterized physical habitat as polygons with
relatively homogenous depth and velocity conditions–
the Railsback and Harvey model is the only one to have
explicitly incorporated the effects of habitat on mortality
risk, although there is no reason why this cannot be
implemented in other modelling approaches (e.g. Hayes
et al. 2007).

In addition to testing the fundamentals of habitat
selection, drift-foraging models can be used to examine
the assumptions behind more applied habitat models in
stream management. The Physical Habitat Simulation
Model (PHABSIM) and its variants is a widely used
instream flow model that predicts how the distribution of
velocities and depths in a stream channel change with
discharge; habitat suitability models (curves) that predict
how habitat quality varies with velocity and depth are then
used to predict how reach-scale habitat quality changes
with flow (Waddle 2001; Jowett et al. 2008). Habitat
availability in these applications is usually indexed in terms
of weighted useable area (WUA), which is the product of
habitat area and habitat suitability scores. One shortcoming
of these models is that, although they consider how
available habitat changeswith flow, they neglect the effects
of flow on production and delivery of prey to available
habitat (Hayes et al. 2007). Rosenfeld and Ptolemy (2012)
applied a drift-foraging model to evaluate whether habitat
availability (WUA) and the flux of energy (drift) to
available habitat have different flow sensitivities.
Application of the drift-foraging model demonstrated that

the flux of available energy to juvenile coho
(Oncorhynchus kisutch) declined much more rapidly than
habitat availability at very low flows, indicating that
commonly applied instream flow modelling approaches
tend to systematically underestimate the negative impacts
of water withdrawals for pool-rearing salmonids in small
streams (Rosenfeld and Ptolemy 2012). Due to uncertainty
in how drift changes with discharge, model simulations by
Rosenfeld and Ptolemy (2012) made the simplifying
assumption that drift concentrations are flow invariant.
Although this approach serves as a starting point for
modelling flow effects on energy flux, this assumption is
somewhat unrealistic, because drift has been observed to
both increase or decrease as flows decline (Poff and Ward
1991; Dewson et al. 2007); once again this highlights the
importance of better understanding the drivers of drift
abundance, in particular drift responses to short- and
long-term variation in discharge. It also highlights the
naivety of common instream modelling applications (e.g.
PHABSIM) that typically neglect flow effects on basal
resources (Rosenfeld and Ptolemy 2012), and the potential
of drift-foragingmodels as a process-driven framework for
refining instream flow predictions (Anderson et al. 2006).

Estimating NEI in an applied monitoring context

Recent applications of drift-foraging models that
directly relate indices of habitat quality (NEI or drift)
to fish abundance or density have also been relatively
successful. Although a number of earlier applications
demonstrated that NEI could predict habitat choice
(Hughes and Dill 1990; Guensch et al. 2001), very few
studies have shown that predictions of abundance based
on NEI are broadly transferable across multiple habitat
units or streams. Working in New Zealand, Hansen and
Closs (2007, 2009) demonstrated that growth of
dominant kokapu (a galaxiid drift feeder) is accurately
predicted by drift availability at the scale of the
individual channel unit (pool habitat). Urabe et al.
(2010) showed that trout community biomass in 20
reaches of 4 Hokkaido streams was positively correlated
with estimated NEI (R2=0.77), but not with more
traditional metrics of physical habitat quality such as
pool area or volume. Drift biomass alone was a
significant predictor of trout biomass (R2=0.46) in the
Hokkaido streams, but the stronger relationship with
NEI indicates that biomass is limited by both prey
abundance and habitat effects on swimming costs and
prey capture. These NEI models therefore not only
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provide strong evidence that biologists can measure
stream attributes that are meaningful to fish, but also
that NEI metrics have the potential to improve the
estimation of fish abundance, which is often the goal
of fish habitat monitoring programs.

Urabe et al. (2010) used the simplest approach for
modelling the distribution of NEI values throughout a
reach (Fig. 1), as did many earlier applications (e.g.
Rosenfeld and Boss 2001). This typically involved
measuring drift and temperature at a single
representative point, and depth and velocity at multiple
locations (often along cross-sections). The drift-
foraging model was then independently applied at each
location to produce a distribution of NEI values
assuming a fixed drift concentration. While this
provides the distribution of NEI in a reach at the time
of sampling, it remains an inherently static approach that
does not lend itself to easily modelling alternative
scenarios related to changes in discharge, channel
morphology, and drift abundance.

In a more comprehensive application, Hayes et al.
(2007) developed a series of linked submodels to not only
capture a dynamic spatially explicit distribution of NEI
values within a reach, but also to estimate carrying
capacity. Hayes et al. (2007) link a 2D hydraulic model
(River2D) and a stream tubes model which divides
discharge in a channel vertically and horizontally into
longitudinally stacked “tubes” that carry equal flow; the
purpose of the stream tubes was to provide a platform for
modelling drift transport, since the tubes allow lateral and
longitudinal diffusion of drift between adjacent tubes, and
a drift dispersion model uses settling, entry, and diffusion
rates to distribute drift throughout the reach via the parallel
stream tubes. A drift-foragingmodel developed byHughes
and Dill (1990) is used to describe drift consumption,
which, along with activity, is then converted to NEI via
the bioenergetics submodel. The spatial distribution of NEI
values and other summary metrics are provided as model
output. In addition, carrying capacity can be estimated,
based on the distribution of available positions predicted
to generate a NEI in excess of maintenance requirements
(or any other user-defined NEI threshold) for the modeled
fish size as defined by the user, and/or rules of thumb for
habitat packing. This involves placing a fish in the first
cross section that provides a foraging location above the
defined NEI threshold; and serially locating the next fish
and cross-section at the first downstream location that also
generates at least a maintenance NEI (after accounting for
consumption by fish in the upstream section), and so on

through the remainder of the reach. The suggested rule of
thumb for spacing of cross-sections is approximately the
territory size of the fish. Data inputs for the model include
channel topography in the form of a digital elevation
model (DEM), surface roughness based on dominate
substrate type, discharge, drift identified by size and taxa,
and temperature (Hayes et al. 2007). In principle, this
integrated approach allows for evaluation of any suite of
changes to the modeled reach attributes, such as the flow
alteration scenarios often simulated in PHABSIM.
However, the site modeled by Hayes et al. (2007) was
limited to a large pool in a New Zealand river, and while
the model performed reasonably well at predicting
capacity for adult brown trout in this single pool, it did a
poor job of predicting microhabitat selection. Although a
comprehensive approach, this model has not been well
tested in many locations, over longer reaches and more
diverse sites, or across multiples streams.

The Columbia Habitat Monitoring Program
(CHaMP), initiated in 2011, was in part designed to
describe the quantity and quality of fish habitat in the
assessment of recovery efforts for salmon and steelhead
listed under the Endangered Species Act (Bouwes et al.
2011). Based on the success of both the Urabe et al.
(2010) and Hayes et al. (2007) studies, CHaMP
purposefully collects information required to implement
the Hayes et al. model at each reach surveyed for
assessment of habitat quality and capacity (a total of
626 sites in 2011 and 2012; Bouwes et al. 2011).
Approximately 60 % of sites are also surveyed for
juvenile salmon and steelhead abundance as part of the
monitoring program (CHaMP 2013), providing a basis
for model validation. Wall (2013) applied the Hayes
et al. (2007) model to 22 sites where fish and habitat
data were collected. Although there was no relationship
between average site NEI and fish biomass as observed
by Urabe et al. (2010), there was a linear correlation
between observed fish density and density predicted
with the Hayes et al. (2007) model (r2=0.55, p<
0.0001). However, the model systematically over-
predicted carrying capacity (fish density), suggesting
problems with the rules for converting NEI to
abundance, or alternatively under-recruitment of
juveniles for these endangered salmonid stocks.
Although perhaps the largest application of the Hayes
et al. (2007) modelling approach to date, both in terms
of the extent (each reach was 20 bankfull widths in
length) and number of reaches, the modelling process
is currently too labour-intensive to apply to all CHaMP
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reaches, and broader application will require either
model simplification or greater automation.

Factors limiting the successful application
of drift-foraging models

Key sources of error in drift-foraging models

Inadequacies in the structure or parameterization of drift-
foraging models generate errors in prediction that
undermine their utility, creating a major barrier to their
acceptance and widespread use. The key model functions
that exert the most influence on NEI predictions are the
swimming cost function and the capture success function
that describes how prey capture probability changes with
velocity (Hill and Grossman 1993; Grossman et al. 2002;
Piccolo et al. 2008; Rosenfeld and Taylor 2009). For
example, Hughes et al. (2003) concluded that the original
assumption in Hughes and Dill (1990) that all prey are
consumed within the reactive field of a fish (i.e. 100 %
capture success) generates a two-fold overestimate of
gross energy intake.

Although a reduction in reactive distance to preywith
increased velocity was incorporated into most of the
earliest drift-foraging models (e.g. Hughes and Dill
1990), many earlier models assumed that all prey within
the reactive radius were captured; however, capture
probability can be well below 100 % within the reactive
radius if fish fail to detect or intercept prey at higher
velocities (Hill and Grossman 1993; Grossman et al.
2002). Consequently, models without a capture success
function considerably overestimate energy intake (e.g.
Hughes et al. 2003). Most recent models therefore
reduce capture success as a function of increasing
velocity (Hill and Grossman 1993; Van Winkle et al.
1998; Nislow et al. 1999; Grossman et al. 2002; Piccolo
et al. 2008) as well as fish size (smaller fish are less
successful) or distance of prey from the focal point
(items farther away are less likely to be captured; Hill
and Grossman 1993; Fig. 2). Temperature has also
recently been shown to affect capture success (Watz
and Piccolo 2011). Functions that decrease capture
success at higher velocities are therefore essential for
drift-foraging models to generate reasonable estimates
of NEI and habitat quality. Note, however, that drift-
foraging models lacking a capture success function will
still generally rank habitat quality in the correct order,
but the actual NEI value will be exaggerated, potentially

generating a positive bias in predicted growth rates and
habitat occupancy.

