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Abstract Model selection approaches are gaining
popularity in biological research due to their utility in
evaluating support for multiple candidate hypotheses.
However, top-ranked models from a set of candidates
do not necessarily describe the underlying processes
that give rise to biological phenomena or provide
strong predictive ability. The field of invasion ecology
is increasingly using comparative functional response
(FR) approaches to predict the trophic impacts of
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invasive species based on the FR model that best fits
experimental data. However, noisy experimental data
and a variety of, at times, conflicting model selec-
tion approaches may limit the ecological interpreta-
tion of results. Here, we use experimental (empirical
and simulation) and analytical approaches to explore
how the ecological interpretation of FR data can be
obfuscated by methodologies (i.e., experimental habi-
tat complexity). Finally, we survey the literature and
identify which model selection approaches are most
common in FR experiments in invasion ecology,
and how the resulting model fits are interpreted. The
round goby is a prolific invasive fish in North Amer-
ica, responsible for local declines in invertebrate
populations through predation. Using round goby
as a model predator, we demonstrate that prey-type
(mobile versus immobile) can shift the best-fit FR
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from Type III to Type II. In seven out of eight empiri-
cal treatments of varying habitat complexity, and
eight out of eight corresponding simulated treatments,
model selection outcomes differed depending on the
analytical approach used. Our results demonstrate the
context-dependence of FRs and highlight the limita-
tions of these FR experiments and associated model
selection methods. We encourage researchers to
critically assess model selection methods and results
when identifying and using top-ranked models, and
provide recommendations to improve predictive
accuracy.

Keywords Consumer-resource dynamics -
Functional response models - Model selection

Introduction

Ecological systems are incredibly complex, chal-
lenging our mechanistic understanding of biological
processes and limiting our predictive ability. In past
decades, increasing computational power has allowed
researchers to shift their analytical approaches away
from null hypothesis significance testing (NHST),
towards a model selection framework (Nakagawa
and Cuthill 2007; Krausman 2017; Mac Nally et al.
2018). Within the NHST paradigm, researchers use
statistical significance tests to determine if the null
hypothesis should be rejected based on the observed
data and “an arbitrary probability threshold (usually
p<0.05)" (Johnson and Omland 2004). However,
this approach does not provide the effect size of the
parameter of interest (though accompanying quanti-
ties, including Pearson’s r or r2 can be used to esti-
mate variance explained), nor the precision of the
estimate (though confidence intervals indicate a range
within which the true value of a parameter might sit;
Nakagawa and Cuthill 2007). The rejection of the null
hypothesis would only lend support for an alternative
hypothesis; support that is often overstated as a defin-
itive result rather than an indication that further inves-
tigation may be warranted (Krausman 2017). Though
not entirely distinct from a NHST testing framework,
in a model selection framework, researchers identify
multiple hypotheses associated with a set of a priori
models that represent the processes of interest, and
fit each model to data to identify which model best
describes the observed phenomenon. In contrast to
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NHST which evaluates support for one hypothesis,
information-theoretic approaches use information cri-
teria (ICs) (e.g., Akaike Information Criterion (AIC),
Bayesian Information Criterion (BIC), Deviance
Information Criterion (DIC), Watanabe-Akaike Infor-
mation Criterion (WAIC), Leave-One-Out Cross-Val-
idation (LOO-CV)) to rank candidate models (Akaike
1998; Krausman 2017; Mac Nally et al. 2018;
Schwarz 1978; Spiegelhalter et al. 2002; Vehtari et al.
2017; Watanabe 2013).

The model selection approach has clear benefits
over traditional hypothesis testing, including pro-
viding effect sizes and model parameter estimation,
summarized by Burnham and Anderson (2004b) and
others (e.g., Johnson and Omland 2004; Aho et al.
2014). However, there are potential pitfalls in the
application of model selection to ecological systems.
Model selection criteria like AIC use within-sample
data to approximate and rank competing models’ out-
of-sample predictive ability, and thus cannot guaran-
tee that top-ranked models describe the underlying
mechanistic processes that give rise to the data (Arif
and MacNeil 2022; Tredennick et al. 2021). This is
particularly troublesome when within-sample data
is captured over a limited timescale, and thus may
not be representative of a system’s long-term behav-
iour (Hastings 2004; Hock et al. 2024). In such a
case, a phenomenological or ill-conceived mecha-
nistic model may describe the sample data well and
be selected as the top-ranked model, but be unable
to predict or explain the long-term behaviour of the
system (Arif and MacNeil 2022; Johnson-Bice et al.
2021; Mac Nally et al. 2018). In addition, given
that model selection criteria aim to provide relative
rather than absolute measures of predictive ability,
researchers must be careful in their interpretation of
top-ranked models. As argued by Tredennick et al.
(2021), researchers often rely on arbitrary cutoffs to
differentiate AIC values, which is problematic given
that models with high predictive ability are often phe-
nomenological, and may lack the ability to capture
explanatory ecological mechanisms.

