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The phylophagous beetle (Agelastica alni) larvae outbreak defoliate the
canopy in Black alder (Alnus glutinosa) dominated forests. Phytochemical
defense of plants provides resistance against further beetle outbreaks. A
tachinid parasitoid (Meigenia mutabilis) of the beetle, and optimal foraging of
generalist passeriforms, provide resilience against the outbreak. Vernal growth
enables recovery of the canopy. These resistance, resilience, and recovery
processes operate at different time scales and are subjected to climate
and management-dependent phenology. Under phenological variability, this
eco-epidemic system of plant-pest-parasitoid-predator can adapt its stability or
shift its regime from coexistence. In this study, we developed a process-based
hybrid seasonal–annual model to examine the adaptive stability against regime
shift of this system across nine phenological scenarios. We then applied optimal
control theory to compare the cost and benefit of three management strategies
against regime shift: parasitoid release, parasitoid release plus larval removal,
and a fully integrated strategy including bird-habitat enhancement. Our results
showed that, across the phenological variability, the coexistence equilibrium was
the least frequently stable regime, whereas the parasitoid-free state was the
most frequent. Only the fully integrated management delivered a locally stable
managed equilibrium at minimum cost to maintain the coexistence equilibrium.

KEYWORDS

alluvial forest conservation, ecoepidemic model, ecological resilience, host–parasitoid
dynamics, intraguild predation, optimal control theory, phenological mismatch,
regime shift

1 Introduction

Black alder (Alnus glutinosa) dominates European riparian zones and supports diverse
flora and associated fauna habitats [Habitats Directive 92/43/EEC; [1]]. Outbreaks of the
phyllophagous leaf beetle (Agelastica alni) can substantially defoliate the black alder canopy
[2]. Under recurring defoliation from outbreaks, the forest system may collapse due to its
vulnerability to other environmental perturbations [3]. An induced physiological change
is evident in black alder that offers a stand-level resistance under beetle attack [2]. The
black alder canopy recovers via reflushing of leaves after defoliation [2], but repeated
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outbreaks can potentially constrain the recovery of the whole
canopy due to depletion of carbohydrates beyond a critical level
[4–6]. Therefore, a potential full recovery is expected to occur
mostly through vernal growth during the next spring following
the outbreak season. A resilience of the black alder forest system
comes from two natural enemies of beetle larvae that can control
the outbreak and aid faster recovery. One is Meigenia mutabilis,
a koinobiont larval endoparasitoid that parasitises beetle larvae
and kills the host larva during emergence [2, 7]. Another control
comes from the predation of generalist birds that follows optimal
foraging. Optimal foraging theory and empirical studies on a
few generalist avian diets suggest that passeriform birds may
exploit locally abundant prey, i.e., the leaf beetle, during the
outbreaks [8, 9, 85]. To prevent canopy loss from the beetle,
management interventions in alder-dominated habitats include
biological control of larvae and augmentation of natural enemies
[10, 11]. The stand-level resistance, vernal regrowth-dependent
recovery, and dual resistance from optimal foraging and parasitoid-
mediated resilience form a tractable framework to test the stability
of the ecoepidemic system as an adaptive property and how
to harness the benefit of this adaptivity to plan management
intervention better.

This leaf beetle typically causes outbreaks in spring and
early summer. During this period, newly flushed alder foliage
provides abundant food for larval feeding and development [12].
In response, alder leaves undergo induced phytochemical and
physical changes, including increased phenolic content, reduced
starch, and hardened leaf traits that collectively deter further
beetle foraging. These defenses determine stand-level resistance
and help prevent beetle spread to other susceptible trees [2, 13].
At the same time, the koinobiont larval endoparasitoid tracks
beetle larval aggregations and parasitises susceptible larvae by
ovipositing on their integument. The subsequent emergence of
adult parasitoids results in the death of parasitised larvae [2,
7]. Notably, there is no well-studied larval defense against the
parasitoid that has been documented. The existing studies of
beetles’ chemical defenses are directed to deter specialist birds [14].
Despite these defenses against specialist birds, larvae still remain
vulnerable to generalist passeriform birds, which select the most
abundant prey as a result of their optimal foraging strategy [15].
Ultimately, the timing and intensities of these intricate interactions
are dictated by phenological variations subjected to Climatic and
management context.

At least nine ecologically relevant phenologies vary in this
system, each having documented links to climate. Spring–
summer seasonal length, which changes under a warming climate,
determines the vernal growth period of the tree for canopy
recovery and vulnerability window for beetle to parasitoid attack for
resilience against beetle outbreak [2, 16]. Winter severity influences
the overwintering survival of both beetle and parasitoid, which
together set the effective outbreak intensity for the following
season [7, 12]. Parasitoid development rate increases with warmer
climate, raising mortality in parasitised larvae [7]. Concurrently, a
warmer winter also lowers the baseline mortality in overwintering
larvae. Aggregate predation pressure on the beetle from generalist
passeriform birds also varies widely [9]. This predation pressure
depends on habitat structure, breeding disturbance, local bird

community composition, learned avoidance of beetle chemical
defense, and the impact of bird-habitat enhancements. Adaptive
foliage and growth patterns can also impact beetle-parasitoid
interactions in alder forests under recurring beetle attack [2,
13]. The plant adaptation can lead to a lower carrying capacity
for the foraging aggregation of beetles, which is a phenological
signal for the parasitoid to locate the beetles. So, a decrease
in foraging aggregation can lead to a lower parasitoid attack
rate [7]. Thus, variability across phenologies jointly shapes the
interactions that adapt the system stability via resilience, resistance,
and recovery components.

Understanding how these phenological variabilities shape
adaptive stability as a property defined by dynamic resistance,
resilience, and recovery can offer strategic planning in habitat
restoration and especially pest control by minimizing cost
and maximizing benefit in two aspects: timing and effort per
intervention measures to design a combined strategy. The optimal
control theory can help minimize the cost of intervention strategies
using the interdependence of these phenologies, intervention
measures, and environmental changes [17]. A first step to apply the
strategy in the system is to understand the system’s equilibria and
their ecological desirability. For instance, since there is no direct
empirical evidence on the behavioral or visual distinction of the
parasitised beetles from susceptible ones, the consumption of both
classes can be assumed to be equal by generalist passeriform birds
[18]. Under this assumption, bird predation on parasitised larvae
can be interpreted as intraguild predation; foraging on parasitised
beetle larvae eliminates future parasitoid recruits as endoparasitoid
will be killed with beetle larvae before their emergence [19–21]. In
a hypothetical parasitoid-free scenario, the generalist passeriform
birds can still provide natural regulation of the beetle only during
the outbreak, but without sustained parasitoid, the risk of canopy
loss increases. Such a hypothetical parasitoid-free equilibrium,
even if locally stable, is ecologically undesirable. Consequently,
this research focuses on optimizing intervention strategies that
maintain coexistence equilibria and identify parameter conditions
that may drive the system to an ecologically undesirable equilibria.

Despite detailed empirical investigation into phenologies in
this focal ecoepidemic system, the canopy state regime and
adaptive stability remain poorly understood. Measuring resistance
is challenging and may only provide a limited understanding of
the current stage. For instance, it is empirically difficult to quantify
the exact thresholds for plant chemical accumulation, required
bird diversity, or parasitoid density needed to control the beetle
population without risking extinction. In this study, we measure
resistance as a loss from the expected outbreak intensity across
seasonal and annual scales. We define resilience as the reciprocal
of the rate of recovery in annual carrying capacity. However,
following Van Meerbeek et al. [22], we view ecological stability as
a multidimensional property rather than a single measure. This
perspective helps place our focal system within a broader stability
framework that includes resistance, resilience, and the ability of
the system to remain within the same domain of attraction after
perturbation [23, 24]. Here, we use that framework only as a
conceptual guide. The actual stability measures are defined using
biologically relevant variables from our hybrid seasonal–annual
model: low larval density and low cumulative defoliation indicate

Frontiers in Applied Mathematics and Statistics 02 frontiersin.org

https://doi.org/10.3389/fams.2026.1831903
https://www.frontiersin.org/journals/applied-mathematics-and-statistics
https://www.frontiersin.org


Ghosh and Singh 10.3389/fams.2026.1831903

strong resistance during the outbreak season, whereas rapid return
of annual carrying capacity and system state toward the reference
annual equilibrium indicates resilience across years. In this way,
Van Meerbeek et al. [22] provide the general language of stability,
while our model provides the system-specific quantities used to
evaluate the objectives.

Using these definitions, we formulate three aims to advance
the understanding of adaptive stability in this ecoepidemic
system. This framework can support management planning under
optimal control theory. O1. We identify the most probable stable
equilibria of the system across all phenological scenarios. To
meet this aim, we develop a process-based model that captures
phenologies and intervention strategies through parameters. We
represent phenological variability via a parameter space of the
model. We then search for all possible stable equilibria in this
variable parameter space. Next, we test H1: across phenological
variability, the system is likely to converge to a desirable coexistence
equilibrium, defined by the presence of a canopy, bird, and
parasitoid that can prevent future beetle outbreaks if reintroduced.
O2. We quantify the probability of the system shifting to an
undesirable equilibrium from its current coexistence equilibrium,
unless coexistence is the likeliest equilibrium across phenological
variabilities. We test H2: changes in certain phenologies, or
parameter values, may serve as early warning signals of a shift to
an undesirable equilibrium that still maintains stability. If so, we
aim to classify them for each potential undesirable equilibrium.
O3. We determine the minimal effort needed for three pest
control strategies against the leaf beetle to prevent regime shift.
Using optimal control, we aim to minimize the cost of effort per
strategy [17, 89]. To guide intervention planning, we test three
sets of scenarios, ranging from the least costly to the most costly
strategy combinations, against all variable phenologies. We do not
explicitly study the spatial variability of the system due to limited
comprehensive spatially explicit data for the Adler forests across
Europe. However, with the phenological variability, we show how
the result and our framework are adaptive for any specific black
alder forest as an additional dissemination measure. To extend
the framework beyond the analyses presented here, we provide an
interactive web interface described that allows users to explore how
phenological and management parameters shape adaptive stability
under site-specific or scenario-specific conditions.