The other key element that determines optimal
habitat is how quickly swimming costs increase with
velocity. Because swimming cost functions are
generally based on oxygen consumption of fish
swimming in respirometers with laminar flow (Boisclair
2001), they tend to underestimate the true costs of
swimming in a more turbulent stream environment
where directional changes and acceleration greatly
increase energy expenditures (Boisclair and Tang
1993; Hughes and Kelly 1996; Enders et al. 2003).
Swimming cost functions based on standard
respirometry therefore also generally exaggerate NEI,
particularly at higher velocities. However, few studies

Fig. 2 Capture success (probability, from 0 to 1, or 100 %
successful) as a function of lateral distance of prey from the focal
point of the fish, and velocity (open circles −0 cm·s−1; diamonds
−15 cm·s−1; open squares −25 cm·s−1; filled circles −60 cm·s−1),
for 3, 5 and 15 cm fork length trout. Note that capture success
consistently increases with fish size and decreases with increasing
velocity and lateral distance from the focal point of the fish (see
Table 1)
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have quantified the degree to which measured
respiration under laminar flows underestimate more
realistic swimming costs in turbulent flows. An
exception was the study by Enders et al. (2003) who
superimposed random velocity variation on juvenile
Atlantic salmon in swim tunnels at two average
velocities (18 and 23 cm·s−1) and two levels of
turbulence (34 and 44 % variation in average velocity).
Although their data is limited, the relative increase in
swimming costs under turbulence can be modeled as an
exponential function of swimming speed (in terms of
body-lengths per second) and turbulence (assumed to be
a fixed fraction of velocity in the range of 34–44 % of
the mean based on their treatments). Expressed as a
turbulence scalar coefficient (with a value of 1 at zero
velocity; Fig. 3, Table 1), this function can then be used
to adjust predicted swimming costs estimated with
laminar flow models to account for the extra energy
expenditures associated with turbulence (Rosenfeld
and Taylor 2009). This very coarse adjustment is likely
a reasonable approximation for juvenile salmonids in
the size range used by Enders et al. (2003), e.g. ~10 cm,
but is sensitive to assumptions about the availability of
hydraulic refuges (e.g. boulders), and the ability of fish
to exploit low turbulence microhabitats to reduce
swimming costs (Fig. 3). For example, Railsback and
Harvey (2002) modeled the energetic consequences of
hydraulic shelters by assuming that fish in model cells

with shelter would swim at 30 % of the cells’ average
velocity. More studies like Enders et al. (2003) are
needed to validate swimming cost estimates under
realistic conditions; alternative approaches for
modelling swimming costs should also be explored.
Since the trajectory of a fish holding at a fixed position
in turbulent flow is roughly equivalent to a fish
swimming on a sinusoidal trajectory in laminar flow, a
more elegant solution could involve the modelling
approach of Hughes and Kelly (1996) to estimate
swimming costs of variable acceleration on a sinusoidal
trajectory.

Capture success tends to decrease and swimming costs
(adjusted with a turbulence scalar coefficient) tend to
increase over fairly similar velocity ranges (Figs. 2 and
3), suggesting that the hydraulic conditions that increase
swimming costs (e.g., excessive velocity and associated
turbulence) also tend to degrade the precision of prey
interception. Absence of either function tends to generate
biases in the same direction (i.e. over-estimating NEI,
particularly at high velocities); thus capture success and
swimming costs functions that account for turbulence are
key model components whose refinement (and
validation) are especially important to the ongoing
development of drift-foraging models. Failure to
include these features in drift-foraging models
has likely confounded attempts to generate
realistic predictions in applied settings.

Table 1 Capture success and turbulence scalar functions illustrated in Figs. 2 and 3

Parameter Range of
values

Fish
size

Equationa Reference

Capture
success

0–1 2.5 cm
6.8–
15 cm

CS = (−3.24·V/100) + 0.83 Nislow et al. (1999)

CS ¼ eu

1þeuð Þ , where u=1.28−0.0588 · V+0.383 · FL

−0.0918·(d/RD)–0.210 · V · (d/RD)

Rosenfeld and Taylor (2009), estimated
from graphical data in Hill and
Grossman (1993)

Turbulence
scalar

1-∞ 2.5–
15 cm

TS ¼ 10 0:45⋅ V=FLð Þð Þ−0:745ð Þþ0:82

TS ¼ 10 0:050⋅ V=FLð Þ2ð Þ−0:0069
Rosenfeld and Taylor (2009),
(estimated from graphical data in
Enders et al. (2003))

Capture success of fish in Fig. 2 with lengths between 2.5 cm and 6.8 cm were linearly weighted between estimated values from the Nislow
et al. (1999) and Rosenfeld and Taylor (2009) capture success functions. The Rosenfeld and Taylor (2009) logistic regression function was
used for fish between 6.8 and 15 cm; note that these functions should be applied with caution to fish larger than those used in the original
studies, since the allometry of capture success is poorly understood. The first turbulence scalar function represents the increase in swimming
costs (relative to swimming in laminar flows) for 10.4 cm (FL) Atlantic salmon experiencing the moderate turbulence treatment (±5 cm·s-1 )
reported in Enders et al. (2003); the second turbulence scalar function assumes that fish can exploit microhabitats with lower than average
turbulence (see Fig. 3)
a V is velocity at the focal point of the fish (cm·s-1 ), or in the area that the fish transverses as it captures prey; FL is the fork length of the fish
(cm); d is the lateral distance of the prey from the focal point (cm); RD is the reactive distance of the fish to the prey item (cm)
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Challenges with data collection, model
parameterization, and model validation

For drift-foraging applications linked to hydraulic
models (e.g. Hayes et al. 2007; Railsback et al. 2009;
Wall 2013), the ability to accurately and precisely
describe stream topography is paramount for reliable
predictions. Kondolf et al. (2000) cautioned that data
collection techniques to describe channel morphology
are often insufficient to develop accurate hydraulic
models for applications like PHABSIM. Improvements

in methods for collecting channel topography data and
creating high resolution DEMs (Heritage et al. 2009;
Bouwes et al. 2011; Milan et al. 2011; Marcus 2012)
has facilitated more detailed and accurate hydraulic
modelling using a variety of freely-available 2D and 3D
hydraulic modelling packages. Recent drift-foraging
studies employing these hydraulic models (e.g. Hayes
et al. 2007; Wall 2013) have demonstrated reasonable
reproduction of observed depth and velocity. Although
advanced software and survey techniques indicate a
continual improvement in our ability to model depths

Fig. 3 (a) Relative increase in swimming cost (turbulence scalar)
under turbulent flow relative to laminar swimming cost models
plotted as a function of velocity, using data from Enders et al.
(2003) for variation in velocity equal to 34 % of the mean
(Table 1). The dotted line is a power function fit to the data (the
filled circles) from Enders et al. (2003) where fish in the swim
tunnel were exposed to full turbulence. The line of crosses is a
power function that rises less steeply and represents a scenario
where fish could exploit microhabitats with reduced turbulence.

(b) Predicted increase in relative swimming costs under turbulent
flow for 3 cm (short dashed line), 5 cm (long dashed line), and
15 cm trout (solid line). Crosses represent predicted increases in
swimming costs under turbulent flow using the lower curve in
panel (a), corresponding to the second turbulence scalar function
in Table 1. The two filled circles represent the average relative
increase in swimming costs for 10.4 cm FL Atlantic salmon from
Enders et al. (2003) as in panel (a)
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and velocities, stream-space discretization using the
streamtubes model (Hayes et al. 2007) remains extremely
time consuming, to the extent that it is a significant
limiting step in applying the Hayes et al. (2007) NEI
modelling approach to multiple sites (Wall 2013).

Perhaps the largest uncertainty in drift-foraging
models remains the distribution, dispersal, and
production of drift within the modeled site. The majority
of published manuscripts that estimate NEI assume
spatially uniform drift concentrations (Hughes et al.
2003; Railsback et al. 2009; Jenkins and Keeley 2010;
Urabe et al. 2010; Rosenfeld and Ptolemy 2012), with the
notable exception of Hayes et al. (2007). Building onwork
pioneered by Ciborowski (1983a, b, 1987), their approach
uses upstream drift measurements, site-level invertebrate
entry and settling rates, and a drift dispersion model to
explicitly predict how drift disperses downstream and
laterally from the site’s upper limit. While Hayes et al.
(2007) demonstrated success with this drift dispersion
model in a single New Zealand pool (provided they
somewhat unrealistically set drift entry rates to zero), Wall
(2013) experienced mixed results in longer study reaches
with more complex flow patterns. Wall (2013) also tested
an alternative drift dispersion model in two test reaches;
although this model preserved the spatial pattern of riffles
as drifting invertebrate sources and pools as invertebrate
sinks, observed and predicted drift concentrations were not
well correlated at either site. In the end, Wall (2013)
reverted to modelling NEI assuming uniform drift
concentration.

