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In an ecological context, panel data arise when time series mea-
surements are made on a collection of ecological processes. Each pro-
cess may correspond to a spatial location for field data, or to an
experimental ecosystem in a designed experiment. Statistical models
for ecological panel data should capture the high levels of nonlin-
earity, stochasticity, and measurement uncertainty inherent in eco-
logical systems. Furthermore, the system dynamics may depend on
unobservable variables. This study applies iterated particle filtering
techniques to explore new possibilities for likelihood-based statistical
analysis of these complex systems. We analyze data from a meso-
cosm experiment in which two species of the freshwater planktonic
crustacean genus, Daphnia, coexist with an alga and a fungal para-
site. Time series data were collected on replicated mesocosms under
six treatment conditions. Iterated filtering enables maximization of
the likelihood for scientifically motivated nonlinear partially observed
Markov process models, providing access to standard likelihood-based
methods for parameter estimation, confidence intervals, hypothesis
testing, model selection and diagnostics. This toolbox allows scien-
tists to propose and evaluate scientifically motivated stochastic dy-
namic models for panel data, constrained only by the requirement to
write code to simulate from the model and to specify a measurement
distribution describing how the system state is observed. Our iterated
filtering framework provides a statistically efficient, likelihood-based
solution, avoiding the information loss inherent when using the gen-
eralized method of moments or Approximate Bayesian Computing
approaches. Existing full-information Bayesian tools are not appli-
cable to panels of partially observed Markov process models with
intractable transition densities.
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1. Introduction. Biological dynamic systems often contain elements or processes
that are difficult to observe, even under controlled experimental conditions. These un-
observable, or latent, components are often crucial to understanding system dynamics,
or are of scientific interest themselves. Additionally, both the measurements obtained
from the systems in question and their underlying dynamic processes often exhibit
substantial stochasticity. The combination of these two factors complicates data inter-
pretation and analysis in ecological studies. Given these inherent properties of ecological
systems, it is essential to use models that can account for key latent mechanisms and
the stochastic nature of the system when conducting inference (Young, 1998; Bjørnstad
and Grenfell, 2001).

Partially observed Markov process (POMP) models, also known as hidden Markov
models or state space models (Bretó et al., 2009; Auger-Méthé et al., 2021), comprise
a class of models suited to the description of such systems, which describe the latent
process using a Markovian representation. A POMP model is mechanistic if it is based
on scientific principles, which is usually equivalent to providing a causal description of
the system that can explain the consequence of interventions. Statistical inferences on
mechanistic models can provide insight into key latent mechanisms. Further, statistical
tests between rival mechanistic hypotheses can inform qualitative understanding about
suitable model structures. Thus, mechanistic models are invaluable tools for addressing
challenges in ecology (Mouquet et al., 2015).

Collections of time series on related but disjoint systems are called panel data, also
known as longitudinal data. Each component system is called a unit, and the units
may be sites in a field study (e.g., plots, lakes) or independent microcosms (e.g., test
tube experiments) or mesocosms (e.g., experimental ecosystems in buckets or small
pools). Studying the entire panel may allow precision in statistical conclusions that is
unattainable from a single unit. Alternatively, scientists may be interested in specific
differences between the units, requiring the investigation of the entire panel of data. For
either of these goals, investigation of panel data leads to the challenging statistical task
of fitting a collection of related nonlinear or non-Gaussian vector-valued POMP models,
called a PanelPOMP model (Bretó et al., 2020; Breto et al., 2025). In this article, we
demonstrate how recent methodological advances can facilitate data analysis for such
models in a multi-species system. We use data from a controlled experiment involving
the population dynamics of two freshwater plankton species (Daphnia dentifera and
Daphnia lumholtzi) together with an alga, Ankistrodesmus falcatus, as food and a fungal
parasite, Metschnikowia bicuspidata, that can infect both Daphnia species. These data
were collected by Searle et al. (2016a) to investigate how the competition between the
North American native D. dentifera and the invasive D. lumholtzi is modified by their
differing susceptibility to the parasite. Advances in data collection make this experiment
representative of a growing class of situations where panel data is available on a complex
multi-species system.

Our model builds upon the ordinary differential equation model of Searle et al.
(2016a). We include dynamic stochasticity, leading to a stochastic differential equation
model which provides an improved statistical fit to the data while also assisting identifi-
cation of model misspecification (King et al., 2015). We carry out likelihood-based infer-
ence using panel iterated filtering (Bretó et al., 2020) which is a PanelPOMP extension
of basic iterated filtering methodology (Ionides et al., 2015; King et al., 2016) for POMP
models. Iterated filtering methods have a plug-and-play property (He et al., 2010) that
they require a simulator for the dynamic model but do not need the ability to evalu-
ate transition densities. The plug-and-play property permits practical consideration of
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a broad class of PanelPOMP models, assisting the creative task of developing scien-
tifically plausible models that simultaneously have good statistical fit. POMP models
have long been advocated as an appropriate framework for ecological systems (Schnute,
1994; Buckland et al., 2004). A major practical limitation has been the computational
difficulty in carrying out inference. When Laplace approximations are applicable, the
Template Model Builder approach is available (Kristensen et al., 2016). Iterated filtering
techniques apply to a more general class of POMP models, but the high-dimensional na-
ture of PanelPOMP models adds additional methodological challenges. Full-likelihood
Bayesian methods cannot readily accommodate the nonlinear, non-Gaussian mechanis-
tic models considered here. Pseudomarginal Markov chain Monte Carlo methods are
applicable in principle, but have limited practical applicability for this model class;
see Section 2 of Häggström et al. (2026) for an extended discussion of this. We are
not aware of any previous scientific study where nonlinear, non-Gaussian PanelPOMP
models (with some parameters shared between units and some parameters specific to
each unit) have been calibrated to multi-species panel data via maximum likelihood or
pseudomarginal Bayesian inference.