2 Methodology

We employ process-based modeling to characterize the system
based on established ecological interactions. To clarify our
approach, we evaluate stability across parameters by examining
persistence, equilibrium shifts, and control performance. The
methodology is organized into the following subsections: model
setup (§2.1–2.2), stability analysis (§2.3–2.4), numerical study
(§2.5), and a web application for result dissemination (§2.6). The
model setup (§2.1–2.2) underpins all three objectives by specifying
system dynamics and phenological parameters. For Objective
1, stability analysis (§2.3) identifies annual-map fixed points,
while the numerical study (§2.5) assesses their frequency across
phenological variation. For Objective 2, stability analysis (§2.3–2.4)

delineates bifurcation boundaries and regime-shift conditions,
and the numerical study (§2.5) quantifies regime-shift probability
and ranks phenological drivers of instability using partial-rank
correlation. For Objective 3, stability analysis (§2.3) addresses the
optimal control problem, and the numerical study (§2.5) compares
management strategies according to a lexicographic feasibility-
then-cost criterion. The web application (§2.6) facilitates site-
specific exploration of results.

2.1 Model formulation

The model comprises two coupled modules that operate at
distinct temporal scales. Module 1 is a within-season eco-epidemic
ordinary differential equation system that characterizes the tri-
trophic dynamics during the spring-summer larval vulnerability
window of the leaf beetle. Module 2 is an annual discrete recurrence
process that connects successive seasons by updating the beetle
recruitment cohort, the parasitoid overwintering population, and
the implicit alder foliage carrying capacity according to cumulative
defoliation damage. All state variables are expressed per hectare of
alluvial forest stand. Because resistance emerges within and across
seasons, while resilience depends on annual canopy recovery and
carrying-capacity return, only a two-timescale model can identify
equilibria, regime shifts, and minimal interventions reliably.

Module 1: We consider four within-season state variables
over continuous time τ ε [0, T], where T is the duration of the
larval vulnerability window (baseline T = 55 days, range 45–70
days; univoltine phenology of the leaf beetle). We denote S(τ )
as the density of susceptible (unparasitised) beetle larvae, I(τ ) as
the density of parasitised (“infected”) beetle larvae, and F(τ ) as
the density of adult parasitoid flies. D(τ ): cumulative defoliation
damage. Population state variables are expressed per hectare of
alluvial forest stand, whereas cumulative defoliation damage is
represented as a dimensionless fractional quantity. We describe the
within-season dynamics of susceptible beetle larvae by:

dS(τ )
dτ

= −β × F(τ ) × S(τ )
1 + h × S(τ )

− cB × Bt × S(τ )
1 + aB × (S(τ ) + I(τ ))

− (μS + uC(τ )) × S(τ ). (1)

Here dS(τ )
dτ

is the rate of change of susceptible beetle
larval density over the within-season time τ . The first term,
−β× F(τ )× S(τ )

1+h×S(τ )
, represents the parasitoidism and follows a Holling

type II functional response. Here, β denotes the parasitoid attack
rate, and h denotes the parasitoid handling or saturation parameter;
together they capture the fact that parasitoid attack increases
with host availability but saturates at high larval density because
oviposition is time-limited. The second term, − cB×Bt×S(τ )

1+aB×(S(τ )+I(τ ))
,

represents predation by generalist passerine birds, also in Holling
type II form, where total larval density (S (τ ) + I (τ )) determines
the saturation of bird consumption. Here, cB is the per-unit
bird-pressure consumption rate, and Bt is an exogenous index
of generalist passerine bird pressure in the focal forest stand
rather than an explicit bird population state variable. We use
an index because bird abundance and community composition
are shaped by ecological processes operating beyond the focal
stand and beyond the seasonal timescale of the beetle outbreak,
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whereas in this model, we require only their aggregate predation
pressure on larvae [9]. The parameter aB is the bird half-saturation
or handling parameter and controls how quickly predation
approaches saturation as larval density increases. It therefore
reflects a saturating consumption process, not learned avoidance.
The final term, (μS + uC (τ )) × S(τ ), represents the removal of
susceptible larvae through baseline natural mortality and external
intervention. Here, μS is a background/baseline mortality rate of
larvae from causes other than parasitoidism and bird predation
[83], and uC (τ ) is the time-dependent removal rate of larvae due
to direct intervention during the within-season control process, and
during the within-season intervention process.

We describe the within-season dynamics of parasitised
(“infected”) beetle larvae by

dI(τ )
dτ

= β × F(τ ) × S(τ )
1 + h × S(τ )

− cB × Bt × I(τ )
1 + aB × (S(τ ) + I(τ ))

− (μI + δ + uC(τ )) × I(τ ). (2)

Here dI(τ )
dτ

is the rate of infected beetle larvae, the first term,
β×F(τ )×S(τ )

1+h×S(τ ) , represents the conversion of susceptible larvae into
the parasitised class through oviposition by parasitoid, and thus
forms the eco-epidemic core of the system. The second term,
− cB×Bt×I(τ )

1+aB×(S(τ )+I(τ ))
, represents predation on parasitised larvae by

generalist passerine birds in the same Holling type II form used
for susceptible larvae, with total larval density (S+I) determining
saturation. The final term, (μI + δ + uC (τ )) × I(τ )represents
removal of parasitised larvae through background mortality,
parasitoid emergence, and external intervention. Here, μI is the
background mortality rate of parasitised larvae, which we assume
to be at least slightly higher than μS to reflect the additional
physiological burden associated with parasitoid development
within the host. The parameter δ denotes mortality due to the
emergence of the adult parasitoid from the host and therefore
represents the delayed lethal effect of parasitoidism; its value
is linked to reported tachinid developmental timing and host
emergence intervals [7, 25].

dF(τ )
dτ

= η × δ × I(τ ) − μF × F(τ ) + uP(τ ), F(T) ≡ Ft (3)

dF(τ )
dτ

is the rate of change in the population density of
the parasitoid. Here η × δ × I(τ ) represents the recruitment
of new adult parasitoids: each parasitised larva that undergoes
parasitoid-induced death (at rate δ) yields η new adult flies, where
η is mathematically the conversion efficiency. For the solitary
endoparasitoid, η ≤ 1 (one parasitoid per host); η < 1 accounts
for parasitoid mortality during development within the host. The
second term is the natural mortality of adult parasitoid flies. The
third term is the parasitoid augmentation control, where uP(τ ),
representing management actions that increase parasitoid density
(e.g., intentional release of parasitoids in the forests).

dD(τ )
dτ

= K × (S(τ ) + I(τ )), D(0) = 0, D(T) ≡ Dt (4)

dD(τ )
dτ

represents the accumulation of the total defoliation
damage D(τ ) as an index (D (τ ) ∈ [0, 1)) inflicted by both

susceptible and parasitised larvae over the season. The parameter
κ converts larval density into a fractional defoliation rate. The
per-capita defoliation rate κ is taken as independent of larval
density because A. alni larvae are sedentary leaf feeders whose
individual consumption is energy- and gut-limited rather than
encounter-limited, and the empirical stand-scale defoliation–
growth relationship reported for broadleaf trees is linear [12, 26],
with resource-limitation feedback captured at the annual scale via
Equation 8. Ecologically, it represents the foraging rate of larvae on
the leaves of Black Adler. The terminal value D(T) ≡ Dt represents
the end of season defoliation and is passed to Module 2, which
determines the reduction in carrying capacity of the beetle for the
following year.

Module 2: We model the temporal map of the annual
recurrence that links successive within-season modules in this
second module following Wiggins et al. [84]. It updates beetle
recruitment, parasitoid carryover, and the implicit alder carrying
capacity. The key ecological process captured here is the resilience
mechanism: the deciduous Alnus glutinosa regenerates its entire
canopy each spring from new foliage, restoring the carrying
capacity for beetle larvae, but only to the extent permitted by the
tree’s vigor, which is penalized by cumulative defoliation damage
from the previous season. This module consists of 5 main equations
and 2 additional equations for optimal control and threshold
identification for regime shift during stability analyses.

