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Abstract
Parasitoids play a key role in biological control, regulating pest populations in natural and agri-
cultural ecosystems. Their efficiency depends on a thorough understanding of host–parasitoid
interactions. Among these, the functional response, the relationship between parasitism rate
and host density, plays a critical role. Despite a well-established background, challenges remain
in experimental design, model selection, and parameter estimation for functional response
analysis in parasitoids. This study aims to provide a practical guide to addressing these chal-
lenges. We outline key considerations in experimental design, including the selection of model
organisms and initial host densities. For model selection, we present methods to differen-
tiate between Type II and Type III functional responses, identifying the best-fitting models
for parasitoids. In parameter estimation, we present an example demonstrating the applica-
tion of functional response models for each type, including parameter estimation to guide
model choice. Additionally, we provide equations and code based on published data to facilitate
parameter comparisons. This guide provides a structured framework for experimental design,
parameter estimation, and model selection in functional response studies, which is adaptable
to various host–parasitoid interactions. By enhancing methodological rigour, we aim to sup-
port researchers in improving the precision and applicability of functional response analyses
in parasitoid research.

Introduction

Parasitoids employ a variety of strategic approaches to exploit host species, contributing to their
survival and persistence. Key traits, such as whether a parasitoid is an idiobiont or koinobiont,
an endoparasitoid or ectoparasitoid, solitary or gregarious, and ovigenic or synovigenic, play a
critical role in shaping host-handling strategies, including its functional response (Aguirre et al.,
2024; Jervis et al., 2001). The functional response describes the parasitism as a function of host
density, making it one of the most widely applied models for evaluating parasitoid performance
(Fernández-Arhex and Corley, 2003; Hassell et al., 1977; Holling, 1959). Beyond its importance
in host–parasitoid population dynamics, the functional response is also valuable in behavioural
studies of host exploitation, including applications of the marginal value theorem and host
selectionmodels (Charnov, 1976;Okuyama, 2024;Wajnberg et al., 2000). Despite potential vari-
ations which are subject to many factors (from Type I to Type IV), parasitoids typically exhibit
two functional response types: Type II and Type III, characterised by hyperbolic and sigmoidal
saturating curves, respectively (Fellowes et al., 2023; Fernández-Arhex and Corley, 2003). A
Type II functional response indicates amonotonic decline in the proportion of parasitized hosts
as host density increases. In contrast, the Type III functional response shows an initial increase
at low host densities, followed by a decline at higher densities (Fellowes et al., 2023; Hassell et al.,
1977). Several functional response models have been proposed to describe Type II and Type III
responses, differing in their data handling processes and generating key parameters such as the
attack rate (or attack coefficient) and handling time (Juliano, 2001). Characterising functional
response curves is of particular use in parasitoid research, as it informs decision-making in aug-
mentative biological control and optimisation ofmass-rearing protocols (Fernández-Arhex and
Corley, 2003). For example, functional response curves allow researchers to assess the efficiency
of a parasitoid in suppressing given pest densities. This information is essential for determining
how many parasitoids to release in augmentative programmes and for choosing the best host
densities that maximise parasitoid production in rearing facilities.

Despite significant contributions to model selection and parameter estimation (Del Pino
et al., 2020; Manohar et al., 2020), there remains a pressing need for a unified and standardised
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approach.The lack ofmethodological consensus hinders compara-
tive evaluations, limiting the reliability of cross-study comparisons
(Chong and Oetting, 2007; de Oliveira and Reigada, 2023; Jones
et al., 2003). A practical framework would enhance consistency
and provide a foundation for refining methodologies, particularly
as the use of parasitoids and biological control increases and more
datasets become available (Mason, 2022). Efforts to standardise
the methodology for analysing functional responses have received
significant attention, with the aim of developing tools to facili-
tate the re-evaluation of previously published models (Uiterwaal
et al., 2022). To provide ready-to-evaluate data for such tools and
to establish an effective framework or foundational knowledge for
functional response data evaluation, it is essential to first iden-
tify and thoroughly characterise the challenges associated with
experimental conditions and data analysis processes.

To address these challenges, this study provides a practical guide
for functional response analysis in parasitoids. We focus on (1) the
selection of experimental model organisms (e.g., host-parasitoid
pairs) including density- and (experimental) time-dependency, (2)
model selection for functional response type (i.e., curve selection),
and (3) parameter estimation determining the most appropriate
equation from available models.