A recent example of the model selection approach
is the increasingly popular use of functional
responses (FRs) to make inferences about the per
capita impacts of invasive species (Faria et al. 2023).
FRs characterize a consumer’s intake of resources
as a function of the resource density. Predator—prey
FRs are most frequently classified as Type I, IL, or III
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(Papanikolaou et al. 2021; Faria et al. 2023). A Type
I FR is characterized by a linear relationship between
resource density and consumption rate, and is typical
of suspension-feeders such as mussels (Jeshke et al.
2004), but may also arise as an experimental artifact
in laboratory studies that provide insufficient low-
prey densities (Sarnelle and Wilson 2008). A Type II
FR is characterized as a hyperbolic saturating curve
and is typical of herbivores and specialist preda-
tors (Lundberg 1988; Lundberg and Astrom 1990),
whereas a Type III FR characterized by low preda-
tion rates when a prey species is rare (owing to low
encounter rates and a subsequent learning period) but
an otherwise positive relationship between consump-
tion rate and resource density towards a saturation
point, producing a sigmoidal curve typical of general-
ist predators (Andersson and Erlinge 1977; Hansson
and Henttonen 1985; Holling 1965, 1966; Leeuwen
et al. 2007). Both Type II and Type III models include
parameters describing the consumer’s handling time
(the time it takes to process, consume, and digest the
resource; Jeschke et al. 2002; Barrios-O’Neill et al.
2016) and attack rate (the rate at which the consumer
encounters the resource). While FRs represent gen-
eral models that can be applied to many consumer-
resource systems, the frequent use of FRs to describe
invasive species’ consumption follows from the
hypothesis that highly-impactful invasive species are
more efficient resource-consumers than their native
counterparts, and therefore may have lower handling
times and greater attack rates (Ricciardi et al. 2013).
By comparing these parameters across experimental
FRs, researchers hope to identify, and prioritize man-
agement, for invaders and invasion scenarios with
the potential for the greatest consumptive impacts
based on individual’s per capita effects (Ricciardi
and Maclsaac 2010; Vander Zanden et al. 2010; Dick
et al. 2013).

In addition to the comparisons of FR model param-
eters between invasive and analogous native spe-
cies, some have posited that the form of experimen-
tally-derived FR can be used to predict whether the
observed consumer-resource relationship is likely to
be destabilizing (i.e., Type II FR, leading to resource
depletion) or stabilizing (i.e., Type III FR, leading
to resource persistence), respectively (e.g., Alexan-
der et al. 2012; Dick et al. 2013; Faria et al. 2023).
However, methodological variation in experimental
design (e.g., arena size, habitat complexity, consumer

starvation, prey replacement, experimental duration,
temperature) and noise in the resulting empirical
data can influence FR model selection and inference,
and mask the inherent quality of consumer-resource
dynamics (Alexander et al. 2012; DeLong et al. 2025;
Juliano et al. 2022; Kalinkat et al. 2023; Uiterwaal
and DeLong 2018). For example, in systems with
mobile predators and prey, adding structural com-
plexity to experimental arenas may induce a switch
from a Type II FR to a Type III FR, as the predator-
free space in which prey can find refugia is increased,
slowing the predator’s rate of consumption as prey
populations become depleted (Alexander et al. 2012;
Barrios-O’Neill et al. 2015). In addition, empiri-
cal FR data are often highly stochastic and model
selection and fitting can be challenging, with multi-
ple, often conflicting, methodologies recommended
by different authors (see a description of methods
in Pritchard et al. 2017). Although FR metrics have
been shown to successfully predict which invaders
are likely to have strong trophic impacts (e.g., Dick,
et al. 2017a, b), these methodological challenges may
impede our ability to predict ecological outcomes
of invasions from experimental FRs (Jeschke et al.
2002).

A model invasive consumer—the round goby

The round goby (Neogobius melanostomus), is a ben-
thic fish native to the Ponto-Caspian basins of Eura-
sia and a prolific invader in North America, respon-
sible for declines in native fish and invertebrate
populations through competition (Dubs and Corkum
1996; Janssen and Jude 2001; Morissette 2018) and
predation (Barton et al. 2005; Lederer et al. 2006;
Krakowiak and Pennuto 2008; Paul Leblanc et al.
2020). Management efforts are largely focused on
early-detection/rapid-response measures to prevent
further spread (Kornis et al. 2012), illustrating the
importance of accurately predicting and prioritizing
management in areas where impacts will be the great-
est. Field observations of round gobies suggest that
they prefer rocky substrates (Ray and Corkum 2001;
Lapointe et al. 2007; Young et al. 2010), but are often
found in similar abundances on soft sediments (John-
son et al. 2005; Taraborelli et al. 2009). The choice of
habitat may reflect foraging behaviour; Gebauer et al.
(2019) compared FRs of round gobies on sandy sub-
strate and coarse gravel. In both habitats, the gobies
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exhibited Type II FRs, but had a significantly greater
attack rate in sandy habitats, and a greater maximum
feeding rate on coarse gravel. Habitat complexity
mediates feeding efficiency and behaviour of preda-
tors (Gotceitas 1990; Swisher et al. 1998; Alexander
et al. 2012; Barrios-O’Neill et al. 2015) in myriad
ways (Savino and Stein 1989). Although increased
structural complexity can provide predator-free space
that serves as a refuge for prey (Alexander et al. 2012;
Barrios-O’Neill et al. 2015), this space is only advan-
tageous if prey are able to make use of it (Savino and
Stein 1989).