S(0) = RB × At

1 + At
Kt

, I(0) = 0, F(0) = Ft (5)

S (0), the initial susceptible larval density at the start of each
season is determined by the Beverton–Holt recruitment function
[27], which limits the recruiting cohort At to the current carrying
capacity Kt through density-dependent competition for foliage.
The Beverton–Holt form is adopted because A. alni behavioral
ecology is consistent with compensatory, not overcompensatory,
density dependence at stand scale ([2, 12, 28–31]; see Annex 2,
Model Adequacy for full ecological justification). This choice
also isolates instability arising from the tri-trophic interaction
from any instability intrinsic to the recruitment function; the
Ricker alternative is retained as the structural-robustness control
(Annex 2, Step 10). RB is the annual beetle reproduction rate
calculated from its fecundity. No parasitised larvae exist at season
onset because parasitoid activity begins only when adult M.
mutabilis encounter susceptible host larvae within the season. The
initial parasitoid density F(0) equals the overwintering carryover Ft
from last year t.

At+1 = σA × S(T), Ft+1 = σF × F(T) (6)

At the end of each within-season window, the surviving
susceptible larvae S(T) are mapped to the recruiting cohort for the
next year (At+1)through an overwinter survival fraction σA. This
term mathematically represents a single annual survival parameter
that captures all the overwintering survivals: pupation in soil,
cold-season mortality, adult emergence, mating, and oviposition.
Similarly, σF represents end-of-season adult parasitoid density
to next year’s initial density, accounting for tachinid puparia
overwinter survival.

Bt = Bindex
t (1 + ξ × uB(t)) (7)
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Here Bt is the effective bird pressure in each year is the
product of the baseline bird index Bindex

t (obtained from PECBMS
monitoring data or equivalent woodland bird surveys) [88] and
a management multiplier (1 + ξuB (t)). The control variable
uB(t) represents annual bird-habitat enhancement actions (e.g.,
nest-box provisioning, structural habitat improvements, reduced
disturbance during the breeding season). The parameter ξ scales
the management effort to its effect on local bird density, i.e. the
increment or change of bird index as a response to management
effort uB (t ).

Kt+1 = K0 × exp(−ϕ × Dt) (8)

Kt+1 is the carrying capacity of consecutive years that captures
the core resilience of the system due to inter-annual feedback
from cumulative defoliation. K0 is the undamaged baseline carrying
capacity (corresponding to a fully recovered canopy from a
healthy Alnus glutinosa stand). exp (−φ×Dt) is a penalty that
depends upon the accumulated damage Dt . The penalty reduces
proportionally to next year’s foliage quality and quantity, as per the
empirical findings of Ferretti et al. [26] and Dolch and Tscharntke
[2]: broadleaf tree growth decreases by approximately 0.9% per 1%
increase in defoliation, and with the induced chemical resistance
and persists through the growing season (∼133 days) and reduces
subsequent beetle herbivory in the following year.

Finally, to analyse the optimal control of the system, we define
an objective functional that minimizes the total ecological and
management cost of beetle damage and intervention over a multi-
year planning horizon of N years, where each year contains one
within-season window of duration T.

J =
∑N

t

[∫ T

0
(ωDD(τ ) + ωSS(τ ) + cP

2
uP(τ )2 + cC

2
uC(τ )2)dτ

+ cB,cost

2
uB (t)2 + ωTDt

]
, (9)

where,

0 ≤ uP(τ ) ≤ uP,max, uC(τ ) ≤ uC,max, 0 ≤ uB(t) ≤ uB,max (10)

Here ωD, ωS, and ωT are the weights that penalize cumulative
damage, current larval density, and terminal damage, respectively.
Because D(τ ) accumulates over the season, the running penalty
ωD assigns greater weight to damage sustained later in the season,
reflecting the increasing physiological cost of prolonged defoliation.
Ecologically, these are the feedback to the carrying capacities for the
beetle larvae through accumulation of canopy loss, accumulation of
susceptibility to the infection from parasitoid, and accumulation of
end-of-season defoliation that reduces the chances of overwintering
of the beetles. cP, cCand cB,cost are the unit costs for the three
respective processes: Unit cost of parasitoid attack on larvae to
other forest economy, Unit cost of targeted removal of larvae,
Unit cost of bird-habitat conservation. However, for the model
retractability, we consider these costs as a fraction of the forest
management budget and, therefore, dimensionless.

We define the parasitoid invasion threshold RP as the capacity
of a small parasitoid introduction to grow across one full annual

cycle, following the next-generation approach [32] adapted to the
hybrid seasonal–annual structure ([33]; Annex 2, Step 6):

RP ≡ ∂Ft+1

∂Ft

∣∣∣∣x∗1 = σF
∂F(T)
∂F(0)

∣∣∣∣ S(0) = Ŝ , I(0) = 0, F(0) = 0. (11)

Here ∂F(T)
∂F(0)

is the partial derivative obtained from the
variational (sensitivity) equations of within season ODE. When
the within-season dynamics are evaluated at constant S(0) ≈
Ŝ and constant bird pressure Bt . Equation 6 updates beetle
recruitment and parasitoid carryover. Equation 7 updates
effective bird pressure. Equation 9 defines the control objective.
Equation 10 gives the feasible control bounds. Equation 11
defines the parasitoid invasion threshold. We reduce this
rigorous definition reduces to the interpretable approximation:
RP ≈ η×δ×β× Ŝ(

1+h×Ŝ
)
× μF×

(
μI+δ+uC+ cB ×Bt

1+aB ×Ŝ

) . RP < 1 denotes eventual

parasitoid extinction and a parasitoid-free equilibrium. RP > 1
means the parasitoid can invade and persist, representing the
endemic parasitoidism regime where biological control is effective.
RP = 1 marks the transcritical bifurcation boundary. This
boundary is searched by varying β , η, μF , cBBt , and uC ; remaining
parameters are listed in Annex 1.

2.2 Phenological scenarios and parameter
mapping

The nine phenological scenarios described in the Introduction
are represented in the model through variation of specific
parameters. Table S1 maps each scenario to its climate driver, the
affected model parameter(s), the baseline value, and the perturbed
range. Each range is justified by published literature or biologically
constrained priors (Annex 1). In the numerical analyses, the
effect of each scenario is first assessed individually (one-at-a-
time variation holding other parameters at baseline) to isolate
the contribution of each phenology, and then jointly through full
Latin Hypercube Sampling across all parameter ranges to capture
interactions among scenarios.

2.3 Stability analyses

The long-term stability of this system is determined by the
annual recurrence map rather than by the within-season ordinary
differential equation (ODE) considered in isolation. The within-
season ODE (Equations 1–4) characterizes loss and accumulation
processes over a finite interval τ ε [0, T]. Setting dS(τ )

dτ
= dI(τ )

dτ
=

dF(τ )
dτ

= 0 produces within-season pseudo-equilibria, which do not
represent ecologically relevant steady states [86]. Since the system
is reset annually through recruitment, overwinter survival, and
foliage recovery equations [5–8]. Multi-year dynamics, including
outbreak recurrence, parasitoid persistence, and tipping risk, are
governed by the annual map. The stability analysis is analytically
well-posed for our model but does not admit a closed-form
solution. Specifically, the annual map G and its structure, existence
conditions for fixed points, the Jacobian JG of the annual map
(derived via the chain rule and variational equations), the parasitoid
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invasion threshold RP as the dominant eigenvalue of JG, local
stability criteria (spectral radius less than one), and bifurcation
conditions (eigenvalue crossing the unit circle) are all derived
analytically [92]. In contrast, the seasonal flow �T and its
derivatives are evaluated numerically, as the Holling Type II
functional responses render the within-season ODE non-linear and
analytically intractable. This approach, which combines analytic
stability conditions with numerical evaluation of the seasonal
flow, is standard and mathematically rigorous for hybrid eco-
epidemic models [33, 34]. The analysis proceeds through a 10-
step framework, as detailed in Annex and has been generated via
Mathematica, and manual calculation.

The stability analysis addresses the three study objectives
through a stepwise analytical structure. For Objective 1 (O1), all
ecologically distinct fixed points of the annual map are identified
(Step 3). Their local stability is classified using the Jacobian
eigenvalues (Step 4). The parasitoid invasion threshold RP is
then computed (Step 6). The analysis scans the full parameter
space to determine the frequency of each equilibrium type across
phenological scenarios. The equilibrium with the highest frequency
is designated as the most probable equilibrium. Objective 2 (O2) is
addressed by tracking eigenvalue magnitudes [87] and bifurcation
boundaries across parameter space (Step 7). The regime shift
probability is computed as the fraction of sampled parameter sets
converging to an alternative equilibrium. Parameters are ranked
by their influence on bifurcation proximity using the PRCC of the
dominant eigenvalue magnitude (Step 10). Parameters identified as
drivers of instability become candidate early warning signals if the
corresponding phenology is empirically observable and its variation
matches the destabilizing parameter direction. Objective 3 (O3) is
addressed by optimal control analysis (Step 8) and a three-scenario
comparison (Step 9). This compares resistance, resilience, stability,
and cost outcomes across parasitoid-only, combined parasitoid-
and-bird, and full integrated control, applying a lexicographic
decision rule: feasibility first, then minimum cost.

2.4 Definitions of resistance, resilience, and
tipping during stability analyses

In this study, the framework of Van Meerbeek et al. [22] is used
to structure the interpretation of stability, not to replace the model-
specific metrics required by the present eco-epidemic system. Their
synthesis treats ecological stability as a set of complementary
properties that describe how a system responds to perturbation
relative to a reference condition and its domain of attraction.
We therefore map those general properties onto the quantities
generated by our annual map. Resistance is represented by
suppression of outbreak intensity, measured through equilibrium
defoliation and peak larval load; resilience is represented by the
rate of return to the annual equilibrium, measured through the
dominant eigenvalue magnitude and return time; and tipping is
evaluated from loss of local stability and from ecologically relevant
functional thresholds. The parasitoid invasion threshold RPis
included as a complementary regime-structure metric for Objective
2, rather than as a direct Van Meerbeek stability component.