Experimental conditions

The biotic conditions, particularly those related to the experimen-
tal organisms in both controlled and open-field environments,
are critical in shaping host–parasitoid interactions. A fundamen-
tal consideration is the selection of realistic host densities, as
functional response analysis depends entirely on host availabil-
ity. For instance, egg parasitoids often encounter host patches
with egg numbers that exceed their daily parasitism capacity.
Telenomus busseolae, a specialist pro-ovigenic egg parasitoid, pro-
vides an example of this challenge. As a specialist, it relies heav-
ily on its target host, Sesamia spp. (Lepidoptera: Noctuidae). It
efficiently detects and parasitizes host eggs, with minimal self-
superparasitism due to host-marking pheromones. Moreover, due
to its high reproductive potential, it is capable of laying more than
50% of its total eggs (approximately 80 under laboratory con-
ditions) within the first two days of its lifespan (Agboka et al.,
2002; Olaye et al., 1997). Given that Sesamia spp. egg batches
can reach up to 200–300 eggs during peak oviposition periods,
far exceeding the early-life parasitism capacity of T. busseolae
(Dimotsiou et al., 2014), experiments should be tailored to reflect
these conditions occurring in field conditions (Jamshidnia et al.,
2010). A similar principle applies to generalist egg parasitoids,
such as Trichogramma spp., which parasitize the eggs of a wide
range of lepidopteran host species across varying host densities
in natural conditions. Studies indicate that using ecologically rel-
evant host densities during the parasitoids’ peak parasitism peri-
ods improves the accuracy of functional response characterisation
(de Oliveira and Reigada, 2023; Tonğa, 2024; Tonğa et al., 2024).
These studies typically resulted in either a Type II or Type III
functional response. Focusing solely on host densities that do
not surpass daily parasitism capacity, under the assumption that
handling time is negligible and does not constrain host attack con-
stantsmay lead to incomplete interpretation of functional response
models (Fellowes et al., 2023). For example, the parasitism rates
of Trichogramma species were better explained by a Type I func-
tional response as host egg densities submitted to them did not
exceed their daily parasitism potential (Kalyebi et al., 2005). The
authors argued that while a Type I functional response may not

fully represent the parasitoid’s theoretical potential for controlling
pests with high reproductive rates, it is still valuable for evaluat-
ing the control potential of these parasitoids against pests with
smaller egg batches (Kalyebi et al., 2005). This suggests that both
lower and higher host densities can reveal important aspects of
host–parasitoid dynamics, depending on the targeted pest species
(Fellowes et al., 2023). For generalist egg parasitoids, variation
in densities of different host species may provide insights into
their host–parasitoid interactions. In contrast, for specialist par-
asitoids, functional response models derived from experiments
with both lower and higher host egg densities can perform bet-
ter. Therefore, inclusion of widely spanning host densities helps
interpret more realistic Type II and Type III models. However,
a clear distinguish between Type II and Type III models require
sufficient number of replications in lower host densities since
underestimation of the effect of lower host densities may mislead
decision-making between Type II and III models (Uszko et al.,
2020).

The same considerations extend to Braconidae, parasitoids
of aphids, which encounter colonies with varying host densities
under natural conditions. In such cases, experimental constraints
on host density may not be necessary (Byeon et al., 2011; Talebi
et al., 2022). However, for parasitoids attacking larval, pupal, or
adult stages of lepidopteran pests, host availability differs signif-
icantly. These life stages are often solitary, in small groups, con-
cealed, ormobile. Consequently, since synovigenic parasitoidsmay
not reach their full ovigeny potential during foraging, ovigeny
alone may not determine functional response outcomes (Dannon
et al., 2010). Instead, the rate of egg maturation and, in some cases,
adult host feeding can also influence the results, indicating that
host availability is the key component of functional response evalu-
ations and should be carefully considered. Accordingly, host aggre-
gation patterns also influence experimental designs. For example,
Dipteran larvae often exhibit aggregative behaviour and tend to
pupate in close proximity, increasing the probability of parasitoids
encountering a broad range of host densities (Heaton et al., 2018;
Khan et al., 2020).