Here, we explore how FR experimental and ana-
lytical approaches affect model selection and there-
fore alter the ecological interpretation of results based
on the form of the best-fit FR model. First, we use
round gobies to conduct empirical FR experiments,
manipulating habitat complexity and prey-type to
explore if these variables influence the selection of
the best-fit model. We fit Type II and Type III func-
tional response models to the resulting data and use
four commonly referenced approaches to select the
best-fit model. Next, we perform a simulation experi-
ment to explore variation in outcome by model selec-
tion approach. Finally, we present a literature survey
of comparative FR studies on invasive species to
assess the frequency with which different methods
of model selection are employed, and how results are
interpreted ecologically.

Methods
Goby collection and care

Round gobies were collected using minnow traps
and a beach seine from their invaded range in the St.
Lawrence River (45.319180, —73.927180), Québec,
Canada in the summers of 2017 and 2018 and trans-
ported to a climate-controlled facility at McGill Uni-
versity (Montreal, QC, Canada). The fish were accli-
mated to established holding tanks held at 16 °C, and
a 12:12 hour light:dark regime for at least one month
prior to beginning experiments. The holding tanks
did not contain any substrate but the gobies were pro-
vided with pvc-pipes which served as shelters. Care
during holding included feeding ad libitum with sink-
ing shrimp pellets five days per week, weekly water
quality monitoring, and weekly 30% water changes.
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Habitat complexity experiments (experiments 1 and
2)

FR experiments were conducted using low, intermedi-
ate, and high habitat complexities, each repeated with
two prey types (six experimental treatments; Fig. 1).
Habitat complexity was manipulated by securing river
rocks (Exo Terra turtle pebbles,~15-20 mm diam-
eter) to Plexiglas plates (~205 mm by 127 mm) using
a thin layer of transparent silicone on the bottom of
each stone. This approach created a standardized den-
sity of hard substrate with interstitial space between
stones. Three plates were added to each experimen-
tal tank (ten gallon aquariums with opaque dividers
between them) in the following layouts: three plates
with no rocks (low complexity), two plates with a
single layer of rocks and one plate with two layers of
rocks (intermediate complexity), or three plates with
two layers of rocks each (high complexity; Fig. 1).
For each complexity treatment we measured the FRs
of round gobies with two common prey types: previ-
ously frozen bloodworms (chironomid larvae; Experi-
ment 1), and live amphipods (Gammarus fasciatus,
collected in the St. Lawrence River; Experiment 2).

Gobies were randomly assigned an experimental
treatment and introduced into aquaria held at 16 °C
24 hour prior to the beginning of experiments to
allow for acclimation and standardization of hun-
ger levels. Experiments began with the introduction
of prey at a randomly selected density (4, 6, 10, 20,
60, 90 or 120 chironomid larvae or 2, 3, 5, 10, 20, 30
or 50 live amphipods) and continued for two hours,
without replacing prey as they were consumed. After
two hours, the gobies were removed from the experi-
mental arena and the individuals’ sex, weight, and
length were recorded, and the number of remaining
prey were counted. Each prey density was replicated
four times for each treatment (n=28 per treatment,
N=126). In addition, for trials using live amphipods,
predator-free controls were conducted at each density
and treatment to account for mortality not attributed
to the predator (n=21).

Substrate-type experiments (experiment 3)

Substrate-type experiments were done using the same
experimental tanks and temperature-controlled facili-
ties as described above (Fig. 1). Here, FR experi-
ments were conducted with two substrate types
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Fig.1 Schematic detailing experimental designs. In empirical experimental design boxes (white), blue/orange boxes denote cases in
which fitting a Type II/III FR model to the empirical data did not produce parameter estimates

covering the bottom of the tank: fine sandy sedi-
ment or river rocks (~19-38 mm in diameter), and
used live isopods (Caecidotea spp. collected in the
St. Lawrence River) as prey. The difference between
types of live prey used in experiments 2 and 3 were
on account of seasonal availability of wild-caught
invertebrates. As previously described, gobies were
introduced into arenas 24 hours before experimenta-
tion for a randomly selected substrate, and experi-
ments were initiated with the introduction of prey at
a randomly selected density of 2, 3, 5, 10, 20, or 30
individuals. Gobies were allowed to consume the prey
(without prey replacement) for a period of four hours
(the time it took for the number of prey consumed to
plateau at high prey densities in pilot studies), after
which the gobies were removed and the individuals’
sex, weight, and length were recorded. The remain-
ing number of live prey were counted. Each prey den-
sity was replicated in triplicate (n= 18 per treatment),
plus predator-free controls.

Gobies used in each experiment were subject to
reuse, but never at same treatment and prey density to
avoid pseudoreplication, and always with at least a two-
week rest period between uses.