We operationalise the first two components for the hybrid
seasonal-annual model as follows. All metrics are standardized

against a reference state and bounded between −1 and 1,
enabling comparison across phenological scenarios. We apply these
standardized metrics to model-simulated trajectories from the
annual recurrence map, treating the map output as the system
time series from which the reference value and perturbation
response are extracted. Reference state. For each system variable,
the reference state SR is defined as its value at the annual fixed
point x∗ = (A∗, F∗, K∗). Specifically, resistance is assessed using
cumulative defoliation D as the system variable, with SR = D∗

(equilibrium defoliation defined by mean of simulated recurrent
defoliation over the year); resilience is assessed using carrying
capacity K as the system variable, with SR = K∗ (equilibrium
carrying capacity). Different system variables may have different
reference states, consistent with the multidimensional treatment
of stability [23, 24]. Resistance is the capacity of the system to
withstand change during a perturbation [22]. It is measured by
the standardized index: Resistance = 1 − 2|SR− SX |

SR+ |SR− SX | (R1),
where SX is the value of the system variable at maximum deviation
following a standardized pulse perturbation to the annual map
(displacement of At by ± δ% of A∗, with δ = 20% as the baseline
perturbation magnitude). A resistance value of 1 indicates no
deviation from the reference; 0 indicates deviation equal to the
reference value. As complementary indicators, we also report the
equilibrium cumulative defoliation D∗ and the peak within-season
total larval density maxτ [S(τ ) + I(τ )] along the seasonal trajectory
starting from fixed-point initial conditions. Resilience is the rate at
which the system returns to its reference state after a perturbation
[22, 35]. It is measured by the standardized index: Resilience =

2|SR− S0|
|SR− S0|+ |SR− SY | − 1 (R2), where S0 is the value of the system
variable at maximum deviation from the reference (i.e., S0 =
SX from the resistance measurement), and SY is the value after
Y annual iterations following the perturbation. We set Y = 5
annual cycles as the standardized recovery window, corresponding
to a management-relevant planning horizon. A resilience value of
1 indicates full recovery within Y iterations; 0 indicates no net
recovery. As complementary indicators, we report the dominant
eigenvalue magnitude ρ∗ = maxi |λi (JG (x∗))| of the annual-
map Jacobian at the fixed point and the characteristic return
time Treturn = − 1

ln(ρ∗) , which captures asymptotic (linearised)
resilience. Eigenvalue-based and trajectory-based resilience provide
complementary information: the former reflects the local linear
return rate, while the latter captures non-linear dynamics far from
the fixed point [36, 37]. The eigenvalue-based and trajectory-based
metric sets differ in their mathematical domain of validity; the two
need not rank scenarios identically (Annex 2, Step 4).

In the stability analyses, we employ related the basin stability
concept of Menck et al. [38], and definition of stability sensu
Vanmeerbeek [22]. We define adaptive stability as the capacity
of the system to maintain ecological function through the joint
action of within-season resistance and annual resilience, where the
balance between resistance and resilience adapts to phenological
conditions. Unlike engineering resilience (a single return-rate
measure; [35]), ecological resilience (a basin-of-attraction measure;
[39]), or adaptive capacity (a social-ecological management
concept; [40, 91]), adaptive stability captures the multi-timescale
interplay in which within-season resistance to outbreak damage
and annual recovery of canopy condition jointly determine whether
the system persists in a functional regime. Here, “adaptive stability”
is used as a descriptive term representing the joint behavior of
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resistance (R1) and resilience (R2), rather than a formally distinct
theoretical construct. The model contains two mathematically
distinct bifurcation structures (§2.3; Annex 2, Steps 1–5): the
within-season ODE operates in continuous time with stability
boundaries on the imaginary axis, while the annual map operates
in discrete time with stability boundaries on the unit circle
[33]. Because within-season pseudo-equilibria are not ecologically
interpretable as steady states (§2.3), all tipping in this study is
defined on the discrete-time annual map. We distinguish three
levels of stability loss that may or may not coincide [22, 41].

(i) Loss of local asymptotic stability: the dominant eigenvalue
magnitude ρ∗ = maxi |λi(JG(x∗))| crosses the unit circle (ρ∗

→ 1), and x∗ loses its attracting property. The crossing direction
determines the bifurcation types: fold, flip, or Neimark–Sacker (33;
Annex 2, Step 7).

(ii) Functional threshold crossing: The system variable enters a
functionally unacceptable range independent of any mathematical
bifurcation: the long-run mean defoliation exceeds Dcrit = 0.5
(corresponding to 50% seasonal defoliation; 26), or the carrying
capacity Kt falls below Kmin = 0.5 K0 for three or more
consecutive years, indicating persistent canopy degradation. The
system may satisfy this criterion while still retaining ρ∗ < 1, because
functional thresholds depend on the magnitude of the state, not on
the topology of the attractor.

(iii) Regime shift: the annual-map trajectory converges to a
structurally different attractor — the parasitoid-free fixed point x1∗,
the canopy-only state x0∗, or a periodic cycle. This can result from
the basin of x∗2 vanishing under (i), or from a finite perturbation
crossing the basin boundary independently of (i) (Annex 2, Step 7).

The dynamical tipping boundary is the critical parameter value
pc at which ρ∗(pc) = maxi |λi(pc)| = 1 in the annual map
(Equation 19). The functional tipping criterion (ii) is evaluated
relative to this boundary to determine whether ecological collapse
precedes or follows mathematical destabilization.

Regime shift probability and parametric drivers of instability
for O2. The probability of regime shift is defined as the fraction
of N LHS-sampled parameter sets (Step 10) for which the annual
map converges to an equilibrium qualitatively different from the
coexistence fixed point x∗2 . Formally, Pshift = nalt

N , where nalt is
the number of sampled parameter sets yielding a parasitoid-free or
trivial equilibrium. This probability is conditional on the assumed
uniform distributions over the parameter ranges in Annex 1 and
is reported with 95% bootstrap confidence intervals. Parametric
drivers of instability are identified by computing PRCC between
each model parameter and the dominant eigenvalue magnitude
ρ∗ across the LHS sample. Parameters with |PRCC| > 0.25
that drive ρ∗ toward unity are classified as parametric drivers of
instability. These parametric drivers can be translated to candidate
early warning signals when the phenological process providing
ecological meaning to the parameter is empirically observable,
and its direction of variation under climatic change matches the
destabilizing direction identified by the model. For example, if
the model identifies overwinter beetle survival σA as a parametric
driver whose increase destabilizes coexistence, and if milder winters
observably increase σA Then, declining winter severity constitutes
a candidate early warning signal for regime shift. As a focused
analysis within O2, we compute RP across the full range of the bird
pressure index Bt ∈ [0.5, 2.0] at the calibrated baseline, and across

the (β , Bt) parameter plane, to map the transcritical bifurcation
boundary separating the coexistence and parasitoid-free regimes.

2.5 Numerical analyses

The numerical analyses are conducted across all nine
phenological scenarios (Table S1), first by one-at-a-time parameter
variation to isolate the effect of each scenario, and then by
joint Latin Hypercube Sampling (JLHS) across all parameter
ranges to capture interactions. The absence of long-term, site-
specific time series for Beetle outbreak density, M. mutabilis
parasitoidism prevalence, and passerine kill rates on this beetle
challenges only numerical simulation-based analyses. Therefore, we
focus on the system characteristic through mapping the structural
stability landscape of the system and calibration for parameter
ranges per regime. This technique allows us to identify parameter
combinations and control allocations that support a stable low-
damage equilibria: those that induce tipping, and the response
of the parasitoid invasion threshold RP to intraguild predation
and control effort. However, this analysis therefore restricts us
from aiming to predict site-specific outbreak timing or magnitude
without site-specific time series data. Stability properties, including
fixed-point existence, eigenvalue conditions, and bifurcation type,
are determined by the structure of the annual map and the
qualitative nature of the functional responses in our simulation for
a range of plausible values based on stability analyses in Annex 2
and known parameter values in Annex 1. We follow this parameter
range for simulation in the standardized protocol in theoretical eco-
epidemic modeling, as it is in Chattopadhyay and Arino [42] and
Hethcote et al. [43].

During numerical analyses, parameters were divided into
four classes: biological baseline parameters, calibrated structural
parameters, bounded management controls, and objective-function
weights. Biological parameters were assigned from empirical
studies, cross-system proxies, or biologically constrained priors
as summarized in Annex 1. Structural parameters lacking direct
estimates but required for scale consistency or threshold behavior,
including β , cB, and κ , were calibrated so that the model
reproduced plausible baseline parasitoidism, daily bird predation,
and proportional defoliation. The management variables uP (τ ),
uC (τ ), and uB (t)were not treated as ecological constants, but
as bounded decision variables with baseline value zero. The
weights in the objective functional were treated as scenario-
dependent management preferences rather than empirically fixed
ecological parameters.