The majority of functional response experiments use a 24-hour
duration for practical reasons. This timeframe is often sufficient
for comparative assessments of idiobiont and some koinobiont
parasitoids, but it does not fully capture field conditions, partic-
ularly for koinobionts with longer lifespans. Thus, a critical factor
is the time required for the development of an adequate number
of parasitoid eggs in response to host density. Traditional func-
tional response experiments often use short time frames, which can
introduce bias, especially for synovigenic parasitoids which require
time tomature their eggs before they are fully prepared for effective
foraging (Aguirre et al., 2024; Griffen, 2021). In contrast, proovi-
genic parasitoids, which emergewith their full complement of eggs,
are immediately capable of foraging, making them suitable for
short-term experiments (24 h). However, many parasitoids exhibit
intermediate reproductive strategies, being neither fully synovi-
genic nor proovigenic (Jervis et al., 2001). In such cases, as well
as in synovigenic species, additional factors, such as non-foraging
time budgets, must be incorporated into functional response mod-
els to ensure accurate evaluations (Aguirre et al., 2024). Extending
experiments beyond 24 h can help egg maturation processes, but
only if the risks of host depletion and superparasitism are carefully
managed (Tonğa, 2024; Tonğa et al., 2024).

Another challenge in functional response experiments is how
to address host depletion and superparasitism, both of which
can skew estimates of parasitism dynamics. In egg parasitoids,
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Table 1. The equations along with their definitions and characteristic functions mentioned in current study

Equation no Equation Definition Function

Eq. 1 Na
N0

=
exp(P0+P1N0+P2N2

0 + P3N
3
0)

1+exp(P0+P1N0+P2N2
0 + P3N

3
0)

Polynomial logistic regression Generates the coefficients employed to define the type of
functional response

Eq. 2 Na = N0 {1 − exp [a (hNa − T)]} Rogers random predation equation Generates attack rate and handling time for Type II func-
tional response model, generally for predators which also
fits well for parasitoids.

Eq. 3 Na = N0 −
W (ahN0 exp (aN0 − T)))/ah

Lambert W function application Provides a solution to Rogers random predation equation

Eq. 4 Na = (
(bhN2

0+bTN0+1)

2bhN0
) −

√(
(bhN2

0+bTN0+1)

2bhN0
)

2

− TN0
h

Hassell Type III functional response
model

Generates attack coefficient and handling time for Type
III functional response model.

where Na is the number of parasitized host eggs, N0 is the initial host egg density and Na/N0 is the proportion of parasitized host eggs, P0–P3 are the estimates corresponding to intercept,
linear, quadratic and cubic parameters, respectively, T is the experimental duration, a is the attack rate, b is the attack coefficient, h is the handling time.

host quality often deteriorates over time, while larval growth can
alter the suitability of hosts for larval parasitoids. One approach
has been to replace hosts to maintain constant densities, but
this can introduce artificial conditions. Modern analytical tools
allow declining host densities to be modelled directly (Bolker,
2008; Rosenbaum and Rall, 2018), reducing the need for replace-
ment to avoid complications during host replacement. For gen-
eralist parasitoids, counting host depletion without replacement
is recommended to account for parasitism dynamics accurately
(Hassell et al., 1977), whereas specialist parasitoids often rely on
host-marking pheromones to avoid superparasitism, making them
ideal model organisms for functional response studies particu-
larly compared to those that do not account for host replace-
ment (Agboka et al., 2002; Bruce et al., 2021). This is primarily
because the lower frequency of re-encountering hosts during a par-
asitoid’s search can be more accurately represented by models that
incorporate host replacement dynamics (Juliano, 2001). Whether
host replacement produces more realistic evaluations of parasitoid
behaviour remains an open question that should be considered
carefully.

The examples discussed above serve as guidance for consid-
ering host density, reproductive strategy, and species of para-
sitoids in functional response studies. However, the complexity
of host–parasitoid interactions means that experimental designs
will continue to evolve, particularly with advances in data science
and modelling approaches. Further refinement in experimental
methodologies will be essential to improve comparative analyses
and predictive modelling.

Model selection

The first step in functional response analysis is model selec-
tion, which requires statistical validation by investigators (Fellowes
et al., 2023). Traditionally, researchers characterised functional
response types based solely on curve shapes. Statistical signif-
icance tests, such as logistic regression with p-values, remain
widely used and provide a consistent framework for classi-
fication. At the same time, modern approaches increasingly
emphasise model-based inference, including more probabilistic
approaches fitting Hill exponents directly, which are advanta-
geous when significance testing falls short in application (DeLong,
2021; DeLong et al., 2025). A strategic starting point is to
begin model selection fitting polynomial logistic regression which
estimates key parameters from the proportion of parasitized

hosts as a function of host density: intercept (/constant, P0),
linear (P1), hyperbolic (/quadratic, P2), and sigmoid (/cubic, P3)
(Eq. 1 in table 1) (Juliano, 2001).