Model selection

FRs were modeled using Rogers’ Type II model (Rog-
ers 1972; Eq. (1)) and Hassell’s Type III model (Hassell
et al. 1977; Eq. (2)). Per Hassell et al. 1977, attack rate,

a, in Rogers’ Type II model can be substituted with

liN;/ to represent a Type III FR (Pritchard et al. 2017):
ClNg
N, = Ny(1 — exp(a(N,h — T))) )
N, = Ny(1 (bN, Neh = Ly 5
e = VoL — explONg ————
1+ ¢N, )

where N, is the number of prey consumed, N, is the
initial prey density, a is the attack rate (the rate at
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which the predator encounters the prey, at a given
density), A is the handling time (the time it takes for
the predator to process and consume the prey), T is
the experimental duration in hours, and b and ¢ are
free parameters. Both models account for the deple-
tion of prey, and therefore are appropriate for experi-
ments without prey replacement (Alexander et al.
2012). We omit Type I FRs from the candidate
models as Type I FRs are generally considered to
be mechanistically constrained to filter feeders and
thus are inappropriate for describing goby predation
(Jeschke et al. 2004).

Model fitting and selection were completed using
the FRAIR package in R (Pritchard et al. 2017). There
are multiple techniques commonly reported in the lit-
erature for the selection of best-fit models for FR data
(Alexander et al. 2012; Paterson et al. 2015; Pritchard
et al. 2017); here, we used four model-selection meth-
ods described in Pritchard et al. (2017):

1. Juliano’s method (Juliano 2001) fits a polynomial
logistic function to the proportion of prey con-
sumed by density. A Type II curve is character-
ized by declining proportional consumption with
increasing density, while a Type III curve follows
an initial increase followed by a decrease in the
proportional consumption with increasing prey
density. Juliano’s method was achieved using the
“frair_test” function in FRAIR (Pritchard et al.
2017), which uses forward selection step-wise
regression to statistically test for support of Type
IT and Type III FRs.

2. Fitting a generalized FR model with a scaling
exponent g on the attack rate (a). When ¢ =0 the
model represents a strict Type II curve, whereas
g>0 progressively represents stronger support
for a Type III curve, up to a maximum value of
g=1 (Real 1977; Rosenbaum and Rall 2018;
Pritchard 2025). This generalized form allows for
prey depletion:

a = bNg 3)

N, = Ny(1 — exp@@eh=T0) 4

We allowed ¢ to vary and used a regression to test the
null hypothesis that g=0.

3. AIC comparison. We fit Type II (Eq. 1) and Type
III (Eq. 2) models to the data and used AICc to
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calculate AIC differences and Akaike weights to
determine which was a better fit. AIC differences
of ~2 points were considered to have differing
levels of support, and the model with the lower
AIC score was considered the best-fit model
(Burnham and Anderson 2004a).

4. Visual inspection. We inspected the relation-
ship between proportional prey consumption and
initial prey density fit with a locally-weighted
regression. Type II curves are diagnosed by a
declining proportional consumption with increas-
ing density, while Type III curves are suggested
when there is an initial increase in the propor-
tional consumption followed by a decline with
increasing prey density.

The best-fit model (Rogers’” Type II or Hassel’s
Type III) identified using each approach was recorded
and further analyses were conducted using the model
that had the most agreement amongst the methods
above (i.e., the “consensus model”).

Model fitting and comparisons

The best-fit model (as determined by consensus by
the model selection approaches above) was fit to each
empirical dataset using the “frair_fit” function from
the FRAIR package in R. This function employs a
maximum likelihood estimation using the “mle2”
function from the bbmle package in R, and the default
Nelder-Mead optimization algorithm (Nelder and
Mead 1965). We used reasonable starting param-
eter estimates (a=1, h=0.1 for Rogers’ Type II, and
b=1, c=1, h=0.1 for Hassel’s Type III). Result-
ing parameter estimates are stated in Table S3, and
a full description of the model-fitting procedure can
be found in the online repository (https://github.com/
JaimeGrimm/GobyFunctionalResponse).

Overall model fits to empirical data were com-
pared by bootstrapping the data (n=999) to produce
95% ClIs on the fit (Table S3; Pritchard et al. 2017).
Comparisons of attack rates and maximum feeding
rates are available in the supplementary materials
(e.g., Fig. S1 and Fig. S2).

Influence of Goby size and sex

We did not attempt to size match round gobies
collected for experiments because of challenges
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collecting a minimum quantity for sample sizes.
Instead, all gobies collected were used in experi-
ments regardless of size or sex, and the gobies col-
lected likely represent a limited size selection of the
actual population due to sampling techniques. For
this reason, we assessed what, if any, influence goby
size and sex had on experimental results by measur-
ing weight, length and sex after each trial. Weight
and length were analyzed against the proportion of
prey consumed across all treatments using Pearson’s
r correlation test. The effect of sex on the proportion
of prey consumption was assessed using a 2-group
Mann—Whitney U Test.