To address the lack of precise parameter estimates, the analysis
employs two complementary safeguards. First, all uncertain
parameters are represented as intervals, as specified in the
parameter tables of Annex 1, with empirically justified ranges.
Stability and control outcomes are reported as robust regions
within parameter space rather than as point estimates; conclusions
are accepted only if valid across each parameter’s entire range.
Second, structural robustness is assessed by replacing baseline
functional forms with ecologically plausible alternatives: Beverton–
Holt vs. Ricker recruitment in Equation 5, Holling Type II vs. linear
bird predation, and S → I compartmental parasitoidism vs. direct

Frontiers in Applied Mathematics and Statistics 07 frontiersin.org

https://doi.org/10.3389/fams.2026.1831903
https://www.frontiersin.org/journals/applied-mathematics-and-statistics
https://www.frontiersin.org


Ghosh and Singh 10.3389/fams.2026.1831903

parasitoid-induced mortality. All three qualitative conclusions
(O1–O3) are preserved under both parametric and structural
perturbations, confirming them as properties of the tri-trophic
interaction architecture rather than artifacts of specific modeling
assumptions (Annex 2, Table 2).

For each equilibrium and each control scenario, we compute
the resistance metrics D∗ and maxτ [S (τ ) + I (τ )], the resilience
metrics ρ∗ and Treturn = − 1

ln(ρ∗) , and cumulative control
cost J where relevant. A perturbation-recovery time obtained by
iterating the annual map from a standardized displacement of the
fixed point, so that the relative performance of parasitoid-only
and combined control strategies can be compared on resistance,
resilience, and cost grounds.

2.6 Interactive exploration of the modeling
framework

To make the framework directly explorable, we developed
AlderIPM-Sim Web, a browser-based interface that reimplements
the seasonal–annual model of §2.1 and the analyses of §2.3–2.5
in JavaScript (https://gsinchanpostdoc.github.io/AlderIPM-Sim/).
We used JavaScript implementation mirroring the Python pipeline
used to generate all results in this manuscript, with the calibrated
parameter set in Annex 1 as the default state, so that the default
app output reproduces the baseline results reported in this article.
Users can adjust the nine phenological parameters flagged in Table
S1, the three management controls), and the objective-function
weights. Structural parameters and functional-form choices are
not user-adjustable because they define the model class under
which the stability conclusions of our result holds. Altering them
would produce a different model, not a parameterisation of
this one. All analyses are computed live in the browser: single-
parameter scans, the parasitoid invasion threshold, resistance
and resilience metrics, and optimal-control trajectories under
the receding-horizon forward–backward sweep method. The joint
Latin Hypercube sensitivity analysis (Figure 1A) is not exposed
in the live interface because the sample sizes required for stable
PRCC estimates are computationally prohibitive in a browser;
the pre-computed results from our parameter sets and results are
shown instead. Consistent with tthe model and methods described
in this article, the tool is intended for exploration of structural
behavior under phenological and management variability, not
for site-specific prediction, which would require empirical time-
series data on beetle outbreak density, parasitoidism prevalence,
and passerine predation from the target habitat. The app source
code and the underlying simulation pipeline are released under
the MIT license at the repository linked above and in the Data
Availability Statement.

3 Results

The results of this study are grouped by each objective. Each
subsection from 3.1 to 3.3 reports the metrics that directly test the
corresponding hypothesis.

3.1 Meeting objective 1

Figure 2 shows 3 outputs from stability analyses: Annual
equilibria identified as fixed points of the yearly recurrence map
(Step 3), their local stability classified from the Jacobian eigenvalues
of that annual map (Step 4), and the frequency of each equilibrium
occurs across Latin Hypercube Sampling under parameter space
(Step 10). Figure 2A reports the stable-presence probability, i.e., the
fraction of sampled parameter sets for which a given equilibrium
exists as a locally stable fixed point of the annual map. In this sense,
the parasitoid-free equilibrium canopy-only is the most frequent
stable regime across parameter space, whereas the coexistence
equilibrium parasitoid-free is the least frequent stable regime found
across the parameter space. The stable presence probability of the
parasitoid-free equilibria is closest to the coexistence equilibria.
Therefore, under continuous variable phenology, the phenological
mismatch can lead to a parasitoid-free equilibrium where the
beetle outbreak is regulated by birds, and eventually the system is
likely to jump into a stable equilibrium where the beetle is also
absent. This result indicates rejection of the H1: under all variability
in phenologies, the system is likely to converge to a desirable
coexistence equilibrium, defined by the presence of a canopy,
bird, and parasitoid that can prevent future beetle outbreaks
if reintroduced.

Following the rejection of H1, Figure 3 presents the predicted
stable fixed point of the annual map and the equilibrium damage
D∗ at the coexistence equilibrium. The results are displayed as a
function of individual parameter variability, excluding parasitoid
invasion risk as a stability driver. This analysis demonstrates the
persistence of coexistence across different phenology variability
ranges. Although most phenologies and associated parameters
covary in natural systems, examining individual variation reveals
the system’s maximum potential. Among nine one-at-a-time
parameter scans, seven parameters altered the equilibrium class.
Bird pressure (Bt) and the foliage-memory penalty (ϕ) did not
induce regime shifts within the scanned range. Season length (T)
influenced defoliation damage but did not transition the system
to alternative equilibria within the examined range. Nevertheless,
because defoliation damage responds rapidly to changes in T, a
regime shift may occur over a longer temporal scale. Notably,
reducing the parasitoid attack rate β , parasitoid overwinter
survival σ F , or the parasitoid emergence rate δ each caused a
transition from coexistence to herbivore dominance, whereas
increasing the beetle reproduction ratio RB facilitated parasitoid
invasion, directly affecting system stability and the resulting
equilibrium class.

The most pronounced regime shift is driven by the parasitoid
attack rate β. As β increases, system outcomes transition from
the absence of parasitoids to coexistence, accompanied by a
rapid reduction in equilibrium damage. The beetle reproduction
ratio RB delineates three distinct regimes: at low, beetles are
unable to persist, and only trees remain; at intermediate, beetles
persist without parasitoids and inflict canopy damage; at high,
host density supports parasitoid establishment, resulting in stable
coexistence. Increasing susceptible larval mortality μS initially
disrupts parasitoid persistence by limiting host availability, and
at higher values, beetles are eliminated, restoring the system to
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FIGURE 1

Early-warning summary: parametric drivers, regime-shift probability, and adaptive-stability reference frame. (A) Partial rank correlation coefficients
(PRCC) between each model parameter and the dominant eigenvalue magnitude ρ* across the Latin Hypercube sample; red bars indicate |PRCC| >

0.25 (warning candidates). (B) Regime-shift probability per phenological scenario (one-at-a-time variation) and for the joint Latin Hypercube sample;
horizontal bars show 95% bootstrap confidence intervals; color indicates risk level. (C) All one-at-a-time scan points projected onto the
resistance–resilience plane, where resistance = 1 − D

Dcrit
and resilience = 1 – ρ* (contrast to van Meerbeek et al. [22] resistance and resilience); green

circles denote coexistence outcomes, red crosses denote regime shifts.

FIGURE 2

Equilibrium landscape across the phenological parameter space. x*
0, x*

1, x*
2are canopy-only, parasitoid-free, and coexistence equilibria. No degraded

equilibria (i.e., carrying capacity below half the threshold value) were found. (A) Baseline fixed points of the annual map at calibrated parameters; bar
length indicates equilibrium beetle density A*, with spectral radius ρ* and stability status annotated. (B) Fraction of the Latin Hypercube–sampled
parameter space in which each equilibrium class exists as a locally stable fixed point; bars can exceed unity in sum due to multistability. (C)
Dominant-attractor frequency: the fraction of sampled parameter sets for which the annual map trajectory converges to each class from the
coexistence reference initial condition; multistability rate annotated.

an intact canopy. Thresholds for regime shifts are also observed
in beetle overwinter survival σA and parasitoid survival, with
coexistence possible only above critical values. For the parasitoid
emergence rate δ, coexistence is maintained only above a specific
threshold; otherwise, the system remains parasitoid-free. Increasing
bird pressure Bt does not create regime boundaries but alters
equilibrium beetle and damage levels. Birds suppress beetle
populations, reducing damage, and remove parasitised larvae,
thereby weakening parasitoids. Consequently, their net effect
modifies quantitative but not qualitative equilibrium classes within
the scanned range. The phase plane illustrates how attack rate
and bird predation influence equilibria (Figure 4). Higher bird

predation increases the attack rate required for coexistence, which
predominantly occurs at high attack rates and low-to-moderate
predation (71% of the grid). The parasitoid-free regime is observed
at low attack rates or high predation (27% of the grid). Coexistence
is achieved when parasitoid attack rate, winter survival, emergence
rate, beetle reproduction and survival are high, larval mortality
is low, and passerine predation is moderate, assuming other
phenologies are held constant.

Figure 5 evaluates the parasitoid invasion threshold, RP, at the
parasitoid-free fixed point of the annual map, in contrast to the
durability of the coexistence equilibrium. RP measures the annual
growth potential of a rare parasitoid at the boundary equilibrium.
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FIGURE 3

Equilibrium transition boundaries across all nine phenological scenarios and the pairwise β × Bt parameter plane. (A-I) show equilibrium damage D*
at the stable fixed point of the annual map as each phenological parameter is varied individually across its plausible range (one-at-a-time scans; all
other parameters held at the calibrated baseline). Green squares: coexistence equilibria; pink circles: parasitoid-free equilibria; blue diamonds:
canopy-only (beetle-free) equilibria; teal triangles: coexistence non-fixed-point attractors. Connecting lines trace the equilibrium branch within each
class. The horizontal dotted line marks the functional damage threshold Dcrit = 0.5. (A) Season duration T. (B) Beetle overwinter survival σA. (C)
Parasitoid overwinter survival σF . (D) Parasitoid emergence rate δ. (E) Susceptible larval mortality μS. (F) Passerine bird pressure index Bt. (G)
Damage-to-capacity penalty ϕ. (H) Parasitoid attack rate β. (I) Beetle annual reproduction ratio RB.