The assessment procedure in this manuscript is performed in
R statistical software (R Core Team, 2025). The estimates of poly-
nomial logistic regression as a function of parasitism proportion
(binary scale from 0 to 1) at different densities are obtained using a
generalised linear model (GLM) with a binomial distribution and
logit link function using MASS package (Hardy and Smith, 2023;
Ripley et al., 2023; Venables and Ripley, 2002). The significant P1
and P2 parameters allow characterisation of functional response
type (Juliano, 2001).

One criterion to separate Type II and III functional responses by
analysing the proportion of parasitized host is to test for significant
positive or negative linear coefficients in the expression fit by the
method of binomial GLM to data on proportion parasitism versus
NO (initial host density). The significant negative linear coefficient
(P1) revealed Type II (the proportional parasitism decreases as the
host egg density increases) functional response whereas a signif-
icant positive linear (P1) coefficient accompanied by a negative
quadratic (P2) coefficient revealed Type III (initially increasing
proportional parasitism is followed by a decreasing tendency as
the host egg density increases) functional response (fig. 1) (Juliano,
2001).

Several examples of previously published datasets are used to
guide researchers in the evaluation of the functional response. The

Figure 1. Typical characterisation of functional response curves for Type II (red
curve) and Type III (blue) depicting differential relationship in host–parasitoid models
as a function of proportional host parasitism.
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example codes and model summaries included in this paper are
derived from the statistical evaluation of various parasitoid strains
and species, as documented in our earlier publications (Tonğa,
2024; Tonğa et al., 2024).

The first example performs a clear functional response model
with a Type II curve as the linear coefficient is significantly negative
(Box 1, P < 0.001).

Box 1: Statistics of polynomial logistic regression established as
a generalised linear model with a binomial distribution clearly
demonstrating a Type II functional response.

summary(model)

Call:
glm(formula = cbind(parasitized, density - parasitized) ∼ density +
I(density^2) + I(density^3), family = “binomial”, data = data)

Coefficients:

Estimate Std. Error z value Pr(>|z|)
(Intercept) 2.357180587 0.268438444 8.781 < 2e-16 ***
density -0.086392317 0.019003740 -4.546 0.00000547 ***
I(density^2) 0.001076210 0.000348429 3.089 0.00201 **
I(density^3) -0.000004913 0.000001695 -2.899 0.00375 **

- - -
Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1

(Dispersion parameter for binomial family taken to be 1)

Null deviance: 1100.88 on 104 degrees of freedom
Residual deviance: 287.49 on 101 degrees of freedom
AIC: 559.45

Number of Fisher Scoring iterations: 5

In another example (Box 2), the model generates a negative
linear parameter which could easily be referred to as Type II
functional response as well while quadratic and cubic parame-
ters are insignificant (Box 2, P > 0.05). In this case, a researcher
could explore opportunities for reduced models. When the cubic
parameter was discarded from the model and the analysis was
re-performed, the model approvingly provided a negative linear
parameter (Type II) (Box 2, reduced model, P < 0.001). The
consistency in AIC value also confirms the performance of the
model.
Box 2: Statistics of polynomial logistic regression established as
a generalised linear model with a binomial distribution clearly
demonstrating a Type II functional response after model reduc-
tion. The outputs for ‘model’ and ‘reduced_model’ are presented
in this box.

summary(model)

Call:
glm(formula = cbind(parasitized, density - parasitized) ∼ density +
I(density^2) + I(density^3), family = “binomial”, data = data)

Coefficients:

Estimate Std. Error z value Pr(>|z|)
(Intercept) 2.650795214 0.291384616 9.097 < 2e-16 ***
density -0.087822221 0.020106361 -4.368 0.0000125 ***
I(density^2) 0.000645940 0.000365159 1.769 0.0769 .
I(density^3) -0.000001548 0.000001771 -0.874 0.3819
- - -
Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1

(Dispersion parameter for binomial family taken to be 1)

Null deviance: 923.29 on 104 degrees of freedom
Residual deviance: 163.96 on 101 degrees of freedom
AIC: 431.26

Number of Fisher Scoring iterations: 5

# reduced model

summary(reduced_model)