These successes and failures highlight the limitations
of current drift abundance and dynamics models. While
the mechanisms of invertebrate entry into the water
column have been explored under a number of
circumstances [e.g., food availability for invertebrates,
predation pressure, invertebrate density, changes in flow
or temperature (Brittain and Eikeland 1988)], studies
tend to focus on a limited number of taxa (e.g.,
Ciborowski 1987) and their relevance to community-
wide entry or settling rates is uncertain at best. While
both entry and settling rates are key components of the
Hayes et al. (2007) drift model, direct estimates of entry
and settling rates are rare or non-existent, due in part to
the particular logistic challenges in measuring drift entry
rates (Karen Shearer, pers. comm.). In the Hayes et al.
(2007) and other drift transport models (e.g., Anderson
et al. 2013) settling velocities of drift are parameterized
from the literature, and entry rates are adjusted to

calibrate themodel (i.e., to achieve empirically observed
drift abundances). In addition, entry rates typically
assume steady-state conditions, and while catastrophic
flow effects on drift are well documented, the effects of
sub-catastrophic changes in flow on entry rates are
insufficiently well understood to include in these
models. Similarly, although drift models may allow
depletion of drift through consumption, the potential
effects of fish predation on drift production (entry rates)
also remain poorly understood. Developing improved
predictive modelling of drift will require a better empirical
understanding of how drift population dynamics (i.e. taxa-
specific or community-wide entry and settling rates)
quantitatively relate to habitat, or perhaps entertaining
the potential for alternative (e.g., empirical) approaches
to modelling drift. More recently, an approach linking
hydraulic and particle tracking models has been
developed (Anderson et al. 2013) and generated the non-
intuitive prediction that drift concentrations should be
higher in pools than in riffles (because of elevated settling
rates in low velocity habitats); however, this model
remains to be tested against field data.

A key and ongoing need in the development of drift-
foraging models remains the validation of model
predictions, particularly in novel locations (habitats or
streams) other than those where the model was
developed or calibrated. At present, energy devoted to
modelling generally exceeds the energy devoted to
testing models in novel contexts. This is understandable
but unfortunate, since the general application of drift-
foraging models for estimating capacity requires
rigorous assessment of their predictions in novel
settings. However, validation of inherently noisy
metrics such as invertebrate drift and fish abundance
may be both time-consuming and challenging, and
uncertainty in drift abundance estimates as a model
input is likely a major source of error in predictions of
NEI and growth. Fish abundance and location data can
also be difficult and time consuming to collect, often
resulting in abundance estimates with large confidence
intervals (Rosenberger and Dunham 2005). Similarly,
obtaining growth rates to compare with model
predictions is equally challenging. Thus model
validation is not only inherently time consuming, but
inherent variability in empirical measurements (i.e. large
confidence intervals on observed growth or abundance)
may limit power to reject model predictions even when
the model is grossly inaccurate.
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Future prognosis for application of drift-foraging
models: opportunities and data needs

Developing and refining practical (rapid assessment)
indices of habitat quality

Although recent studies have shown encouraging
progress in the use of drift-foraging models to index
stream habitat quality (e.g. Urabe et al. 2010),
applications remain somewhat limited by the detail of
data that must be collected (i.e. velocity and depth at
relatively fine intervals, and reliable drift measurements).
While this is not an obstacle to research, it tends to be a
disincentive for management applications (less so now
with the widespread use of acoustic Doppler
velocimetry). Developing simplified sampling or analytic
protocols that still allow the predictive benefits of drift-
foraging models (e.g., accounting for the effects of
physical habitat and prey abundance on habitat capacity)
remains an ongoing challenge. Three potential avenues
for simplifying applications of NEI to predicting habitat
capacity are: 1) rather than collecting extensive velocity
and depth data at the microhabitat scale, develop NEI
indices using velocity and depth averaged over larger
spatial scales (at the scale of the channel unit, polygon
(e.g., Railsback et al. 2009) or reach, for example); 2)
develop empirical correlations between fish consumption
estimated from bioenergetic models andmeasures of drift
abundance or habitat structure (e.g., mean depth, percent
pool, etc.; Weber 2009); and 3) develop less labour-
intensive approaches for sampling drift.

The original drift-foragingmodels required velocity and
depth data collected at a fine spatial scale (e.g., on a 20 cm
grid; Hughes and Dill 1990), although somewhat coarser
scale data has been more recently used (e.g., ~1–2 m grid;
Urabe et al. 2010). Collecting velocity and depth data with
less labour-intensive approaches (e.g., Acoustic Doppler
current profilers) would mitigate the drawbacks of a fine
scale approach to some extent. However, there is no reason
why estimates of habitat quality (mean and variance) at
larger channel unit or reach scales could not be calibrated
against fine-scalemetrics ofmicrohabitat quality. Although
this may involve some loss of precision, it would greatly
reduce the data needs for predicting NEI in an applied
context, and would remove the need for hydraulic
modelling if NEI estimates associated with different
channel unit types (e.g., pool or riffles) or velocity-depth
combinations were calibrated to different flows.

While mechanistic drift-foraging models like Hayes
et al. (2007) are promising, their complexity can propagate
errors and improving their predictive ability will require
ongoing research (e.g., to parameterize drift entry rates). In
addition, considerable preparation and computational time
is required to implement this model even for a single reach,
and effort for calibration/validation across multiple reaches
is prohibitive. Developing the River2D model is
particularly time consuming, largely because of issues in
the construction of the computational mesh, which could
perhaps be simplified through automation using rectilinear
(i.e. raster-based) meshes. It may also be possible to
automate direct extraction of model boundary conditions
(i.e. flow and topography) and parameters (e.g., roughness)
from survey data, which would greatly decrease
computational overhead. Currently,CHaMPhas developed
methods to automate the simulation of 2D/3D hydraulic
models (using Delft 3D) from field data and push these
results into theCHaMPgeodatabase facilitating calibration,
validation, and synthesis of the Hayes et al. (2007) NEI
approach to describe fish habitat (CHaMP 2013).

Although automationmay streamline implementation,
correlative or regression approaches that relate habitat
quality to drift may provide a simpler alternative to
complex mechanistic modeling for management
applications where detailed assessments are not
warranted. Multivariate regression approaches may be
suitable for simple predictive models, while structural
equation models (SEMs, or path analysis) would allow
testing of multivariate hypotheses using direct and
indirect relationships between observed and unobserved
variables (Grace et al. 2010). By identifying the physical
attributes of streams that are likely correlated with high
habitat capacity and NEI (e.g., the presence of pools, or
the abundance of shear zones/cover in complex
channels), there is the potential to extract simple metrics
from hydraulic or DEM survey data that can be used in
predictive models of habitat capacity, or to test
hypotheses of causality with respect to habitat quality.
For example, candidate hydraulic attributes that may be
diagnostic of high quality habitat could include features
like shear zones (velocity gradients) that drift-foraging
models commonly identify as profitable foraging areas
for salmonids. Habitat features with these hydraulic shear
attributes (e.g., width constrictions, divergences, meander
bends, and local changes in bed elevation such as the
heads of pools) could then be identified from spatial
patterns of topographic features in DEM-based surveys
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without implementing a hydraulic model. An estimate of
the area or number of shear zones could then be used in
conjunction with other NEI related variables (e.g., drift
and temperature) in a SEMwhere the parameter estimates
of the mechanistic NEI structure are derived empirically
(Fig. 4). Currently, CHaMP is using SEM to relate
temperature, drift, and topographic information to fish
abundance following an NEI model structure (CHaMP
2013).

Another simplified approach that also dispenses with
drift or NEI modelling is to use total observed drift
abundance to directly estimate fish growth using a
bioenergetic-regression approach (Weber 2009). Weber
(2009) used mark-recapture to estimate steelhead (O.
mykiss) summer growth at 10 sites in 4 streams in the
John Day River, Oregon, and simultaneously measured
total drift biomass throughout the summer. Prey
consumption required to achieve the observed growth
rates at each site were estimated using the Wisconsin
bioenergetics model (Hanson et al. 1997), accounting
for site-specific differences in thermal regime.
Consumption at each site was expressed in terms of
the proportion of satiation ration [the consumption
parameter (p), ranging from 0 to 1], and the average p-
value across sites was significantly related to total drift
biomass following a type II feeding response (R2=0.69;
Weber 2009). Cross validation (jackknifing) of
predicted growth within sites suggested that model
predictions were robust (R2=0.71 for a regression of
predicted on observed growth; Weber 2009). The model
also performed well when predicting growth at 3 of the
same sites 4 years later (R2=0.95) and at 5 independent

sites in another drainage (R2=0.85; Bouwes and Weber
2012). However, growth was overpredicted at the
independent sites; these sites were much higher
gradient, suggesting overprediction from failing to
account for higher swimming costs. This further
suggests that including site-average velocity as a
surrogate of swimming costs could improve predictions
using this bionergetic-regression approach, creating a
simpler empirical NEI model than the integrated drift-
modelling approach. This also highlights how a simple
bioenergetic approach, while appealing, confounds
swimming costs and the consumption parameter (p),
since either low prey availability or high activity costs
can reduce growth and therefore estimated p; inclusion
of both invertebrate drift and a physical attribute (e.g.
mean velocity) as independent predictors of p could
mitigate this problem.