If RP exceeds 1, parasitoids can increase from rarity and drive the
system toward coexistence; if RP is less than 1, they fail to establish,
and the parasitoid-free state persists. The line RP = 1 marks the
invasion boundary between these regimes. This threshold measures
how many new adult parasitoids are produced for each added per
year, calculated at the parasitoid-free equilibrium of the annual map
across other parameter space (Step 6). Since H1 is rejected, the
parasitoid-free state is likely. Thus, RP is crucial for O2. If RP > 1,
a few parasitoids can spread and push the system to coexistence.
If RP < 1, they die out, and the system remains parasitoid-free.
The RP = 1 line marks where the main shift between these
two states occurs. Seven of nine parameters cross the RP = 1
threshold. Raising the bird pressure index Bt quickly lowers RP
and crosses the threshold. Increasing the susceptible larval death
rate μS also lowers RP and crosses the threshold. Conversely,

increasing the parasitoid attack rate β raises RP and crosses the
threshold. Higher RB increases RP with persistence around the
threshold value of RB from Figure 3. Beetle overwinter survival
σA (Figure 5B), parasitoid overwinter survival σF (Figure 5C)
and increasing parasitoid emergence rate δ (Figure 5D) each
raises RP. Each threshold crossing shows the parameter value
needed for persistence. Season duration T (Figure 5) increases
RP, so longer seasons lower but do not eliminate parasitoid
persistence at baseline. The defoliation damages memory-based
vernal growth ϕ (Figure 5G), which defines carrying capacity,
slightly decreases RP. This shows that foliage-memory feedback has
minimal impact on parasitoid invasion. Therefore, Figure 5 reveals
that moving from coexisting equilibria by decreasing RP results
from a lower attack rate, reduced beetle or parasitoid survival, or
slower emergence.
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FIGURE 4

Pairwise phase plane in the β × Bt parameter space. Gray contours indicate values of the parasitoid invasion threshold RP; the bold black curve marks
RP = 1, the transcritical bifurcation boundary separating the coexistence regime (lower-right) from the parasitoid-free regime (upper-left). Green
squares: coexistence equilibria; pink circles: parasitoid-free equilibria; teal triangles: coexistence non-fixed-point attractors. The diagonal orientation
of the boundary reflects the intraguild predation mechanism; increasing bird pressure progressively raises the parasitoid attack rate required for
parasitoid invasion.

3.2 Meeting objective 2

Figure 1 quantifies regime-shift risk and highlights the main
drivers of parametric instability—variability in phenology (the
timing of seasonal biological events). The partial rank correlation
coefficient (PRCC) shows how sensitive system stability at
coexistence is to each parameter. Stability is measured using the
dominant eigenvalue magnitude ρ∗ (indicating how quickly the
system returns to equilibrium after disturbance), based on the
Latin Hypercube sample (Step 10) in Figure 1A. Parameters with
absolute PRCC above the threshold increase instability risk in ρ∗.
Only parasitoid attack rate β (the rate at which parasitoids attack
hosts) and susceptible larval mortality μS (the death rate of larvae
vulnerable to attack) surpass this threshold, but their effects differ;
increasing β stabilizes coexistence (positive PRCC, higher ρ∗), while
increasing μS lowers stability. Next most influential are parasitoid
conversion efficiency η (the efficiency with which parasitoids
develop within hosts) and adult parasitoid mortality μF (the death
rate of adult parasitoids), indicating demographic sensitivity. Other
parameters, which shift RP in Figure 5, show moderate PRCC.
RP indicates potential for parasitoid invasion (whether a small
number of parasitoids can successfully establish), while ρ∗ measures
the speed of return to coexistence after disturbance.

Figure 1B displays the regime-shift probability for each
phenological scenario as well as for joint Latin Hypercube
sampling. When all parameters are varied simultaneously, 81.5%
of parameter sets force the coexistence equilibrium to shift.

Season duration and beetle reproduction RB are the most likely
parameters to induce a regime shift when all parameters vary.
Note that season duration variation alone did not show the shift
in objective 4. However, in reality, season duration is linked
to most phenologies; the Figure 1B observation is most likely
in the real world. Beetle overwinter survival σA and susceptible
larval mortality μS also contribute significantly. In contrast, bird
pressure Bt and foliage-memory ϕ do not induce regime shifts
across sampling, similar to Figure 5, where, upon varying alone,
Bt does not cross the RP = 1 threshold from coexistence, and
ϕ has minimal impact on RP. The high joint shift probability,
here all parameters vary jointly, the regime shift probability is
relatively much higher than individual parameter values, which is
an obvious assumption, but provides a comparison to individual
parameter sensitivity.

Figure 1C projects all single-parameter scan points onto the
resistance–resilience plane. Here, resistance is 1 − D

Dcrit
and

resilience is 1 − ρ∗, which contrasts the resistance and
resilience sensu van Meerbeek et al. [22] tested in later Figure 1.
Points representing coexistence equilibrium cluster within a
region of positive resistance and moderate resilience. Points for
parasitoid-free or canopy-only regimes are more scattered and
often show higher resilience. This occurs because the parasitoid-
free equilibrium can have a smaller ρ∗ (faster return rate) than
coexistence. Thus, resilient systems can remain in undesirable
parasitoid-free regimes. This reflects the adaptive behavior of this
system’s stability.
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FIGURE 5

Parasitoid invasion threshold RP as a function of each phenological parameter. Each panel shows RP evaluated at the parasitoid-free fixed point of the
annual map while varying one parameter across its plausible range (Table S1), with all other parameters held at the calibrated baseline. The dashed
red line marks RP = 1. Above this boundary, the parasitoid can invade and persist (coexistence regime); below it, the parasitoid declines to extinction
(parasitoid-free regime). Vertical dotted lines indicate the approximate parameter value at which the threshold crossing occurs.

Together, these plots support hypothesis H2 that changes
in certain phenologies, or parameter values, may serve as early
warning signals of a shift to an undesirable equilibrium that
still maintains stability, and identify season duration and beetle
reproduction rate as one of the major drivers of the steady state.
These results also confirm the importance of Van Meerbeek’s
definition of stability, that multiple stability metrics are needed
to assess regime-shift risk. Based on these results, we provide
Table 1 that is likely to guide early warning signal detection based
on the phenology variability measurement in the field and its
likely direction of future regime, followed by Figure 1 that shows
how these parameter variability adapts resistance and resilience in
the system.

Figure 6 helps identify the distinct dynamics of resistance
(R1) and resilience (R2) sensu Van Meerbeek [22] across the six
parameters identified as potential early warning signal detectors
through their covariance. The main purpose of this result is
to validate our previous resistance and resilience metric, which
helps us validate the previous set of results in light of adaptive
stability theory. Also, it provides a comparative aspect to the

result. Within the coexistence regime, R1 remains consistently high
across all parameters. In contrast, R2 exhibits considerable variation
within the same regime, indicating that the coexistence equilibrium
can adapt to different resilience with the variability of these
phenologies, while resistance can only change upon regime shift.
Variability in susceptible beetle mortality is the only case where
resilience R1 collapses. This is again another obvious assumption, as
resistance is only observed when a perturbation is present; however,
it still shows the differential behavior between stability components
in this system. Observation of this obvious trend also helps validate
our result from our model.

3.3 Meeting objective 3

Figure 7 shows how the timing and type of management affect
cost savings in this eco-epidemic system to meet objective 3. Panels
A and B show changes in control actions within each year. Panel C
compares average effort per year per strategy. Within each season,
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TABLE 1 Candidate early-warning signal matrix for regime shift (Objective 2).

Parameter Potential early warning signals Likely alternative equilibrium

T (Season length) Longer season → lower RP Parasitoid-free

σA (Beetle overwinter) Higher survival → higher beetle density Parasitoid-free

σF (Parasitoid overwinter) Higher survival → higher parasitoid Coexistence maintained

μS (Larval mortality) Lower μS → more larvae survive Parasitoid-free

β (Parasitoid attack rate) Higher β → stronger parasitoidism Coexistence maintained

RB (Beetle reproduction) Higher RB → stronger outbreaks Parasitoid-free

Each phenological scenario is characterized by its regime-shift probability (one-at-a-time variation), PRCC with the dominant eigenvalue magnitude ρ∗ , the destabilizing direction of the
corresponding parameter, the likely alternative equilibrium, and whether the phenological change is empirically observable. Parameters with regime-shift probability > 20% or |PRCC| > 0.25
that are empirically observable are classified as early-warning candidates.