Call:
glm(formula = cbind(parasitized, density - parasitized) ∼ density +
I(density^2) + I(density^3), family = “binomial”, data = data)

Coefficients:

Estimate Std. Error z value Pr(>|z|)
(Intercept) 2.44050136 0.15681844 15.56 <2e-16 ***
density -0.07086105 0.00488280 -14.51 <2e-16 ***
I(density^2) 0.00032819 0.00003022 10.86 <2e-16 ***
- - -
Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1

(Dispersion parameter for binomial family taken to be 1)

Null deviance: 923.29 on 104 degrees of freedom
Residual deviance: 164.73 on 102 degrees of freedom
AIC: 430.03

Number of Fisher Scoring iterations: 4

In another example, a dataset resulting in complete set of signifi-
cant coefficients including negative quadratic parameter accompa-
nied by a positive linear parameter, reveals a Type III functional
response model (Box 3, P < 0.001).
Box 3: Statistics of polynomial logistic regression established as
a generalised linear model with a binomial distribution clearly
demonstrating a Type III functional response.

summary(model)

Call:
glm(formula = cbind(parasitized, density - parasitized) ∼ density +
I(density^2) + I(density^3), family = “binomial”, data = data)

Coefficients:

Estimate Std. Error z value Pr(>|z|)
(Intercept) 1.022730981 0.299867004 3.411 0.000648 ***
density 0.200587154 0.027212170 7.371 1.69e-13 ***
I(density^2) -0.005214686 0.000537508 -9.702 < 2e-16 ***
I(density^3) 0.000027417 0.000002671 10.266 < 2e-16 ***
- - -
Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1

(Dispersion parameter for binomial family taken to be 1)

Null deviance: 1703.56 on 104 degrees of freedom
Residual deviance: 241.02 on 101 degrees of freedom
AIC: 459.68

Number of Fisher Scoring iterations: 5

The non-significant P values of coefficients in full polyno-
mial logistic regression models can introduce bias, indicating that
reduced models could be valuable alternatives while evaluations
require careful consideration. Although models with lesser num-
bers of coefficients (restricted to linear and quadratic terms) are
considered promising, experts clearly advise a more focused inves-
tigation in data modelling (Pritchard et al., 2017). As a promising
approach, the frair_test() function from the package frair gen-
erates the sign and significance of first-order coefficient (linear)
and second-order coefficient (quadratic) terms in the polyno-
mial logistic regression equation as typical automatically reduced
models (Pritchard et al., 2017). This approach has been promis-
ing to provide a basic statistical test to differentiate whether a
dataset fits to a Type II or a Type III functional response. The
authors of the package frair suggest that this approach offers a
phenomenological approach to response shape characterisation,
but mechanistic models remain necessary for deeper ecological
insights (Barrios‐O’Neill et al., 2015; Pritchard et al., 2017). In an
alternative approach, a generalised form of functional response

https://doi.org/10.1017/S0007485325100655 Published online by Cambridge University Press

https://doi.org/10.1017/S0007485325100655


Bulletin of Entomological Research 5

involving a scaling exponent (q) parameter can help distinguish
between Type II and III models, where q = 0 represents a Type II
and q > 0 refers to a Type III functional response (Kalinkat et al.,
2023; Pritchard et al., 2017; Rosenbaum and Rall, 2018).Therefore,
we recommend that researchers explore detailed methodologies to
avoid over-reliance on direct reduced models. Such reliance can
influence the direction of model selection, potentially introducing
constraints in functional response data analysis. Reduced mod-
els may impact the model selection process and introduce bias in
subsequent steps, particularly in the exploration of relevant param-
eters. In cases where full vs. reduced models present ambiguities,
Akaike InformationCriterion (AIC) comparisons can aid in select-
ing the most appropriate functional response model. A thorough
understanding of this approach is essential for accurate functional
response estimation.

Parameter estimation

Estimating the functional response curve provides valuable
insights into parasitoid–host interactions. However, once the type
of functional response is determined and similar curves are
observed across different parasitoid groups, further investiga-
tion is necessary to elucidate the specific differences and sim-
ilarities between these groups. A Type II functional response,
characterised by a decelerating parasitism rate, can destabilise
host–parasitoid population dynamics by inducing inverse density-
dependent host mortality (Hassell, 1978). In contrast, a Type III
functional response, which involves density-dependent host mor-
tality, may contribute to stabilising these dynamics (Fellowes et al.,
2023; Murdoch and Oaten, 1975).