The labour-intensive aspect of collecting and
processing drift may also be a significant disincentive
to use of drift-foraging models in a management
context. Although drift is generally cleaner and easier
to sort than benthic samples, laboratory analysis of
drift remains time consuming. The number of animals
collected is also sensitive to mesh size; using a coarser
drift net (e.g., 0.5–1 mm) tends to underestimate
available prey, because smaller juvenile salmonids
consume relatively small invertebrates (e.g.,
chironomid larvae). Consequently, a mesh size of
~250 μm is typically recommended (e.g., Leung
et al. 2009; see Appendix 1 this paper). However, a
f iner mesh great ly increases the number of
invertebrates collected and therefore sample
processing time and tends to clog more quickly,
resulting in a poorer estimate of volume of water
sampled and therefore drift abundance. CHaMP uses
a 500 μm mesh to balance efficient capture of
commonly consumed invertebrate size classes and
clogging issues (Bouwes et al. 2011). Research to
de te rmine the s i ze -d i s t r ibu t ion of dr i f t ing
invertebrates, and the degree to which size
distributions are conserved across streams (e.g.
Bourassa and Morin 1995), would be useful for
standardizing drift collected with different mesh sizes
in different studies, and for assessing whether the
abundance of larger size classes can be used to reliably
predict the abundance of smaller ones (e.g. Morin
et al. 2004). The development of novel approaches
for measuring drift, such as underwater videography
against contrasting backgrounds or calibrating

Substrate

Fish 
Biomass

Temperature

Drift 
(g/m3or cal/m3)

Profitable Foraging 
Velocities

Gradient

Shear zones

Fig. 4 Potential structural equationmodel approach to empirically
estimate the relationship between observed variables (rectangles),
unobserved or latent variables (circles), and fish abundance
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salmonid stomach contents to drift concentrations (i.e.
using fish to sample drift) may also streamline
applications (Carl Walters, Institute For Advanced
Research on Tobacco, University of British Columbia,
pers. comm.).

Modelling the distribution of energy among individuals
(predicting density-dependent effects)

A key element in modelling habitat capacity is to predict
the distribution of available energy (drift) among
individuals. While it is relatively easy to model energy
intake for individual fish, interference competition
associated with territoriality or dominance (Fausch
1984; Nakano 1995; Van Leeuwen et al. 2011a) causes
upstream individuals to deplete available prey for
downstream conspecifics, resulting in a skewed
distribution of prey intake and growth. This contrasts
with pelagic species, where scramble or exploitative
competition (i.e. inability of individuals to monopolize
resources) should–in principle–result in a more
equitable distribution of prey (Weir and Grant 2004;
Ward et al. 2007). In reality both interference and
exploitative competition likely co-occur to varying
degrees that remain controversial (Ward et al. 2007;
Imre et al. 2010); general upstream drift consumption
results in decreased suspended prey for downstream
conspecifics (“global” drift depletion; Rosenfeld and
Raeburn 2009) while interference competition causes
dominant fish to directly exclude subordinates from
the microhabitats that maximize drift consumption
(Nislow et al. 2011). Drift-foraging models (e.g.,
Railsback and Harvey 2002; Hayes et al. 2007)
generally deal with prey consumption first by modelling
drift depletion and lateral drift diffusion downstream of
serially located fish in spatially explicit models; and
second, if estimating fish density, by using fish
placement rules (based on user-defined NEI thresholds
and territorial spacing) to add fish to the modeled habitat
(e.g., see the most recent iteration of the Hayes et al.
2007 model). These mechanistic approaches, while
insightful, are data-intensive and necessarily sensitive
to assumptions underlying space-filling rules; more
simplified empirical approaches may be possible. For
instance, a limited availability of higher-quality drift-
foragingmicrohabitats will lead to a skewed distribution
of NEI (density-independent habitat quality), which can
be modeled using space-filling rules that fill the best
habitats first (e.g., Ward et al. 2007). However, if the

shape parameters of the probability distribution of
resources among individuals (or NEI) can be related to
more easily measured features of the environment (e.g.,
fish density or physical habitat attributes), it might
provide an empirical approach for allocating available
drift among individuals at larger spatial scales.

While we know that the distribution of size and
energy intake in juvenile stream-rearing salmonids tends
to be skewed towards smaller size classes (i.e. there are
generally a low number of dominant fish who
monopolize the best territories and resources, leading
to a larger number of smaller fish), it is not clear how
territoriality interacts with physical habitat structure to
determine how the available flux of invertebrate drift is
partitioned among individuals at a local scale (Ward
et al. 2007). This remains both an important ecological
question, since differences in the distribution of
resources will influence size-specific survival and
therefore capacity, as well as a modelling problem as
noted above. It is relatively easy to model the available
flux of invertebrate prey through a cross-section (e.g.,
Rosenfeld and Ptolemy 2012), but allocating that flux to
individuals in a realistic fashion remains challenging if a
mechanistic or individual-based modelling approach is
used. Although placement of fish within a size-class is
now automated in the most recent iteration of the Hayes
et al. (2007) model, estimating capacity for mixed size
classes remains somewhat labour-intensive. The only
other advanced drift-foraging application (InSTREAM,
an individual-based model), avoids rules based on
territory spacing and allocates drift based on size-
based dominance hierarchies for fish sharing modeled
cells (Railsback et al. 2009). Modelling or empirical
studies to better understand how the probability
distribution of energy intake, growth, or habitat quality
is related to density (e.g., Imre et al. 2005; Ward et al.
2007) or habitat attributes (Lobón-Cerviá 2008) would
be useful in establishing whether simple empirical
approaches can adequately describe the division of
available energy flux among individuals.

Modelling frequency distributions of available habitat
quality

Growth of juvenile salmonids in streams is often
strongly density-dependent, showing a characteristic
negative exponential decline where average growth
decreases most rapidly at very low densities (Jenkins
et al. 1999; Imre et al. 2005). Imre et al. (2005, 2010)
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attributed this negative exponential pattern of density-
dependence to exploitative competition (reduction of
drift through consumption) being most pronounced at
low densities. However, Ward et al. (2007) pointed out
that a skewed distribution of habitat quality (i.e. a
limited number of good microhabitats providing high
NEI irrespective of fish density) would generate the
same pattern without having to invoke more intense
exploitative completion at low densities (assuming that
sequentially poorer habitats are occupied with increasing
density). Distinguishing between these two hypotheses is
difficult, since both make the prediction of a negative
exponential decline in growth with increasing density.

The point at issue is the extent to which the
distribution of microhabitat quality (and therefore
growth opportunities for fish) is affected by density-
independent factors like the availability of optimal
foraging windows (a function of physical habitat) vs.
the effects of fish density on prey abundance [the Imre
et al. (2005) drift exploitation hypothesis]. Drift-
foraging models provide a useful framework for
characterizing the distribution of habitat quality in
streams, and how it may be affected by habitat structure.
Figure 5 illustrates the low-flow frequency distribution
of NEI for 5 cm fork length cutthroat trout in 5 pools and
5 riffles in Husdon Creek, British Columbia (Rosenfeld
and Boss 2001; Rosenfeld et al. 2011) assuming
constant drift abundance (i.e. no exploitative
competition, so that NEI represents intrinsic (density-
independent) habitat quality; Kramer et al. 1997). Both
distributions are positively skewed. This supports the
inference that the distribution of microhabitat quality is
naturally skewed towards a lower frequency of high
quality habitats in a typical stream channel independent
of competition (Ward et al. 2007), which is therefore a
sufficient explanation for the frequently observed
negative exponential pattern of density-dependent
growth. However, it does not discount the possibility
that differential depletion of drift at low fish densities
contributes to the negative exponential pattern of
density-dependence, and a measureable decline in
growth of even dominant fish at high densities (Jenkins
et al. 1999; Imre et al. 2010) clearly indicates some level
of global drift depletion through exploitative
competition. Experimental manipulations or application
of a drift-foraging model that realistically accounts for
predation effects on drift is required to establish the
relative effects of consumption vs. physical habitat on
the distribution of habitat quality. Regardless,

understanding the distribution of habitat quality in
streams (and how it influences size distributions of fish)
is important, since the proportion of fish that exceed
size-based thresholds for overwinter survival or key life-
history transitions has significant population
consequences.

Bioenergetic-based habitat suitability curves

Habitat suitability curves are a key element of instream
flow modelling approaches like the Instream Flow
Incremental Methodogy and PHABSIM. Habitat
suitability curves for physical attributes like velocity
and depth rate habitat quality on a scale from zero to

Fig. 5 Frequency distributions of net energy intake (expressed as
a percent of total habitat) in 5 pools and 5 riffles in a small
cutthroat trout stream (modelled after Rosenfeld and Taylor
2009). Each line represents a different replicate pool or riffle
habitat, with 64–292 point NEI measurements from each habitat
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one based on observed frequency of use of different
velocities and depths by the target species, relative to
the distribution of available velocities and depths
(Jowett et al. 2008). Habitat suitability curves have been
widely criticized because of uncertainty in the degree to
which observed habitat use may accurately reflect the
fitness consequences of habitat use (Mathur et al. 1985;
Rosenfeld 2003; Rosenfeld et al. 2005). For example,
habitat suitability curves for juvenile salmonids may
underestimate optimal velocities for growth if
subdominant fish are displaced by dominants into
poorer low velocity habitats at high densities (Kramer
et al. 1997; Rosenfeld et al. 2005; Beecher et al. 2010).
This may be a frequent occurrence with territorial fishes,
so that the accuracy of habitat suitability curves for
depth and velocity may be suspect, but difficult to
validate.