FIGURE 6

Resistance (R1) and resilience (R2) across the six candidate early-warning parameters identified in Figures 4, 5 and Table 1. (A) Season duration T. (B)
Beetle overwinter survival σA. (C) Susceptible larval mortality μS. (D) Parasitoid attack rate β. (E) Beetle reproduction ratio RB. (F) Parasitoid overwinter
survival σF . Background shading indicates the equilibrium regime (green: coexistence; pink: parasitoid-free; blue: canopy-only); dashed vertical lines
mark transcritical bifurcation boundaries from Figure 3.

the three strategies differ in intervention focus and sequence.
Strategy A relies solely on early parasitoid augmentation, i.e.,
the intentional release of parasitoid (uP, Figure 7A) to maximize
impact. Strategy B also begins with early parasitoid release, but
later adds bird habitat enhancement, which reduces the need
for additional augmentation. In contrast, Strategy C employs
intensive early-season larval removal (Figure 7B), outperforming
both parasitoid release and habitat improvements. Over multiple
years (Figure 7C), effort allocation and cost trends diverge by
strategy. All strategies have a peak within-season control in year 1,
declining and stabilizing as the managed equilibrium is approached.
In Strategy B, bird habitat enhancement (uB) is key: early, cost-
effective suppression is enabled by initial investment, which
transitions to low maintenance and reduces future costs. Strategy
C instead uses moderate uB in year, but emphasizes larval removal

and parasitoid augmentation for short-term control, resulting in
lower long-term maintenance costs once stabilized. Strategy A, in
contrast, remains reliant on parasitoid release without bird habitat
investment or intensive larval removal, leading to different cost
dynamics over time. Each strategy’s approach to initial investment,
maintenance, and intervention mix yields unique cost-saving
patterns. This highlights how explicit choices in management
strategy shape both short- and long-term cost efficiency.

Figure 8 presents multi-year ecological outcomes for each
management strategy, beginning from an outbreak state. Panel
A shows seasonal cumulative defoliation (), while Panel B shows
carrying capacity (). All strategies reduce defoliation below
the threshold Dcrit in the first year, but Strategy C converges
fastest, Strategy B is intermediate, and Strategy A stabilizes most
slowly, with the most severe damage. Carrying capacity recovery
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FIGURE 7

Optimal control allocation under three management scenarios. (A) Terminal within-season parasitoid augmentation rate. (B) Terminal within-season
direct larval removal rate; active only in Scenario C. (C) Annual mean control effort over the 8-year planning horizon: mean within-season parasitoid
augmentation (circles, solid), mean within-season direct removal (squares, dashed), and annual bird habitat enhancement (triangles, dotted).

FIGURE 8

Multi-year state trajectories under three management scenarios. (A) Seasonal cumulative defoliation Dt and (B) carrying capacity Kt over the planning
horizon. Dashed horizontal line in (A) marks the damage threshold.

follows the same ranking. Suppressing damage early reduces total
defoliation, lessens the foliage-memory penalty (Equation 8), and
lowers future intervention needs. For O3, the cost ranking from
Figure 7 matches the ecological trajectory: the lowest-cost strategy
achieves the fastest suppression and canopy recovery. According
to the lexicographic decision rule outlined in the methodology,
only Strategy C achieves local asymptotic stability at the managed
equilibrium (ρ∗ = 0.98 < 1). Strategies A (ρ∗ = 1.19) and B (ρ∗

= 1.10) exceed the stability boundary, rendering them infeasible
despite reducing damage below. Strategy C is therefore the only
feasible approach and also yields the minimum-cost outcome (J =
14.0, compared to 48.2 for A and 44.7 for B).

4 Discussion

Climate-driven phenological variability alters persistence and
control within multitrophic systems [16, 44, 45]. Primary
consumers typically advance their phenology faster than their
natural enemies, creating trophic desynchrony that intensifies when
multiple species shift simultaneously [44, 46]. This study models

the Black alder–leaf beetle–parasitoid–generalist bird ecoepidemic
system using a process-based, theory-driven framework. It
couples within-season tri-trophic dynamics to interannual canopy
feedback, following established hybrid host–parasitoid modeling
practices [34, 42, 43]. The objectives were 3-fold: (i) identify the
most probable stable equilibria across all phenological scenarios;
(ii) quantify the likelihood of the system shifting from its current
coexistence equilibrium to an undesirable state; and (iii) determine
the minimal effort required for three pest-control strategies
targeting the leaf beetle to prevent regime shifts across parameter
space. The analysis used well-documented phenologies of the
focal species [2, 7, 12] and applied optimal control theory to
evaluate intervention effort [17]. Results show that the system does
not consistently favor the most desirable coexistence equilibrium,
aligning with classical host–parasitoid theory, which posits that
stable coexistence occupies only a narrow parameter window [47–
49]. Across the nine phenological scenarios, desirable coexistence
(characterized by parasitoid persistence, low defoliation, and
a maintained canopy) occurred only within a limited region
of parameter space. The probability of regime shifts increased
substantially when phenological parameters varied simultaneously,
consistent with empirical evidence that asynchronous shifts across
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trophic levels produce non-additive demographic consequences
[44–46, 50, 51]. Only the fully integrated management strategy
proved feasible across both seasonal and interannual scales. Model
calibration was conducted within parameter ranges derived from
literature on these phenologies across habitats containing the
focal system (Annex 1 and 3). Consequently, the results do not
constitute stand-level forecasts for any specific alluvial forest
but provide a general understanding of the system’s stability
properties, including resilience and resistance dynamics, from an
eco-epidemic perspective [22, 23, 39]. These stability properties
may be observed in part or in full across European habitats
containing the focal system.

The primary ecological implication of Objective 1 is
that designating parasitoids as the main natural control for
phyllophagous leaf beetle populations may undermine coexistence
stability under phenological variability. Across the parameter
space defined by phenological variability, stable equilibria occur
more often in parasitoid-free and canopy-only states than in
coexistence. Coexistence is maintained only when the parasitoid
attack rate on beetles is high, both host and parasitoid populations
have adequate overwintering survival, and generalist birds
impose moderate predation pressure. These findings align with
established host–parasitoid models, which show that coexistence
within Nicholson–Bailey frameworks is limited to a narrow
parameter range [49]. This outcome also supports evidence that
phenological mismatch can destabilize tritrophic systems, even
when pairwise interactions remain stable [51]. The increased
prevalence of parasitoid-free and canopy-only stable equilibria
under phenological variability offers insight into the difference
between the desirability of coexistence in complex systems and
the likelihood of convergence to a simpler, stable community
structure. In this system, parasitoids help reduce the risk of future
beetle outbreaks, while generalist birds use alternative, more
abundant prey. These results are consistent with management
strategies that prioritize augmenting natural enemies, although the
success of such interventions depends on system-specific ecological
conditions and requires empirical validation. The ecological theory
of intraguild predation offers a comprehensive framework for
validating management decisions, especially when direct empirical
evidence is unavailable. Analogies with current findings can inform
this validation. According to the theory, a higher-order predator
suppresses an intermediate natural enemy while still reducing
the shared prey [20, 52]. In the focal system, the direction and
magnitude of bird predation on parasitised beetle larvae have not
yet been quantified. Parasitised beetle larvae continue to feed until
death is induced by the parasitoid [7] and remain vulnerable to
bird predation during this time. Within the model, bird predation
decreases the total larval pool and reduces defoliation. However,
it also removes parasitised larvae before the koinobiont parasitoid
completes development and emerges, causing lost recruitment
opportunities for the endoparasitoid. Targeting parasite release at
beetle foraging aggregations may increase the parasitoid’s attack
rate, as this cue is used to locate host beetle larvae [7]. The model
indicates that increasing both the abundance and functional
effectiveness of natural enemies could enhance system stability,
pending empirical validation. In this context, coexistence loss is
better characterized as a failure of parasitoid attack rather than a
simple deficiency in parasite numbers.

Objective 2 extends Objective 1 by examining how phenological
variation changes the probability of leaving coexistence. It
quantifies the probabilities of each phenological variation that
can cause a regime shift across any stable equilibrium. While
Objective1′s prediction is limited to the initial state where the
parasitoid is present, Objective 2 covers cases where the parasitoid
is initially absent. A key difference is that a single parameter can
affect two equilibria through different mechanisms. For example,
season length does not visibly affect coexistence equilibria within
the studied range except by drastically increasing defoliation
damage. However, from a parasitoid-free initial state, season
length can destabilize coexistence [49, 53]. Increased defoliation
reduces the following year’s carrying capacity through a memory
effect driven by the accumulation of phytochemical defense [2,
13, 54]. The same defoliation also modifies canopy condition
as a direct feedback [26]. Bird predation reduces defoliation
damage once predator pressure exceeds a critical level [9, 55].
From the coexistence equilibrium, its net effect is moderated by
opposing intraguild predation pathways because generalist birds
simultaneously suppress the beetle and remove the parasitoid
developing inside parasitised larvae [20, 52, 56, 57]. From a
parasitoid-free equilibrium, bird predation does not directly alter
parasitoid invasion risk because invasion success at that boundary
depends on resident host density rather than the identity of the
process suppressing it [58]. Phytochemical defense provides within-
season resistance and accumulates as plant immunological memory
[59, 60], feeding back into the following year’s carrying capacity
for both the beetle and its parasitoid [54, 61]. Nevertheless, this
feedback has little influence on invasion thresholds or equilibrium
class in our analysis. This observation warrants further study
because the inter-annual accumulation rate and its quantitative
effect on canopy regrowth remain poorly resolved under field
conditions [13, 54, 61]. These results indicate that system dynamics
operate on two distinct time scales. They establish that resistance
and resilience at each time scale shape stability differently in this
system. Within-season trophic interactions determine parasitoid
invasion risk. Interannual canopy feedback driven by accumulated
defoliation determines the quality and persistence of long-term
equilibrium. This supports a multi-metric stability framework
[22, 23]. Invasion, resistance, and resilience capture different but
complementary aspects of regime-shift risk. Treating resistance and
resilience as distinct stability metrics within the adaptive stability
framework improves the interpretation of system behavior. High
resistance across much of the coexistence regime implies that
outbreak damage can remain low. However, resilience varies more
strongly because recovery capacity can erode under phenological
change. The system can look stable in the short term yet become
dynamically fragile in the long term, as our findings show. Together,
all the results of Objective 2 show that stability failure can occur
through multiple distinct routes. Management should not infer
security from low damage alone but evaluate invasion potential,
recovery rate, and attractor-switch risk simultaneously.