The second step in functional response analysis involves data
modelling and parameter estimation which can be carried out
using various fitting algorithms. For example, non-linear least
square has been widely used (Trexler et al., 1988). Bayesian
approaches are quite advanced allowing full posterior distribu-
tions of parameters and model selection (Papanikolaou et al.,
2021). More frequently, maximum likelihood estimation (MLE) is
applied to better quantify uncertainty and exploit likelihood‐based
inference. This method optimises the relationship between the
number of parasitized hosts and the initial host density at the
start of the experiment (table 2; Bolker, 2008; Bolker et al., 2023;
Juliano and Williams, 1987). At this stage, this optimisation on
the basis of arbitrary probability distributions, allows parameter
estimation in both Type II and Type III functional responses,
depending on the selected model. This process is implemented
using the mle2 function of the bbmle package (table 2; Bolker
et al., 2023). For a Type II functional response, where the propor-
tion of parasitized hosts declines monotonically with increasing
host density, the attack rate (a) and handling time (h) parameters
were estimated using the Roger’s random predation model (Eq. 2
in tables 1 and 2). This model accounts for host depletion, assum-
ing no host replacement during the experimental period (Rogers,
1972).

Hymenopteran parasitoids predominately exhibit Type II and
Type III functional responses, requiring appropriate model selec-
tion. For Type II functional response, Holling’s disc equation is
the classical model that estimates the attack rate (a) and handling
time (h) under the assumption that prey (or hosts) are continuously
replaced (Holling, 1959). However, in experiments where hosts are
not replaced, as is typical in parasitoid studies where each host
can only be parasitized once or the host matures, host depletion

occurs over time. In such cases, the Rogers random predator equa-
tion is more appropriate, as it explicitly accounts for the declining
number of available hosts during the exposure period (table 2, Eq.
2).The solutions to these equationswere derived using the Lambert
W function below (table 2, Eq. 3; Bolker, 2008; Rosenbaum and
Rall, 2018). This approach allows for an explicit solution of the
functional response equationwithout requiring iterative numerical
methods, facilitating faster and more accurate parameter estima-
tion in empirical studies.

For Type III functional responses, characterised by a sigmoidal
pattern, where parasitism initially increases at low host densities
before reaching an asymptote at higher densities, the attack coeffi-
cient is treated as a function of initial host density. To ensure con-
sistency of theoretical approach with Type II functional response
models, the Hassell Type III model was employed as an alterna-
tive to classical Type III model that describes that host depletes
over time and provides an analytical correct solution for estimated
parameters (Eq. 4 in table 1; Hassell et al., 1977; Rosenbaum and
Rall, 2018).

Which model fits best?

Selecting the best-fitting functional response model can be chal-
lenging, as multiple equations may be applicable. Visual inspec-
tion of data points, as a subjective method, unsystematically fitted
curves, limited host availability, and high variability in observa-
tions, in particular at lower host densities, can all complicate the
decision-making process (Kalinkat et al., 2023). For example, in
case of high variance, a Type II functional response could be
more advantageous than generalised models with three param-
eters while increasing the number of observations can improve
statistical power and model support to establish a Type III model
(Marshal and Boutin, 1999; Novak and Stouffer, 2021). Moreover,
although a model may exhibit a high R2, this metric alone may not
fully reflect model’s ability to capture the parasitoid’s responses at
low and high host densities. These effects at different density lev-
els require a deeper understanding of host-handling mechanisms
(Okuyama, 2012, 2024). To address these challenges, additional
tools may be used. For example, a recent study has used the
Deviation Information Criterion (DIC) index for model selection,
which can help identify well-fitting models by balancing explana-
tory power and parameter complexity (Aguirre et al., 2024). Yet,
there are further approaches to find the best fitting equations.
The Akaike Information Criterion (AIC) is particularly useful for
comparing models with similar functional response types (Tonğa,
2024). Both AIC and DIC, belonging to a family of information-
theoretic indices, evaluate the trade-off between model fit and
complexity, helping decide which of several candidate equations
(e.g., different parameterisations of Type II orType IIImodels) pro-
vides the best balance between explanatory power and parsimony.
A combined approach using above-mentioned tools to choose
the best-fitting model seems convenient, although its effectiveness
depends on the evaluator’s statistical expertise.