Simulation experiment

After using the described methods (Juliano’s method,
fitting a generalized FR model with a scaling expo-
nent, AIC comparison, and visual inspection) to
fit Type II and Type III FR models to the empiri-
cal data and identifying the best-fit model, we per-
formed a simulation experiment to explore variation
in model selection outcomes (Fig. 1). We began by
using experimentally-derived parameter estimates
(i.e., from models fit to empirical data; Table S3) to
simulate Type II and Type III FR models (Eqns. (1)
and (2), as described in Bolker (2008); Fig. S3). Per
experiment ((1) Habitat Complexity with Dead Prey,
(2) Habitat Complexity with Live Prey, and (3) Sub-
strate) and treatment ((1) Low, Intermediate, High;
(2) Low, Intermediate, High; (3) Rocks, Sand), we
drew one thousand sets of parameter values from a
uniform distribution bounded by the 95% confidence
interval and conducted one thousand simulations of
the Type II and/or Type III model(s) (Figs. S4-S6).
Given three cases in which fitting an FR model to the
empirical data did not produce parameter estimates
((1) Experiment 1, Low Complexity Treatment, Type
IIT FR, (2) Experiment 2, Intermediate Complex-
ity Treatment, Type II FR, (3) Experiment 3, Rocks
Treatments, Type III FR; Table S3), we conducted a
total of thirteen sets of simulations. We then used the
described methods (Juliano’s method, fitting a gener-
alized FR model with a scaling exponent, AIC com-
parison, and visual inspection) to fit Type II and Type
IIT FR models to the simulated data. Per treatment
(set of one thousand simulations) and model selection
method, we determined how often each FR model
was identified as the best-fit model, and summarised

our findings by calculating how often a given model
selection method identified the “correct” data-gener-
ating model as the best-fit model.

Literature survey

To gain insight into model selection methods and
interpretations of FR results in the literature of inva-
sion ecology, we conducted a publication search in
summer 2023 using the Web of Science database
with the search terms “functional response” AND
“invas*”. Our initial search yielded 404 results with
publications between the years of 1992 and 2023, and
402 of those articles were available online in full. We
limited our survey to FR literature that is used in the
context of invasive species because we are interested
in which studies apply ecological meaning to the
form of FR models best fit to their data. In addition,
we excluded review papers and theoretical papers,
focusing only on research that presented novel empir-
ical data. After screening publications that met those
criteria, we were left with 144 studies. For each, we
summarized the data on which model selection meth-
ods were used, whether model goodness-of-fit was
reported and whether ecological conclusions were
attributed to the type of curve.

Results
Model selection

The best-fit model identified by the four model selec-
tion approaches differed for seven of eight treat-
ments across experiments (Table 1). In most cases of
disagreement, only one of the four methods yielded
a different preferred model, but the model selection
approach that yielded a differing candidate FR dif-
fered across treatments. The “consensus” model was
selected as the FR form that was determined to be
the best fit by the majority of approaches, with the
exception of the low complexity with live prey treat-
ment, for which the model selection approaches did
not have a majority agreement on the best fit. For this
treatment, we chose to report model fits from a Type
IIT FR for ease of comparison between habitat com-
plexity treatments.
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Table 1 The best-fit model (Roger’s Type II or Hassel’s Type III FR) for each experimental treatment using four methods of model

selection
Model selection method: Habitat complexity experiments Substrate type
experiments
High/Live Int/Live Low/Live High/Dead Int/Dead Low/Dead Rocks Sand
Julianos No preference 1II I 1I I II II I
Generalized FR I 111 1I 1 1 I II 1
AIC I No preference 1II 1I 1II I No preference 11
Visual inspection I 1 1II I 1T 1I I I
Consensus I I No consensus 1II II 1I II 11

Experimental treatments are: high, intermediate and low structural complexity with live and dead prey, and pebble versus sand sub-
strate types. The “consensus” model was chosen by agreement by the majority of selection methods and is shown in bold. AIC values

and weights reported in Table S1

Habitat complexity and substrate-type FR forms

In the habitat complexity experiments, all round goby
FRs to dead prey (chironomid larvae) were best fit
by a Type II FR, while FRs to live prey (amphipods)
were best fit by a Type III FR regardless of habitat
complexity (except the low prey treatment, for which
there was no consensus amongst model selection
approaches; Table 1). In the substrate-type experi-
ments, FRs to both treatments (i.e., pebble and sandy
substrates) were best fit by Type II curves. Within
experiments, we saw the highest FRs (i.e., asymptotic

A
Habitat Complexity .

* Low
*  Intermediate
* High

30

15 20 25

Number of Prey Consumed

10

=) ] . . .

10 20 30 40 50
Prey Density

Fig. 2 FRs of invasive round gobies with high, intermediate
and low habitat complexity. (A) with live amphipod prey and
(B) dead (previously frozen) chironomid larvae prey. Lines are
the best-fit model for each treatment: Roger’s Random Predator

@ Springer

maximum feeding rates; see supplementary materi-
als) in less complex habitats (with amphipod prey)
and on sandy versus rocky substrates (Figs. 2A and
3). There were no significant differences in over-
all FRs in habitat complexity with dead chironomid
prey (Fig. 2B). In predator-free controls, amphipod
survival rate was 99.7% across all densities and treat-
ments, therefore we treated all mortalities as being
attributed to the predator. Across all treatments, there
was no correlation between the proportion of prey
consumed and goby length (Pearson’s r; #,;5=1.38,
p=0.17, r=0.11), weight (Pearson’s r; t,,,=—0.76,

B

Habitat Complexity .
* Low
*  Intermediate
*  High

20 30

Number of Prey Consumed

10

0 50 100 150
Prey Density

equation (Type II) for dead prey and Hassel’s equation (Type
III) for live prey. Shaded regions are the 95% confidence inter-
vals on the model fit, generated by bootstrapping (n=999)
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Fig. 3 FRs of invasive
round gobies on rocky

and sandy substrate types.
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Lines are the fitted Roger’s
Random Predator equation
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are the 95% confidence
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p=045, r=-0.061), or sex (Mann—Whitney U;
W=2663, p=0.47).