In principle, NEI or GRP can be used as a measure of
habitat quality at different velocities and depths to
independently generate bioenergetic-based habitat
suitability curves (e.g. Baker and Coon 1997; Braaten
et al. 1997; Jowett et al. 2008), which could be used to
validate frequency-based habitat suitability curves, or
applied in their absence (Rosenfeld and Ptolemy
2012). For instance, Jowett et al. (2008) generated
bioenergetic-based habitat suitability curves that closely
matched habitat suitability curves of adult brown trout.
In contrast, bioenergetic-based habitat suitability curves
for 5 cm FL juvenile coho do not match frequency-
based ones particularly well (Fig. 6), supporting the
inference that territoriality displaces juvenile coho to
poorer quality low velocity habitat at high densities
(Beecher et al. 2010). Although they have seen limited
application to date, bioenergetic-based habitat suitability

Fig. 6 Frequency-based habitat suitability curve for 5 cm FL
juvenile coho (a) from Beecher et al. (2002) contrasted with a
bioenergetic-based habitat suitability curve (b) for the same size
class [derived using the drift-foraging model in Rosenfeld and
Taylor (2009)]. Note that the empirical frequency-based curve

predicts a single fixed suitability value at each velocity irrespective
of depth, while the bioenergetic approach generates a family of
curves where relative suitability at any given velocity is depth-
dependent, rather than fixed
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curves offer a potentially objective means of validating
traditional frequency-based habitat suitability models.
Note that the suitability curves in Figs. 1 and 6 are based
on estimated NEI in the absence of competition
(intrinsic habitat quality, after Rosenfeld and Taylor
2009), and might look somewhat different if
competition (drift consumption) were included.

Understanding ecology/adaptive tradeoffs
among different salmonid taxa

Although most stream salmonids (and many non-
salmonid taxa) are drift-feeders, the ecological and
evolutionary basis of habitat partitioning among
sympatric drift-feeding species is poorly understood
(Van Leeuwen et al. 2011b). While there is clearly
differentiation among species in the habitats and
microhabitats that different taxa can exploit (e.g.,
Everest and Chapman 1972; Bisson et al. 1988), the
adaptive basis of much of this variation remains unclear.
For example, Piccolo et al. (2008) found no difference in
prey capture success between juvenile steelhead and
juvenile coho across a range of velocities, despite the
fact that YOY steelhead regularly exploit higher
velocity habitats than the slow velocity pools preferred
by juvenile coho (Bisson et al. 1988; Young 2004).
Consequently, Piccolo et al. (2008) concluded that
differences in habitat use between coho and steelhead
must be based on asymmetric competition, different
growth trajectories, or adaptive differentiation in traits
other than prey capture ability.

Despite apparent similarity in prey capture success
between juvenile coho and steelhead under laboratory
conditions (Piccolo et al. 2008), a significant component
of ecological differentiation among juvenile salmonids
may nevertheless relate to adaptive differences in drift-
foraging strategies or associated physiological traits that
match differences in habitat use. Drift-foraging
strategies range between extremes on a continuum: at
one end are species like juvenile coho salmon, arctic
grayling (Thymallus arcticus) and brook trout
(Salvelinus fontinalis) occupying low velocity pool
habitats (e.g., Bisson et al. 1988; Tucker and Rasmussen
1999) where swimming costs (energy expenditures) are
low. These species experience relatively low velocities,
and therefore generally hold at a focal point well above
the stream bed, and may presumably strike at a variety
of prey sizes since swimming costs are low. At the other
extreme are juveniles of species like steelhead and

Atlantic salmon that occupy fast velocity mesohabitats
(Tucker and Rasmussen 1999) where energy
expenditures are higher; these species generally exploit
vertical or lateral velocity gradients to reduce swimming
costs, and consequently occupy a focal point near or on
the stream bed (Everest and Chapman 1972; Enders
et al. 2005) where large pectoral fins may act as
hydrofoils to anchor the fish at high velocities (e.g.
Arnold et al. 1991). In principle, elevated costs of prey
interception in high velocity habitats should result in a
higher minimum threshold prey size tomake the costs of
interception worthwhile, i.e. fish in higher velocity
habitats should on average high-grade larger items from
the passing prey flux, although to date there is no
documented evidence for this. These potentially
contrasting foraging strategies may also match
adaptations to feeding in largely laminar vs. turbulent
flow, although in the very few studies that have
examined foraging under turbulence there was no
detectable effect of turbulence on prey capture success
(Roy 2012) or modeled costs of prey attack (Enders
et al. 2005).

These potential extremes in drift-foraging strategies
may, in an ecological sense, be characterized as energy
maximizing (steelhead, Atlantic salmon) vs. efficiency
maximizing (coho, brook trout) strategies (Arendt 1997;
Tucker and Rasmussen 1999; Van Leeuwen et al.
2011b; Killen et al. 2010). Species adapted to low
velocity habitats may minimize costs per unit energy
intake (thereby maximizing efficiency), whereas those
exploiting higher velocity habitats maximize energy
intake, which may entail proportionally higher energy
expenditures in high velocity habitats (Tucker and
Rasmussen 1999; Nislow et al. 2011). In addition to
potential differences in foraging behavior (e.g.,
individuals that actively search for prey in low velocity
habitats vs. fish that actively drift-feed at a focal point in
fast water; Grant and Noakes 1987; Nielsen 1992;
Rosenfe ld and Raeburn 2009; Tunney and
Steingrimsson 2012), species at opposite ends of this
continuum may have a cascade of morphological,
anatomical, and physiological adaptations that match
differences in habitat use (analogous to adaptive
contrasts between benthic and pelagic fishes; Killen
et al. 2010). Drift-foragers in higher velocity habitats
may be more streamlined to reduce swimming costs,
while taxa adapted to slower velocities may be vertically
compressed to maximize burst speed during prey
interception in a highly competitive pool environment
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(Bisson et al. 1988; Piccolo et al. 2008). There may also
be differences in digestive tract anatomy associated with
efficiency vs. energy maximizing strategies, where
energy maximizers in high velocity habitats may have
shorter gut residence times to accommodate higher
consumption without the negative effects of excessive
digestive tract size on costs of transport (Billerbeck et al.
2001; Caviedes-Vidal et al. 2007; Van Leeuwen et al.
2011b). This inference is partly supported by the much
lower growth efficiency (energy consumed per unit
growth) of juvenile steelhead (Sullivan et al. 2000;
Van Zwol et al. 2012). Juveniles of species like Atlantic
salmon that exploit high velocity habitats have also been
shown to have higher standard metabolic rates and
lower growth efficiencies than pool-rearing species like
brook trout (Tucker and Rasmussen 1999), which would
be expected for an energy maximizing strategy.
Research directed at understanding how suites of
behavioral, phenotypic, and physiological traits have
co-evolved into contrasting strategies that differentiate
sympatric drift-feeders is key to understanding their co-
existence (e.g., Nakano et al. 1999), and how habitat
change may affect their relative distribution and
abundance in the future (e.g. Reeves et al. 1993; Finstad
et al. 2011).

Conclusions

Drift-foraging models integrate a variety of processes
that are fundamental to the ecology of stream
ecosystems, and their central relevance to iconic
species (salmonids) gives them broad appeal. Drift-
foraging models should therefore be viewed as
generic tools that can be applied to a wide variety of
processes related to the behavior, growth, and
production of drift-feeding fishes and the suspended
invertebrates on which they prey. Like bioenergtic
models, the accuracy of their predictions are limited
by the quality of the data available for model
parameterization, and the ability of models to
accurately represent the processes that affect fish
foraging, consumption, and growth. Although models
are now adequate to generate and explore realistic
scenarios related to fish foraging behavior and
ecology (e.g., Railsback and Harvey 2002; Railsback
et al. 2005), their ability to generate accurate,
quantitative, and transferable predictions of NEI and
habitat capacity lags behind their ability to inform

general ecological issues in stream ecology. This
simply reflects the natural progression of model
development within any discipline, and the more
exacting demands of predictive models relative to
more general ecological hypothesis testing.

Understandably, drift-foraging research has been
somewhat more focused on the details of model
development rather than potential applications. An
emerging interest in model applications will help
guide research and ongoing model development in
ways that facilitate their use, and help generate novel
and creat ive ideas for model refinement or
simplification. To some extent this process is already
unfolding as the application of drift-foraging models
expands in both applied and theoretical contexts, as
s ummar i z ed i n t h i s r e v i ew. Ou r p r ima r y
reccomendations for ongoing research and model
deve lopmen t a r e to i ) be t t e r unde r s t and–
quantiatively–the factors that cause spatial and
temporal variation in drift abundance, as this remains
a major gap in our general understanding of
production and energy transfer in streams; ii) to model
drift dynamics more realistically; this may require
understanding and paramaterizing how drift entry
rates and settling velocities are affected by both
hydraulics and habitat, including the refinement of
existing mechanistic models to adequately represent
these dynamics; or it may involve development of
simple empirical approaches for predicting spatial,
temporal, and longitudinal variation in drift; iii)
validation of predictions from drift-foraging models
across a wider range of streams and applied settings;
and iv) using drift-foraging models to better
understand the adaptive differences between different
species of salmonids, and how intra-specific
differences in drift-foraging strategies reflect
differences in both habitat requirement and
underlying ecology.
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Appendix 1 Appropriate mesh sizes for invertebrate
drift samples

Choosing the appropriate mesh size for sampling drift
involves tradeoffs. An excessively coarse mesh will not
capture all drifting invertebrates that might constitute
prey for drift-feeding fishes, but a very fine mesh will
clog quickly with detritus at high velocities, may include
invertebrates that are too small for larger size-classes of
fish, and may take much longer to process in the
laboratory. Below we briefly consider the implications
of mesh size for underestimation of prey size classes that
may pass through a coarse mesh. To determine potential
differences in sample catch and processing effort,
researchers or managers should deploy pilot drift nets
of different mesh sizes in their target stream(s), and
directly evaluate and compare samples and processing
time. Ideally, nesting coarse mesh nets inside fine mesh
nets would also provide a direct assessment of the
abundance and size of prey that would be discounted
in drift-foraging models that are calibrated with coarse
drift net sets.