Parameter comparison

Parameter estimation in functional response analysis produces
two key parameters. First, it should provide an attack rate or
attack coefficient depending on the type of functional response
which has recently been explained as the space (area or volume)
containing host that is effectively cleared of the host by the attacker
and named as space clearance rate for predators (DeLong, 2021).
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Table 2. R codes employed to derivate the respective parameters of equations listed in Table 1 as well as their definitions and functions

Equation no Codes Definition Function

Eq. 1 # Polynomial logistic regression model
glm_parasitoid <- glm(cbind(parasitized, density-
parasitized) ∼ density + I(density^2) + I(density^3), fam-
ily = ‘binomial,’ data = data)

Generalised linear model with
binomial distribution

Generates the coefficients
employed to define the
type of functional response
as a function of polynomial
logistic regression

# Summary function to interpret model results
summary(glm_parasitoid)

Eq. 2 and Eq.3 # Introducing the equation
eaten.bolker = function(N0, b, h, q = 0, Tt, P) {
a = b*N0^q
Neaten.est = N0 – lambertW(a*h*N0*exp(-a*(P*Tt-h*N0)))/(a*h)
return(Neaten.est)
}

Maximum likelihood estimation
function to estimate the parame-
ters of Rogers random predation
equation

Generates attack rate and
handling time for Rogers
random predation equation
(Type II functional response
model), in this model b (= a)
is the attack rate and h is the
handling time.

# Introducing the parameters
nll.bolker = function(Neaten, N0, b, h, q = 0, Tt, P){
if(b ≤ 0 || h ≤ 0) return(Inf)
y = eaten.bolker(N0 = N0, b = b, h = h, q = q, Tt = Tt, P = P)
nll = − 1*sum(dbinom(x = Neaten,
size = N0,
prob = y/N0,
log = T))
return(nll)
}

Na is the number of parasitized
hosts, N0 is the initial host density,
a is the attack rate, h is the
handling time, and T is the
experimental time.

# maximum likelihood estimation function
rogers.model <- mle2(nll.bolker,
start = list(b = 0.03, h = 0.3),
data = list(N0 = data$density,
Neaten = data$parasitized,
Tt = 24,
P = 1))
rogers.model

Eq. 4 # Introducing the equation
eaten.hassell = function(N0, b, h, Tt, P){
p = -(b*h*N0^2 + b*P*Tt*N0 + 1)/(b*h*N0)
q = P*Tt*N0/h
Neaten.est = -(p/2) – sqrt((p/2)^2 – q)
return(Neaten.est)
}

Maximum likelihood estimation
function to estimate the parame-
ters for Hassell Type III functional
response model

Generates attack coefficient
and handling time for Hassell
Type III functional response
model, where b (= a/N0^q) is
the attack coefficient and h is
the handling time.

# Introducing the parameters
nll.hassell = function(Neaten, N0, b, h, Tt, P){
if(b ≤ 0 || h ≤ 0) return(Inf)
y = eaten.hassell(N0 = N0, b = b, h = h, Tt = Tt, P = P)
nll = − 1*sum(dbinom(x = Neaten,
size = N0,
prob = y/N0,
log = T))
return(nll)
}

where Na is the number of
parasitized hosts, N0 is the initial
host density, T is the experimental
duration, b is the attack coefficient,
and h is the handling time. Note
that Type III attack coefficient b is
not directly computed as Type II
attack rate a, since the attack rate
depends also on the initial host
density (a = bN0). However, the
handling time h has the same
interpretation for both Type II and
Type III models.

# maximum likelihood estimation function
hassell.model <- mle2(nll.hassell, start = list(b = 0.5, h = 0.3),
data = list(N0 = data$density,
Neaten = data$parasitized,
Tt = 24,
P = 1))
hassell.model

In Type II functional responses for parasitoids, attack rate (a = b)
represents the number of hosts successfully parasitized as a func-
tion of host density. In Type III functional responses, the attack
coefficient (b) is density-dependent and derived as a/N0 = b with
addition of aHill exponent (DeLong, 2021). Since these parameters
represent fundamentally different processes, direct comparisons
between Type II and Type III parasitoids are not valid (Fellowes
et al., 2023). However, recent advances in the field demonstrates