In this study, we used eigenvalue-based and trajectory-based
metrics to represent mechanistically distinct aspects of stability
[23, 36, 39]. Within the Latin Hypercube sample, their correlation
is positive but not perfect, consistent with prior evidence that
resilience, resistance, and variability metrics are not mutually
substitutable across ecosystems [23, 62]. Certain parameter sets
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demonstrate that the eigenvalue indicates rapid return, while
trajectory-based resilience remains low due to finite perturbations
nearing the basin boundary, and the reverse can also occur [38, 63].
This decoupling is expected, because local eigenvalue analysis holds
with certainty only for infinitesimal perturbations and carries no
information about the distance to a basin boundary [36]. From
an ecological perspective, eigenvalue-based resilience characterizes
recovery from routine interannual fluctuations, whereas trajectory-
based resilience characterizes recovery from discrete, large-
amplitude disturbances — mapping, respectively, onto engineering
and ecological resilience in the sense of Holling [39] [see also
[36, 63]]. This distinction similarly separates the equilibrium
damage margin from the transient resistance index. Reporting both
metrics is therefore essential for distinguishing chronic degradation
risk from acute perturbation risk, which is directly relevant
for selecting between sustained and emergency management
strategies [23, 64]. In addition to the probability of regime shift
under this adaptive-stability framework, Objective 2 aims to
identify potential early warning signals using three joint criteria.
First, the parameter must contribute substantially to regime-
shift probability. Second, it must show a partial rank correlation
with the dominant eigenvalue indicating a destabilizing influence,
following the standard LHS–PRCC sensitivity framework [65–67].
Third, the associated phenological process must be empirically
observable during a simulation experiment searching for system
destabilization. The candidate phenologies and their association
with other phenologies, identified under Objective 2, are therefore
proposed as ranked monitoring priorities rather than validated
early warning signals capable of reliably indicating impending
regime shifts, because our parameters come from multiple habitats
and broader validation remains an open challenge in multi-trophic
systems [63, 64, 68].

The three conditions we set for early warning signal
identification are not interchangeable during system analyses [63,
68]. For example, a parameter may drive the dominant eigenvalue
ρ∗ toward the stability boundary without greatly increasing regime-
shift probability. Alternatively, a parameter may contribute to
regime shifts but not be observable in practice. Among the
identified candidates, season length is the most tractable: it can
be measured with growing degree days, a validated tool for
predicting insect phenology in integrated pest management [69]
or with satellite-derived season-length products now available
operationally at 10 m resolution across Europe [70]. By contrast,
directly estimating the parasitoid attack rate or adult overwintering
density requires intensive field sampling [11]; this has not yet
been demonstrated at management-relevant scales in many systems
[71]. These variables therefore provide a foundation for targeted
monitoring designs and future studies on early warning signals
in this system through phenologies. Collectively, these stability
metrics capture distinct dimensions and should not be interpreted
as interchangeable indicators of system robustness [23, 36, 62].

The management implication of this study follows from
the optimal-control result in Objective 3. The result indicates
that it is not simply that one strategy reduced beetle damage
faster than the others. Under the study’s lexicographic decision
rule, a strategy is compared on cost only after it first proves
ecologically feasible [17, 90]. In practical terms, the strategy must
keep seasonal canopy loss below the critical damage level [26]
and prevent the alder stand from slipping into a persistently

degraded low-canopy condition [3, 41]. It must also maintain
a long-term managed state in which parasitoids remain present
and control continues after small disturbances [7, 20]. All
three strategies reduced canopy damage below the critical level
within the first year. However, only the fully integrated strategy
(combining targeted larval removal, parasitoid release, and bird-
habitat enhancement) met these broader conditions, consistent
with the principles of integrated pest management, which combine
multiple complementary tactics rather than rely on a single
agent [72]. The parasitoid-only strategy and the parasitoid-plus-
bird strategy both improved short-term suppression but did not
produce a self-maintaining low-damage state in the long run,
a pattern matching meta-analytical evidence that single-agent
biological control rarely achieves durable pest regulation [73].
This distinction separates temporary outbreak suppression from
durable restoration. The key result is that, under the model
assumptions and feasibility constraints, the integrated strategy
achieves both ecological stability and the lowest cost, although real-
world implementation may be constrained by logistical, economic,
and ecological factors not explicitly represented in the model. The
superior performance of the integrated strategy is partly a structural
consequence of the optimisation framework, because systems with
more control variables generally achieve lower cost than subsets
of controls [17, 74]. Beyond this structural effect, the ecological
interpretation is that combined interventions enable simultaneous
regulation of host density, support of natural enemies, and
stabilization across temporal scales [52, 75]. Cost ranking therefore
becomes meaningful only after the feasibility filter is passed. The
ecological meanings used here follow the annex definitions of
cumulative canopy damage, canopy availability, targeted larval
removal, parasitoid release, and bird-habitat enhancement.

Our results from Objective 3 also suggest that intervention
timing shapes the total effort required. Early action prevents
current-season beetle damage from being carried over into the next
year as a structural canopy penalty [2, 26]. In this ecoepidemic
system, reducing larval density early in the outbreak lowers the total
defoliation accumulated over the season and thereby weakens the
foliage-memory feedback [13, 54, 61]. Without such suppression,
heavy canopy loss reduces the forest’s effective canopy support
in the following year [3, 26], and the stand enters the next
season in better condition when early control is applied. All
three management strategies therefore concentrate most of their
effort at the beginning of the intervention period and decline
thereafter as the system approaches a lower-damage managed
state—an allocation pattern consistent with general results from
Pontryagin-type optimal control in biological systems, where the
costate dynamics favor front-loaded effort when running state
costs compound over time [17, 74]. Ecologically, this means the
system responds best when control is applied before repeated
feeding damage has accumulated enough to degrade future
canopy recovery, consistent with broader evidence that early
suppression minimizes long-run cost and outbreak-management
failure in forest insect systems [76]. The exact schedule may
differ under alternative recovery assumptions, climate forcing, or
cost structures, but the general advantage of early, front-loaded
action appears robust in this framework.Our study integrates
processes often studied separately, such as seasonal beetle feeding,
delayed parasitoid development, bird predation on both healthy
and parasitised larvae, interannual canopy damage, and diverse
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pest management. Structural robustness analyses confirm that all
three qualitative conclusions are preserved when Beverton–Holt
recruitment is replaced by the Ricker form (Annex 2, Table 2).
Under Ricker recruitment, period-2 oscillations appear near
bifurcation boundaries [34, 77], but these do not alter the dominant
equilibrium class or strategy ranking.

The main contribution is a comprehensive systems-ecology
framework that fills a literature gap on the structure-dependent
multiple metrics defining adaptive stability properties in this system
[22, 23]. From a modeling perspective, our study contributes
by integrating an eco-epidemiological system that spans multiple
trophic levels and exhibits intraguild predation [20, 52], and by
embedding optimal control theory through habitat-management
strategies as intervention measures [17]. By bridging the gap
between host–parasitoid models that exclude plant feedback and
higher-order predators [47, 48, 78] and plant-defense models
that rarely assess management strategies [79], this study connects
seasonal and annual phenology within a single hybrid framework
[34, 77]. This unification enables analysis of immediate damage
control, long-term recovery, regime shifts, and the most effective
management options under optimal control theory. Varied
parameter sources limit the results to a general outline, restricting
direct implementation for a specific habitat without empirical data
[11, 71]. With long-term field data on beetle outbreaks, parasitoid
abundance, bird predation, and other life-cycle stages from a single
habitat, the model could pinpoint regime-shift probability and
equilibrium states more precisely. Such data would also test the
early-warning signals identified here. Habitat-specific parameter
values would narrow stability ranges and reveal how habitats
distribute across the stability plane, informing prioritization of sites
at risk of regime shift. The results should be interpreted as structural
insights derived from a simplified model, rather than as direct
predictions for specific forest systems.

To support this translational step, we provide AlderIPM-
Sim Web (§2.6), which operationalises the multidimensional
stability framework of Van Meerbeek et al. [22] as a reproducible
exploration environment, an approach increasingly advocated for
narrowing the gap between model development and ecological
uptake [93]. Uncertainty in parameter values, variability across
habitats, and unmodelled processes, such as explicit spatial
structure [80], hyperparasitoidism [81], and species-specific
trait-mediated behavioral responses [82], may influence real-
world dynamics.
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