Simulation experiment

Across thirteen cumulative treatments and a major-

20

30 40 50 60 70
Prey density

IIT model (Table 2). Visual inspection resulted in the
identification of the “correct” FR in nine cases, and in
the identification of the “incorrect” FR in four cases
(Tables S4, Table S5). While we were easily able
to visually identify Rogers’ Type II FR, we experi-
enced difficulty in identifying Hassell’s Type III FR

(Table 2).

ity (over five hundred of one thousand) of simulated
datasets, Juliano’s method identified the “correct” FR
in four cases, mis-identified the FR in three cases, and
failed to support one model over another in six cases
(Tables S4, Table S5). Fitting a generalized FR model
with a scaling exponent resulted in the identification
of the “correct” FR in six cases, and in the identifica-
tion of the “incorrect” FR in seven cases (Tables S4,
Table S5). AIC comparison identified the “correct”
FR in seven cases, mis-identified the FR in five cases,
and failed to support one model over another in one
case (Tables S4, Table S5). More generally, Juliano’s
method and AIC comparison favoured the selection
of Rogers’ Type II model, while fitting a generalized
FR model favoured the selection of Hassell’s Type

Literatu

e survey

Of the 144 studies that met our criteria for inclu-
sion, model selection was done in 119 (83%) studies
using the methods outlined above. Juliano’s method

was the most ubiquitous (72%), followed by AIC

(16%) (Table S2). 20 studies used multiple methods

of model selection, and of those, methods agreed in
45% of cases. In an additional 20% of studies, the
authors do not report all results of selection methods
described in the methods Sect. 16% of studies explic-
itly acknowledged that models were applied phenom-
enologically rather than mechanistically, and of those

@ Springer
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Table 2 The best-fit model (Roger’s Type II or Hassel’s Type III FR) for each simulation treatment using four methods of model

selection
E i t | E i t Treatment
Xperimert Xpenmen reatmen Juliano's Generalized FR  AIC  Visual Inspection
Category
"Low, Type Il | i 1 TR i
Int., Type II II I II I
Experiment 1/} "1 oe 11 11 I 11 11
(Dead Prey)
High, Type IT il I 1 I
Habitat High, Type III 11 I | 11
Complexity T T
Experiments Low, Type Il = No Preference I I I
Low, Type III | No Preference I II I
Experiment 2|\ Type Il | No Preference 1 I 11
(Live Prey)
High, Type I = No Preference I II II
High, Type III| No Preference I11 NA I11
Rocks, T
H"‘ S WYPE 1 N6 Preference 1 I 11
Substrate E iment 3
Experiment Do N2 Sand, Type 1T I 11 I il
Sand, Type III I No Preference I II

As above, simulation treatments are: high, intermediate and low structural complexity with live and dead prey, and pebble versus
sand substrate types. The stated best-fit model is the model selected in an absolute majority of fits to one thousand datasets per treat-
ment (Table S5). When choosing the best-fit model via “Visual Inspection”, per treatment, we used Lowess smoothing to combine
simulated datasets into groups of fifty and evaluated the resulting twenty curves manually. Blue and orange text indicate Type II and

Type III data-generating models, respectively

that acknowledged phenomenological use, 65% still
posited mechanistic and/or predictive ability of the
FR model.

Discussion

In the habitat complexity experiments, only prey type
(i.e., mobile versus immobile), influenced the type
of FR best fit given our experimental data. Increas-
ing complexity and switching the substrate type from
sand to pebbles had no effect on the best-fit FR model.
However, we found that the model selection approach
employed in the analysis of empirical FR data altered
the determination of the best-fit model in seven out
eight cases, demonstrating the need for careful consid-
eration of model selection methods and results when
identifying and using top-ranked models. Model selec-
tion approaches reported in the literature to identify top

@ Springer

FR models are variable. In studies that used more than
one approach, the methods agreed on the top model
in only 45% of cases. We have demonstrated that the
type of FR model that best describes empirical data is
context-dependent and highly influenced by the model
selection approaches used. We suggest that model
selection could be improved through careful experi-
mental design, and by considering the biology of the
system of interest to inform the inclusion of candidate
models and expected outcomes, assessing goodness-of-
fit, and comparing different model selection approaches
and employing robust model selection methods, like
cross-validation.