Figure 7. illustrates how gill raker spacing increases
with fish size (data for Atlantic salmon fromWankowski
(1979)). If one assumes that gill raker spacing is broadly
similar for other juvenile salmonids, and that fish are
unlikely to forage effectively on prey that are substantially
smaller than the spacing between their gill rakers, then gill
raker spacing may serve as a coarse index of minimum

prey size. However, it is the longest prey dimension that
will likely determine both whether a prey taxon will pass
through the gill rakers, and whether the prey is detected
in the water column. In contrast, it is the smallest prey
dimension that will likely determine whether prey can
pass through a drift net. Because of their long, narrow
body form and their relative abundance in both the drift
and diet of juvenile salmonids (e.g. Keeley and Grant
1997), chironomids are likely the taxon of greatest
concern for underestimation by coarse drift nets,
although drift-feeding juveniles may also feed on small
spherical prey (e.g. ostracods) that could also pass
through coarser nets. For example, Keeley and Grant
(1997) found that chironomids accounted for 30 % of
the drift and 55 % of prey items in the stomachs of
juvenile Atlantic salmon, although they likely
constituted less in terms of biomass.

Over 95 % of chironomids in the drift and diet of
juvenile salmon in Keekey and Grant (1997) had widths
of 0.45 mm or less. Keeley and Grant (1997) used
300 μm drift nets, and their chironomid size distribution
is truncated at head capsule widths below 0.2 mm (their
Fig. 4). If one therefore assumes that a chironomid larva
can pass through a mesh opening 0.15 mm wider than
its’width, then this information may roughly inform the
proportion of chironomids that may be undersampled
with different mesh sizes. Using an average chironomid
length:weight ratio of 13 (Nolte 1990), Fig. 8 shows that
chironomids with a head width less than 0.35 mm and a

Fig. 7 Gill raker spacing as a function of Atlantic salmon fork
length [data from Wankowski (1979)]

Fig. 8 Chironomid width as a function of body length (after Nolte
(1990)). Horizontal lines indicate the width of a chironomid that
will pass through the respective mesh sizes, assuming that a
chironomid will pass through a mesh 0.15 mm wider than its’
bodywidth. Vertical lines indicate the corresponding average body
length threshold for retention in the drift net
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body length less than 4.5 mm would be likely on
average to pass through a 500 μm drift net, which would
include more than 80 % of the chironomids observed in
juvenile Atlantic salmon stomachs by Keeley and Grant
(1997).

Although the small size of chironomids means that
their contribution to prey biomass is likely less than their
contribution to abundance (and Keeley and Grant
(1997) note that invertebrate prey in their study are
smaller than reported elsewhere), the above exercise
suggests that mesh sizes larger than 250–300 μm may
substantially undersample the availability of drifting
prey items for juvenile salmonids. Researchers and
managers should therefore carefully consider the
relative costs and benefits of using larger drift net mesh
sizes for sampling drift; coarser meshes produce cleaner
samples that may be faster and easier to process because
of less detritus, and may be more temporally
representative because they clog more slowly, but this
will come at the cost of undersampling smaller prey
items.

One option for sample optimization may be to set a
combination of coarse and fine drift nets in the study
stream(s), and if the proportion of smaller prey in the
fine nets appears relatively stable (e.g. there is relatively
little variation in the size distribution of drifting
invertebrates), then the abundance of smaller size
classes could be extrapolated from the abundance of
larger prey caught in the coarser drift nets. At the very
least any discrepancy in prey abundance between coarse
and f ine mesh nets would inform whether
underestimation of small prey size classes is a serious
concern. Ideally, this should be complemented by at
least cursory sampling of the prey size distribution in
stomach contents of juvenile salmonids in the target
stream(s).

References

Anderson KE, Paul AJ, McCauley E, Jackson LJ, Post JR, Nisbet
RM (2006) Instream flow needs in streams and rivers: the
importance of understanding ecological dynamics. Front
Ecol Environ 4:309–318

Anderson KE, Harrison LR, Nisbet RM, Kolpas A (2013)
Modeling the influence of flow on invertebrate drift across
spatial scales using a 2D hydraulic model and a 1D
population model. Ecol Model 265:207–220

Arendt J (1997) Adaptive intrinsic growth rates: an integration
across taxa. Q Rev Biol 72:149–177

Armstrong JB, Schindler DE (2011) Excess digestive capacity in
predators reflects a life of feast and famine. Nature 476:84–
88

Arnold GP, Webb PW, Holford BH (1991) The role of the pectoral
fins in station-holding of Atlantic salmon parr (Salmo salar
l.). J Exp Biol 156:625–629

Baker EA, Coon TG (1997) Development and evaluation of
alternative habitat suitability criteria for brook trout. Trans
Am Fish Soc 126:65–76

Beecher HA, Caldwell BA, DeMond SB (2002) Evaluation of
depth and velocity preferences of juvenile coho salmon in
Washington streams. N Am J Fish Manag 22:785–795

Beecher HA, Caldwell BA, DeMond SB, Seiler D, Boessow SN
(2010) An empirical assessment of PHABSIM using long-
term monitoring of coho salmon smolt production in
Bingham Creek, Washington. N Am J Fish Manag 30:
1529–1543

Benke AC, Hawkins CP, Lowe-McConnell RH, Stanford JA,
Suberkropp K, Ward JV (1988) Bioenergetic considerations
in the analysis of stream ecosystems. J N Am Benthol Soc 7:
480–502

Billerbeck J, Lankford T, Conover D (2001) Evolution of intrinsic
growth and energy acquisition rates. I. Trade-offs with
swimming performance in Menidia menidia. Evolution 55:
1863–1872

Bisson PA, Sullivan K, Nielsen JL (1988) Channel hydraulics,
habitat use, and body form of juvenile coho salmon,
steelhead, and cutthroat trout in streams. Trans Am Fish
Soc 117:262–273

Boisclair D (2001) Fish habitat modeling: from conceptual
framework to functional tools. Can J Fish Aquat Sci 58:
1–9

Boisclair D, Tang M (1993) Empirical analysis of the influence of
swimming pattern on the net energetic cost of swimming in
fishes. J Fish Biol 42:169–183

Bourassa N, Morin A (1995) Relationships between size structure
of invertebrate assemblages and trophy and substrate
composition in streams. J N Am Benthol Soc 14:393–403

Bouwes N, Weber N (2012) Growth potential models. In: ISEMP
lessons learned synthesis report 2003–2011. Bonneville
Power Administration, Portland, pp 174–185 https://isemp.
egnyte.com/h-s/20130105/14470aa0343e44b0 accessed
Sept 1 2013

Bouwes N, Moberg J, Weber N, Bouwes B, Bennett S, Beasley C,
Jordan CE, Nelle P, Polino M, Rentmeester S, Semmens B,
Volk C, Ward MB, White J (2011) Scientific protocol for
salmonid habitat surveys within the Columbia Habitat
Monitoring Program. Project #2011-006, The Integrated
Status and Effectiveness Monitoring Program.http://www.
pnamp.org/sites/default/files/champhabitatprotocol_
20110125.pdf

Braaten PJ, Dey PD, Annear TC (1997) Development and
evaluation of bioenergetic-based habitat suitability criteria
for trout. Regul River 13(4):345–356

Brandt SB, Mason DM, Patrick EV (1992) Spatially explicit
models of fish growth rate. Fisheries 17:23–35

Brittain JE, Eikeland TJ (1988) Invertebrate drift—a review.
Hydrobiologia 166:77–93

Careau V, Garland T Jr (2012) Performance, personality, and
energetics: correlation, causation, and mechanism. Physiol
Biochem Zool 85:543–571

Environ Biol Fish (2014) 97:551–574 571

https://isemp.egnyte.com/h-s/20130105/14470aa0343e44b0
https://isemp.egnyte.com/h-s/20130105/14470aa0343e44b0
http://www.pnamp.org/sites/default/files/champhabitatprotocol_20110125.pdf
http://www.pnamp.org/sites/default/files/champhabitatprotocol_20110125.pdf
http://www.pnamp.org/sites/default/files/champhabitatprotocol_20110125.pdf


Caviedes-Vidal E, McWhorter TJ, Lavin SR, Chediack JG, Tracy
CR, Karasov WH (2007) The digestive adaptation of flying
vertebrates: high intestinal paracellular absorption
compensates for smaller guts. PNAS 104:19132–19137

CHaMP (2013) The Columbia habitat monitoring program: 2012
second year lessons learned project synthesis report 2011-
006. Prepared for the Bonneville Power Administration by
CHaMP. Published by Bonneville Power Administration,
Portland, OR. 64pages. https://www.champmonitoring.org/
Program/Details/1#documents

Ciborowski JJH (1983a) Downstream and lateral transport of
nymphs of 2 mayfly species (Ephemeroptera). Can J Fish
Aquat Sci 40:2025–2029

Ciborowski JJH (1983b) Influence of current velocity, density, and
detritus on drift of 2 mayfly species (Ephemeroptera). Can J
Zool 61:119–125