that the derivation of attack rate (space clearance rate therein)
for an alternative Type III model, having the same biological
meaning for Type II models, is possible with integration of a vari-
ety of functions that produce an asymptotic a (DeLong, 2021).
Instead, comparisons are generally restricted to the parameters
within the same functional response type. For example, the attack
rate should be compared between parasitoids exhibiting Type II
responses while the attack coefficient should be compared between
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parasitoids exhibiting Type III responses. Confidence intervals
can be used to assess differences – non-overlapping CI’s indicate
significant differences in attack parameters, but overlapping 95%
CI’s may not necessarily refer to lack of statistical significance
(Cumming, 2009). Handling time can be compared across different
functional response types, as it remains consistent across models
(Box 4).
Box 4: Maximum likelihood estimation model output for attack
rate and handling time, demonstrating the use of confidence inter-
vals in distinguishing parasitoid groups.The non-overlapping con-
fidence intervals significantly separates two parasitoid groups in
handling time, while overlapping confidence intervals may not
significantly differ two parasitoid groups in attack rate.

Summary(model)

Maximum likelihood estimation

Call:
mle2(minuslogl = nll.bolker, start = list(b = 0.03, h = 0.3),
data = list(N0 = data$density, Neaten = data$parasitized,
Tt = 24, P = 1))

Coefficients:
Estimate Std. Error z value Pr(z)
b 0.1040738 0.0068596 15.172 < 2.2e-16 ***
h 0.7046515 0.0266096 26.481 < 2.2e-16 ***
- - -
Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1

-2 log L: 584.6838

Confidence interval

2.5 % 97.5 %
b 0.09149465 0.1184667
h 0.65362544 0.7580343
Summary(model)
Maximum likelihood estimation

Call:
mle2(minuslogl = nll.bolker, start = list(b = 0.03, h = 0.3),
data = list(N0 = data$density, Neaten = data$parasitized,
Tt = 24, P = 1))

Coefficients:
Estimate Std. Error z value Pr(z)
b 0.1175214 0.0089908 13.071 < 2.2e-16 ***
h 0.8485886 0.0321274 26.413 < 2.2e-16 ***
- - -
Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1

-2 log L: 436.63

Confidence interval
2.5 % 97.5 %
b 0.1011940 0.1365771
h 0.7868983 0.9129827

Conclusion

This study provides a practical guide for functional response analy-
sis, offering a structured approach for experimental design, model
selection, and parameter estimation. However, it is important to
acknowledge that the models and equations presented here do
not encompass all possible analytical approaches (Juliano, 2001;
Pritchard et al., 2017; RosenbaumandRall, 2018; Tonğa, 2024), and
future research should explore additional refinements to enhance
the reliability and applicability of functional response studies.

Understanding the variation in parasitoid functional responses
to host density is critical for optimising biological control strate-
gies. Type II functional responses are beneficial for pest suppres-
sion when parasitoid daily parasitism capacity is not exceeded
(Harmon et al., 2003; Reay‐Jones et al., 2006; Tonğa, 2024). In

contrast, Type III functional responses enhance parasitoid adapt-
ability through density-dependent parasitism and learned foraging
behaviour, making them particularly suitable for classical biolog-
ical control programmes (Greenberg et al., 1998; Montoya et al.,
2012; Reay‐Jones et al., 2006; Tonğa, 2024). Moreover, parasitoids
aligning with a type III functional response can contribute to sus-
taining biodiversity, likely due to their learning abilities, adaptive
foraging, and host-switching behaviours (Kalinkat et al., 2023).

The functional response alone is insufficient for parasitoid selec-
tion in inundative biological control programmes. Factors such as
host range, searching efficiency, and learning capacity also influ-
ence parasitoid success. Furthermore, large-scale mass rearing
must ensure optimal reproductive potential and field establish-
ment without compromising efficiency. Despite its value, func-
tional response analysis has limitations, particularly regarding
the increasing frequency of host rejection over time, which is
often overlooked (Okuyama, 2024). Addressing these gaps through
methodological advancements will enhance the accuracy of para-
sitoid performance assessments (Fellowes et al., 2023; Okuyama,
2024).

Laboratory-based functional response studies often simplify
parasitoid–host interactions, but real-world ecosystems introduce
additional complexities. Parasitoid efficiency is influenced by host
plant characteristics, volatile organic compounds, and host behav-
ior, all of which impact foraging success (Mama Sambo et al., 2022).
Furthermore, interactions with conspecifics, competitors, preda-
tors, and entomopathogens may alter functional response dynam-
ics (Fellowes et al., 2023;Thierry et al., 2022). Future studies should
incorporate these ecological factors to improve our understanding
of parasitoid efficacy under field conditions.
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