Substrate-type, habitat-complexity, and simulation
experiments

When considering the consensus model (i.e., the FR
form that was determined to be the best fit to the data
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by the majority of model selection approaches), we
did not observe the expected switch from Type II to
Type III FRs with increased structural complexity
that has been reported in other studies (e.g., Alex-
ander et al. 2012; Barrios-O’Neill et al. 2015). The
results did indicate a preference for Type III FRs for
data generated with live prey in habitat-complex-
ity experiments, but this preference was consistent
between intermediate and high complexity treat-
ments, and there was no model consensus for the low
complexity treatment (Table 1). Increased complex-
ity is expected to provide predator-free space (i.e.,
interstices between rocks that can be accessed by
prey, but not the predator) reducing the slope of the
curve at low densities (Barrios-O’Neill et al. 2015),
resulting in data best fit by Type III models. This
effect should be greater for prey that have the ability
to actively seek out the predator-free space than for
dead prey that only enter interstitial spaces by chance,
as seen here. This observation is consistent with
similar results comparing FRs of topmouth gudgeon
(Pseudorasbora parva; another invasive fish) on live
prey (Daphnia) and frozen chironomids (Boets et al.
2019). However, this result is contingent on which
model selection approach is used. Further, as this
study (and the study reported by Boets et al. 2019),
used different prey species to represent live and dead
treatments, it is impossible to disentangle the effect
of prey mobility with biomass or the predators’ detec-
tion and processing of different prey types. Future
studies are needed to disentangle this effect.
Following the assertion that Type III FRs repre-
sent stabilizing predator—prey dynamics, our findings
could suggest that invasive round goby per capita
consumptive impacts are less pronounced on complex
substrates than on simple ones, and should be less
disruptive to prey populations in these habitats. Sev-
eral studies point to invasive round goby abundances
being greater on rocky substrates (Ray and Corkum
2001; Lapointe et al. 2007; Young et al. 2010), and
that these substrates may protect the eggs of broad-
cast spawners from goby consumption (Miano et al.
2019). However, field observations show that round
gobies exclude native logperch (Percina caprodes) on
coarse but not sandy substrates (Leino and Mensinger
2017). Given these observations, it is logical to con-
clude that any advantage observed for round gob-
ies on coarse substrate likely has very little to do
with their adaptation for feeding efficiently on such

a substrate, and more to do with escaping predators
by using interstitial spaces themselves, or more ade-
quate hard substrate required for building nests which
increases their recruitment (Kornis et al. 2012). It is
also likely that the aggressive behaviour of the round
goby excludes other species like logperch from com-
plex habitat even if their predation efficiency is lower
in such habitats. Nonetheless, the ecological interpre-
tation of the results presented here and in other stud-
ies—with regards to the stability of predator—prey
dynamics— is contingent on the model selection
approach used.

Per treatment and across one thousand simulated
datasets, each model selection method consistently
favoured one model over another (Table S4). How-
ever, regardless of the identity of the data-generating
model, different model selection methods exhibited
strong biases towards the selection of one model
over another (Table 2). For example, the application
of Juliano’s method produced minimal variation in
model selection within treatment groups, but over-
whelmingly selected Rogers’ Type II model as the
best-fit model across treatment groups. While consist-
ency in model selection within treatment groups may
inspire confidence, rigidity in selection among treat-
ment groups suggests that methodological biases may
undermine the reliability of these methods.

When fitting a generalized model to select between
Type II and Type III models, FRAIR’s “fair_fit” func-
tion estimates parameter estimates for the specified
model (e.g., Eq. 1 or Eq. 2) using a maximum like-
lihood approach. By fitting Eq. 4, which allows g to
vary, we use this function to test the null hypothesis
that g=0, and thus assess support for a Type II FR
(Pritchard et al. 2017). The NHST paradigm suggests
the rejection of the null hypothesis when p<0.05
(Johnson and Omland 2004), and as such, when
p>0.05, a lack of support for a Type II FR is often
interpreted as support for a Type III FR (Pritchard
et al. 2017). As such, while small shifts in the value
of g can transfer support for a Type II FR to support
for a Type III FR (Rosenbaum and Rall 2018), inter-
preting a lack of statistical support for a Type II FR
as implicit support for a Type III FR may result in
the undue selection of a Type III FR, as we observed
(Table 2, “Generalized FR”). Similarly, to discour-
age overfitting, AIC applies larger penalties to more
parametrically complex models. While the preven-
tion of overfitting often serves to improve predictive
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accuracy, when multiple competing models provide
an adequate fit to the data, mechanism-independent
model selection may preferentially select for simpler
models (Symonds and Moussalli 2011). While this
phenomenon can result in bias towards the selection
of the simpler Type I FR (when included in the set of
candidate models), here, this phenomenon results in
the undue selection of a Type II FR (Table 2, “AIC”)
(though recent work identifies bias toward the selec-
tion of a Type III FR (DeLong et al. 2025) when data
are sparse and noisy).

Relative to other model selection methods, visual
inspection of the simulated curves produced more
within-treatment variation, likely owing to the fact
that this method, while established in the literature
(Table S2), relies on the subjective judgement of the
researcher.