Ciborowski JJH (1987) Dynamics of drift andmicrodistribution of
2 mayfly populations—a predictive model. Can J Fish Aquat
Sci 44:832–845

Dewson ZS, James ABW, Death RG, Dewson S (2007) A review
of the consequences of decreased flow for instream habitat
and macroinvertebrates. J N Am Benthol Soc 26:401–415

Enders EC, Boisclair D, Roy AG (2003) The effect of turbulence
on the cost of swimming for juvenile Atlantic salmon (Salmo
salar). Can J Fish Aquat Sci 1160:1149–1160

Enders EC, Buffin-Belanger T, Boisclair D, Roy AG (2005) The
feeding behaviour of juvenile Atlantic salmon in relation to
turbulent flow. J Fish Biol 66:242–253

Everest FH, Chapman DW (1972) Habitat selection and spatial
interaction by juvenile Chinook salmon and steelhead trout in
two Idaho streams. J Fish Res Board Can 29:91–100

Fausch KD (1984) Profitable stream positions for salmonids–
relating specific growth-rate to net energy gain. Can J Zool
62:441–451

Finstad AG, Forseth T, Jonsson B et al (2011) Competitive
exclusion along climate gradients: energy efficiency
influences the distribution of two salmonid fishes. Glob
Chang Biol 17:1703–1711

Fretwell SD (1972) Populations in a seasonal environment.
Princeton University Press, Princeton

Garshelis DL (2000) Delusions in habitat evaluation: measuring
use, selection, and importance. In: Boitani L, Fuller TK (eds)
Research techniques in animal ecology: controversies and
consequences. Columbia University Press, New York, pp
111–164

Grace JB, Anderson TM, Olff H, Scheiner SM (2010) On the
specification of structural equation models for ecological
systems. Ecol Monogr 80:67–87

Grant JWA, Noakes DLG (1987) Movers and stayers–foraging
tactics of young-of-the-year brook charr, Salvelinus
fontinalis. J Anim Ecol 56:1001–1013

Grossman GD, Rincon PA, Farr MD, Ratajczak RE (2002) A new
optimal foraging model predicts habitat use by drift-feeding
stream minnows. Ecol Freshw Fish 11:2–10

Guensch GR, Hardy TB, Addley RC (2001) Examining feeding
strategies and position choice of drift-feeding salmonids
using an individual-based, mechanistic foraging model. Can
J Fish Aquat Sci 58(3):446–457

Hansen EA, Closs GP (2007) Temporal consistency in the long-
term spatial distribution of macroinvertebrate drift along a
stream reach. Hydrobiologia 575:361–371

Hansen EA, Closs GP (2009) Long-term growth and movement in
relation to food supply and social status in a stream fish.
Behav Ecol 20:616–623

Hanson P, Johnson T, Kitchell J, Schindler DE (1997) Fish
bioenergetics 3.0. University of Wisconsin Sea Grant
Institute, Madison

Harvey BC, Railsback SF (2009) Exploring the persistence of
stream-dwelling trout populations under alternative real-
world turbidity regimes with an individual-based model.
Trans Am Fish Soc 138:348–360

Harvey BC, White JL, Nakamoto RJ (2009) The effect of
deposited fine sediment on summer survival and growth of
rainbow trout in riffles of a small stream. NAm J FishManag
29:434–440

Hayes JW, Stark JD, Shearer KA (2000) Development and
test of a whole-lifetime foraging and bioenergetics
growth model for drift-feeding brown trout. Trans
Am Fish Soc 129:315–332

Hayes JW, Hughes NF, Kelly LH (2007) Process-based modelling
of invertebrate drift transport, net energy intake and reach
carrying capacity for drift-feeding salmonids. Ecol Model
207:171–188

Heritage GL, Milan DJ, Large ARG, Fuller IC (2009) Influence of
survey strategy and interpolation model on DEM quality.
Geomorphology 112:334–344

Hill J, Grossman GD (1993) An energetic model of microhabitat
use for rainbow-trout and rosyside dace. Ecology 74:685–
698

Hughes NF (1992) Selection of positions by drift-feeding
salmonids in dominance hierarchies: model and test for
Arctic grayling (Thymallus arcticus) in subarctic
mountain streams, interior Alaska. Can J Fish Aquat
Sci 49:1999–2008

Hughes NF, Dill LM (1990) Position choice by drift-feeding
salmonids: Model and test for Arctic Grayling (Thymallus
arcticus) in subarctic mountain streams, interior Alaska. Can
J Fish Aquat Sci 47:2039–2048

Hughes NF, Grand TC (2000) Physiological ecology meets the
ideal-free distribution: predicting the distribution of size-
structured fish populations across temperature gradients.
Environ Biol Fish 59:285–298

Hughes NF, Kelly LH (1996) A hydrodynamic model for
estimating the energetic cost of swimming maneuvers from
a description of their geometry and dynamics. Can J Fish
Aquat Sci 53:2484–2493

Hughes NF, Reynolds JB (1994) Why do Arctic Grayling
(Thymallus arcticus) get bigger as you go upstream? Can J
Fish Aquat Sci 51:2154–2163

Hughes NF, Hayes JW, Shearer KA, Young RG (2003) Testing a
model of drift-feeding using three-dimensional videography
of wild Brown Trout, Salmo trutta, in a New Zealand river.
Can J Fish Aquat Sci 60:1462–1476

Imre I, Grant JWA, Cunjak RA (2005) Density-dependent growth
of young-of-the-year Atlantic salmon Salmo salar in
Catamaran Brook, New Brunswick. J Anim Ecol 74:508–
516

Imre I, Grant JWA, Cunjak RA (2010) Density-dependent growth
of young-of-the-year Atlantic salmon (Salmo salar) revisited.
Ecol Freshw Fish 19:1–6

Jenkins AR, Keeley ER (2010) Bioenergetic assessment of
habitat quality for stream-dwelling cutthroat trout

572 Environ Biol Fish (2014) 97:551–574

https://www.champmonitoring.org/Program/Details/1#documents
https://www.champmonitoring.org/Program/Details/1#documents


(Oncorhynchus clarkii bouvieri) with implications for
climate change and nutrient supplementation. Can J
Fish Aquat Sci 67:371–385

Jenkins TM, Diehl S, Kratz KW, Cooper SD (1999) Effects of
population density on individual growth of brown trout in
streams. Ecology 80:941–956

Jowett I, Hayes J, Duncan M (2008) A guide to instream habitat
survey methods and analysis. NIWA Science and
Technology Series No. 5

Keeley ER, Grant JWA (1997) Allometry of diet selectivity in
juvenile Atlantic salmon (Salmo salar). Can J Fish Aquat Sci
54:1894–1902

Kennedy BP, Nislow KH, Folt CL (2008) Habitat-mediated
foraging limitations drive survival bottlenecks for juvenile
salmon. Ecology 89:2529–2541

Killen SS, Atkinson D, Glazier DS (2010) The intraspecific
scaling of metabolic rate with body mass in fishes depends
on lifestyle and temperature. Ecol Lett 13:184–193

Kondolf GM, Larsen EW, Williams JG (2000) Measuring and
modelling the hydraulic environment for assessing instream
flows. N Am J Fish Manag 20:1016–1028

Kramer DL, Rangely RW, Chapman LJ (1997) Habitat selection:
patterns of spatial distribution from behavioural decisions. In:
Godin JJ (ed) Behavioural ecology of teleost fishes. Oxford
University Press, New York, pp 37–80

Leung ES, Rosenfeld JS, Bernhardt J (2009) Habitat effects
on invertebrate drift in a small trout stream:
implications for prey availability to drift-feeding fish.
Hydrobiologia 623:113–125

Lobón-Cerviá J (2008) Habitat quality enhances spatial variation
in the self-thinning patterns of stream-resident brown trout
(Salmo trutta). Can J Fish Aquat Sci 65:2006–2015

Marcus WA (2012) Remote sensing of the hydraulic environment
in gravel-bed rivers gravel-bed rivers. In: Church M, Biron
PM, Roy AG (eds) Gravel-bed rivers: processes, tools,
environments. Wiley, Chichister, pp 259–285

Mathur D, Bason WH, Purdy EJ, Silver CA (1985) A critique of
the instream flow incremental methodology. Can J Fish
Aquat Sci 42:825–831

McCarthy SG, Duda JJ, Emlen JM, HodgsonGR, BeauchampDA
(2009) Linking habitat quality with trophic performance of
steelhead along forest gradients in the South Fork Trinity
River watershed, California. Trans Am Fish Soc 138:506–
521

Milan DJ, Heritage GL, Large ARG, Fuller IC (2011) Filtering
spatial error from DEMs: implications for morphological
change estimation. Geomorphology 125:160–171

Morin A, Stephenson J, Strike J, Solimini AG (2004) Sieve
retention probabilities of stream benthic invertebrates. J N
Am Benthol Soc 23:383–391

Nakano S (1995) Competitive interactions for foraging
microhabitats in a size-structured interspecific dominance
hierarchy of two sympatric stream salmonids in a natural
habitat. Can J Zool 73:1845–1854

Nakano S, FauschKD, Kitano S (1999) Flexible niche partitioning
via a foraging mode shift: a proposed mechanism for
coexistence in stream-dwelling charrs. J Anim Ecol 68:
1079–1092

Nielsen JL (1992) Microhabitat-specific foraging behavior, diet,
and growth of juvenile coho salmon. Trans Am Fish Soc 121:
617–634

Nislow KH, Folt CL, Parrish DL (1999) Favorable foraging
locations for young atlantic salmon: application to habitat
population restoration. Ecol Appl 9:1085–1099