Model selection

Model selection can be challenging in ecological stud-
ies due to high variability in data. For FRs, there is no
one method that is widely recommended by methodo-
logical papers (e.g., Pritchard et al. 2017) or that is
consistently applied across studies (Table S2). Some
studies have foregone model selection all together,
and instead fit only one type of FR model to their
data, but still make predictions about the stability of
population dynamics from their results (Table S2).
The FoRAGE database (Functional Responses from
Around the Globe in all Ecosystems; a global data-
base of standardized functional responses) attempts
to address these issues by refitting FR models to
published data using a standardized approach, and
reporting resulting functional responses and param-
eter estimates, along with experimental designs and
conditions (Uiterwaal et al. 2022). Even when model
selection is attempted, most empirically-derived
FRs are classified as Type II (Faria et al. 2023). It
is unclear whether this trend is driven by simplified
experimental arenas limiting prey refuges, a lack
of prey replacement in experimental settings, the
absence of alternative resources, or because Type II
curves are the simplest model to fit to data (Jeschke
et al. 2002; Faria et al. 2023). Empirical FR data,
even in highly controlled experiments, are often not
clearly best described by one model or another (Bar-
rios-O’Neill et al. 2015; Faria et al. 2023). In reality,
the fit of Type II versus Type III curves is often not
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binary. Rosenbaum and Rall (2018) used simulation
experiments allowing the scaling exponent g (Eq. 3)
to be estimated as a free parameter, and demonstrated
that a small shift (e.g., from g=0 to g=0.2) can sig-
nificantly increase the stability of trophic interactions.
By estimating ¢ in a generalized FR model, research-
ers can avoid the temptation to provide a binary
assertion of whether populations’ predator—prey
dynamics are stabilizing or destabilizing. However,
existing methods of model selection via the estima-
tion of g assume that data are best described by Type
IT (g=0) or Type III (g>0) FRs and do not identify
cases in which data are not well described by either
FR, introducing bias towards the selection of a Type
IIT FR and against the consideration of an alternative
FR. As such, the estimated value of g should be inter-
preted carefully, and within the biological context of
the observed or experimental system.

Although AIC explicitly takes into account the
number of parameters included in a model, it may
favour complex (or, overfit) models, especially in
scenarios where none of the models presented are a
particularly good fit for the data (Symonds and Mous-
salli 2011). Variation in environmental and ecologi-
cal conditions in the field additionally challenge the
application of these predictions to wild populations
(e.g., increases in temperature can shift the type of
FR best fit to the data; Avlijas et al. 2022). Further,
AIC aims to compare the predictive accuracy of com-
peting models, which is distinct from causal infer-
ence, but uses within-sample data to do so (Arif and
MacNeil 2022). We may improve our confidence in
the selection and predictive accuracy of an FR model
by (1) incorporating low resource densities in the
experimental design and space resource density levels
logarithmically (Kalinkat et al. 2023), (2) consider-
ing the biology of a system and how system-specific
mechanisms inform the inclusion of candidate mod-
els and expected outcomes (e.g., omitting Type I FR
models when handling time is a biological reality for
the predator), (3) empirically assessing goodness-of-
fit (% or %), and (4) employing more robust model
selection methods, like cross-validation, which
involve fitting a model to a “training” dataset, and
evaluating its predictive accuracy using a “holdout”
or “testing” dataset (Gelman et al. 2014) (though
the reliability of both traditional information criteria
and cross-validation may be case-dependent; Wor
et al. 2025). Regardless, models that are appropriate
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for predictive inference are not necessarily appropri-
ate for causal inference, and as such, should not be
presented using causal language (Arif and MacNeil
2022; Johnson-Bice et al. 2021; Mac Nally et al.
2018; Symonds and Moussalli 2011). When multiple
candidate models are assigned similar ranks, model
averaging may constitute an attractive way forward
(Burnham and Anderson 2004b; Grueber et al. 2011;
Johnson and Omland 2004). Model averaging allows
researchers to develop multimodel inferences by
using assigned rankings to weight competing model
estimates (Cade 2015). However, averaging param-
eter estimates across candidate models relies on can-
didate models being structurally comparable. When
candidate models do not share the same structure,
parameter estimates are not comparable, and thus,
should not be averaged (Banner and Higgs 2017;
Cade 2015; Dormann et al. 2018). Alternatively, one
may resolve model uncertainty by averaging predic-
tions across candidate models, as detailed by Dor-
mann et al. (2018), and empirically demonstrated by
Meller et al. (2014).

Conclusions

A shift from the paradigm of null hypothesis test-
ing and the reliance on p-values to model selection,
associated model ranking, and goodness-of-fit esti-
mates can unearth a greater understanding of biologi-
cal phenomena. However, ecologists must be cogni-
zant and upfront about the limitations of whatever
tools we are using. Comparative FR experiments are
a robust experimental approach for comparing the
relative impact of species or populations in a con-
trolled setting, while accounting for potential con-
text dependencies (Dick et al. 2013, 2017a, b; Faria
et al. 2023). In this application, and recognizing its
limitations, model selection may be unnecessary as
choosing to fit one a priori model can be sufficient if
the goal is only to understand the relative per capita
effects between two groups. In this case, research-
ers should be upfront that their approach is phenom-
enological rather than mechanistic so the conclusions
are not extrapolated beyond their limitations (i.e.,
their predictive power). However, if the goal is to be
able to apply the results from comparative FR stud-
ies to make predictions about patterns in the field,
we advise undergoing careful model selection and

consideration of limitations, including the limited
predictive ability to out-sample data. Studies using
this mechanistic approach should incorporate realistic
conditions into their experimental designs to closely
approximate field conditions (e.g., habitat struc-
tural complexity, multiple prey types, prey replace-
ment, multiple trophic levels). Ecological predictions
derived from FR experiments should be tested in the
field (e.g., O’Neil 1989; Shenk and Bacher 2002) or
in very carefully designed experiments that capture
the context-dependent nature of invasion impacts.
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