Nislow KH, Folt CL, Parrish DL (2000) Spatially explicit
bioenergetic analysis of habitat quality for age-0 Atlantic
salmon. Trans Am Fish Soc 129:1067–1081

Nislow KH, Armstrong JD, Grant JWA (2011) The role of
competition in the ecology of juvenile Atlantic salmon. In:
Aas O, Einum S, Klemetsen A, Skurdal J (eds) Atlantic
salmon ecology. Blackwell Publishing Ltd., Oxford, pp
171–198

Nolte U (1990) Chironomid biomass determination from larval
shape. Freshwat Biol 24:443–451

Piccolo JJ, Hughes NF, Bryant MD (2008)Water velocity influences
prey detection and capture by drift-feeding juvenile coho
salmon (Oncorhynchus kisutch) and steelhead (Oncorhynchus
mykiss irideus). Can J Fish Aquat Sci 275:266–275

Poff NL, Ward JV (1991) Drift responses of benthic invertebrates
to experimental streamflow variation in a hydrologically
stable stream. Can J Fish Aquat Sci 48:1926–1936

Railsback SF, Harvey BC (2002) Analysis of habitat-selection rules
using an individual-based model. Ecology 83:1817–1830

Railsback SF, Stauffer HB, Harvey BC (2003) What can habitat
preferences models tell us? Tests using a virtual trout
population. Ecol Appl 13:1580–1594

Railsback S, Harvey B, Hayse J, LaGory K (2005) Tests of theory
for diel variation in salmonid feeding activity and habitat use.
Ecology 86:947–959

Railsback SF, Harvey BC, Jackson SK, Lamberson RH (2009)
InSTREAM: the individual-based stream trout research and
environmental assessment model. General Technical Report–
Pacific Southwest Research Station, USDA Forest
Service(PSW-GTR-218):154 pp.-154 pp

Railsback SF, Gard M, Harvey BC, White JL, Zimmerman JKH
(2013) Contrast of degraded and restored stream habitat
using an individual-based salmon model. N Am J Fish
Manag 33:384–399

Reeves GH, Everest FH, Sedell JR (1993) Diversity of juvenile
anadromous salmonid assemblages in coastal oregon basins
with different levels of timber harvest. Trans Am Fish Soc
122:309–317

Rosenberger AE, Dunham JB (2005) Validation of abundance
estimates from mark–recapture and removal techniques for
rainbow trout captured by electrofishing in small streams. N
Am J Fish Manag 25:1395–1410

Rosenfeld JS (2003) Assessing the habitat requirements of stream
fishes: an overview and evaluation of different approaches.
Trans Am Fish Soc 132:953–968

Rosenfeld JS, Boss SM (2001) Fitness consequences of habitat use
for juvenile cutthroat trout: energetic costs and benefits in
pools and riffles. Can J Fish Aquat Sci 58:585–593

Rosenfeld JS, Ptolemy R (2012) Modelling available habitat
versus available energy flux: do PHABSIM applications that
neglect prey abundance underestimate optimal flows for
juvenile salmonids? Can J Fish Aquat Sci 69:1920–1934

Rosenfeld JS, Raeburn E (2009) Effects of habitat and
internal prey subsidies on juvenile coho salmon
growth: implications for stream productive capacity.
Ecol Freshw Fish 18:572–584

Rosenfeld JS, Taylor JC (2003) Modelling the effects of changes
in turbidity and channel structure on growth of juvenile

Environ Biol Fish (2014) 97:551–574 573



salmonids. 19. BC Forest Sciences Program Report R2003-
183 http://www.for.gov.bc.ca/hfd/library/FIA/2003/R2003-
183.pdf

Rosenfeld JS, Taylor J (2009) Prey abundance, channel structure
and the allometry of growth rate potential for juvenile trout.
Fish Manag Ecol 16:202–218

Rosenfeld JS, Leiter T, Lindner G, Rothman L (2005) Food
abundance and fish density alters habitat selection, growth,
and habitat suitability curves for juvenile coho salmon
(Oncorhynchus kisutch). Can J Fish Aquat Sci 1701:1691–
1701

Rosenfeld JS, Campbell K, Leung ES, Bernhardt J, Post J
(2011) Habitat effects on depth and velocity frequency
distributions: Implications for modeling hydraulic
variation and fish habitat suitability in streams.
Geomorphology 130:127–135

Roy M (2012) Habitat variability and the individual behaviour of
Atlantic salmoin (Salmo salar). Ph.D. thesis, University de
Montreal, Montreal, Quebec

Sullivan K, Martin DJ, Cardwell RD, Toll JE, Duke S (2000) An
analysis of the effects of temperature on Salmonids of the
Pacific Northwest with implications for selecting temperature
criteria. Sustainable Ecosystems Institute, Portland

Sweka JA, Hartman KJ (2001) Influence of turbidity on brook
trout reactive distance and foraging success. Trans Am Fish
Soc 130:138–146

Tucker S, Rasmussen JB (1999) Using 137Cs to measure and
compare bioenergetic budgets of juvenile Atlantic salmon
(Salmo salar) and brook trout (Salvelinus fontinalis) in the
field. Can J Fish Aquat Sci 56:875–887

Tunney TD, Steingrimsson SO (2012) Foraging mode variation in
three stream-dwelling salmonid fishes. Ecol Freshw Fish 21:
570–580

Urabe H, Nakajima M, Torao M, Aoyama T (2010) Evaluation of
habitat quality for stream salmonids based on a bioenergetics
model. Trans Am Fish Soc 139:1665–1676

Van Horne B (1983) Density as a misleading indicator of habitat
quality. J Wildl Manag 47:893–901

Van Leeuwen TE, Rosenfeld JS, Richards JG (2011a) Failure of
physiological metrics to predict dominance in juvenile
Pacific salmon (Oncorhynchus spp.): habitat effects on the
allometry of growth in dominance hierarchies. Can J Fish
Aquat Sci 68:1811–1818

Van Leeuwen TE, Rosenfeld JS, Richards JG (2011b) Adaptive
trade-offs in juvenile salmonid metabolism associated with
habitat partitioning between coho salmon and steelhead trout
in coastal streams. J Anim Ecol 80:1012–1023

Van Winkle W, Jager HI, Railsback SF, Holcomb BD,
Studley TK, Baldrige JE (1998) Individual-based
model of sympatric populations of brown and rainbow
trout for instream flow assessment: model description
and calibration. Ecol Model 110:175–207

Van Zwol JA, Neff BD,WilsonCC (2012) The effect of competition
among three juvenile salmonids on dominance and growth
during the juvenile stage. Ecol Freshw Fish 21:533–540

Waddle TJ (2001) PHABSIM for windows user’s manual and
exercises: U.S. Geological Survey Open-File Report 2001-
340. p 288

Wall CE (2013) Use of a net energy intake model to examine
differences in steelhead abundance and the energetic
implications of physical habitat alterations. M.Sc. thesis,
Utah State University, Logan, Utah

Wankowski JWJ (1979) Morphological limitations, prey size
selectivity, and growth response of juvenile Atlantic salmon,
Salmo salar. J Fish Biol 14:89–100

Ward DM,NislowKH, Armstrong JD, EinumS, Folt CL (2007) Is
the shape of the density-growth relationship for stream
salmonids evidence for exploitative rather than interference
competition? J Anim Ecol 76:135–138

Watz J, Piccolo JJ (2011) The role of temperature in the prey
capture probability of drift-feeding juvenile brown trout
(Salmo trutta). Ecol Freshw Fish 20:393–399

Weber NP (2009) Evaluation of macroinvertebrates as a food
resource in the assessment of lotic salmonid habitat. M.Sc.
thesis, Utah State University, Logan, Utah

Weir LK, Grant JWA (2004) The causes of resource
monopol izat ion: interac t ion between resource
dispersion and mode of competition. Ethology 110:
63–74

Woodward G, Perkins DM, Brown LE (2010) Climate change and
freshwater ecosystems: impacts across multiple levels of
organization. Philos Trans R Soc Lond Ser B 365:
2093–2106

Young KA (2004) Asymmetric competition, habitat selection, and
niche overlap in juvenile salmonids. Ecology 85:134–
149

574 Environ Biol Fish (2014) 97:551–574

http://www.for.gov.bc.ca/hfd/library/FIA/2003/R2003-183.pdf
http://www.for.gov.bc.ca/hfd/library/FIA/2003/R2003-183.pdf

	Successes, failures, and opportunities in the practical application of drift-foraging models
	Abstract
	Introduction
	Key attributes of drift-foraging models that influence NEI
	Primary applications of drift-foraging models to date
	Understanding the effects of temperature, flow, and channel structure on habitat limitation
	Effects of turbidity on reactive distance and energy intake
	Drift-foraging as a model system for testing ecological and instream flow theory
	Estimating NEI in an applied monitoring context

	Factors limiting the successful application of drift-foraging models
	Key sources of error in drift-foraging models
	Challenges with data collection, model parameterization, and model validation

	Future prognosis for application of drift-foraging models: opportunities and data needs
	Developing and refining practical (rapid assessment) indices of habitat quality
	Modelling the distribution of energy among individuals (predicting density-dependent effects)
	Modelling frequency distributions of available habitat quality
	Bioenergetic-based habitat suitability curves
	Understanding ecology/adaptive tradeoffs among different salmonid taxa

	Conclusions
	Appendix 1 Appropriate mesh sizes for invertebrate drift samples
	References