A central question when using model-based statistical inference to investigate ecolog-
ical dynamics is to discover which biological details are necessary to include in a model
to provide an adequate statistical explanation for the data. Our approach to answering
this question uses standard tools of likelihood-based inference. We compare the model
likelihood to statistical benchmarks, such as linear or autoregressive models, seeking to
continue improving a mechanistic model until it captures the predictability of the data
with at least comparable skill to a simple non-mechanistic analysis (Wheeler et al.,
2024; Li et al., 2024). In doing so, we ensure that the proposed dynamic model provides
a plausible mechanistic description of the dynamic system, supported by evidence that
the model also provides a suitable quantitative description of data that arise from the
system.

To do this, we study residuals and conditional log-likelihood anomalies for each data
point to identify relative weaknesses and strengths of different models. We calculate
Akaike’s Information Criterion (AIC) to compare the overall fit of rival mechanistic
models (Akaike, 1974). We compute profile likelihood confidence intervals, making ap-
propriate adjustment for Monte Carlo uncertainty (Ionides et al., 2017; Ning et al.,
2021). All these techniques are predicated on an ability to evaluate and maximize the
log-likelihood function. This ability was unlocked by panel iterated filtering (Bretó
et al., 2020) and we demonstrate empirically that this is further strengthened by a
new marginalized panel iterated filtering algorithm. A contemporaneous investigation
of marginalized panel iterated filtering from a theory and methodology perspective is
provided by Wheeler et al. (2025). These algorithms are discussed in more detail in
Section 4, after description of the experimental system in Section 2 and presentation of
our models and their fitted parameter values in Section 3. Section 5 presents additional
results showing that our stochastic model, that describes depletion of the algal food re-
source together with age-structured population dynamics, provides a better statistical
explanation of the data than the previous deterministic model by Searle et al. (2016a)
that supposed the dynamics are driven by a switch of reproductive strategies from
the asexual production of juveniles to the sexual production of long-lasting dormant
eggs. Our findings have consequences for the interpretation of this experiment and the
planning of future experiments. Section 7 is a concluding discussion.
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2. A Daphnia mesocosm experiment. Daphnia is a genus of filter-feeding zoo-
plankton commonly known as “water fleas.” This diverse genus is a dominant grazer
of algae and bacteria in freshwater lakes and rivers worldwide. D. dentifera is native
to North American stratified lakes, whereas D. lumholtzi is an invasive species origi-
nating from Africa, Asia, and Australia. First observed in North America in the 1990s,
D. lumholtzi has rapidly expanded across the United States, impacting native species
and ecosystem dynamics (Havel and Hebert, 1993; Searle et al., 2016b). This leads to
ecological interest in understanding competition between D. dentifera and D. lumholtzi,
two species with high evolutionary divergence having their most recent common ances-
tor around 145 million years ago (Kotov and Taylor, 2011; Cornetti et al., 2019). Here,
we investigate how this competition is affected by a parasite that infects both species.
Searle et al. (2016a) hypothesized that the presence of a fast-growing invasive species,
which has a high susceptibility to the native parasite M. bicuspidata, could amplify the
parasite in the native population.

Female Daphnia reproduce asexually in favorable situations, in a process called
parthenogenesis whereby females produce embryos that develop without fertilization.
Maturation of juveniles to adults takes approximately five to ten days, depending on
environmental conditions. In response to adverse environmental cues, Daphnia produce
males, and females reproduce sexually to produce durable resting eggs called ephippia
(Radzikowski et al., 2018; Searle et al., 2016b). The ephippia can remain viable for
many years, awaiting the return of favorable conditions.

Daphnia become infected by the parasite by ingesting free-floating spores as they
filter the water to extract food. The spores pass through the gut wall to infect the body
cavity of the Daphnia, where the fungus grows until the body cavity is full of spores
and the host dies, releasing the spores into the water. Infected Daphnia die within two
to three weeks (Ebert, 2005), whereas healthy Daphnia can survive for many months.
Infection leads to sterility and reduced feeding, and an opaque body cavity which can
be readily distinguished from the transparent cavity of uninfected Daphnia.

Searle et al. (2016a) conducted an experiment involving a collection of mesocosms,
each consisting of 15 liter of growth medium in a bucket, initialized with 2.5 × 108

cells of green alga, A. falcatus, and with one or two species of Daphnia. Six treaments
were carried out, comprised of three levels of the host (D. dentifera or D. lumholtzi or
both) factored with two levels of the parasite (present or absent). The experimental
units are replicates of the treatments; the design consisted of 8, 9 or 10 units for each
treatment. The initial Daphnia population consisted of 45 adult females, which in two-
host treatments consisted of 35 native Daphnia and 10 invasives. After a four day
acclimatization period, spores of the fungal parasite, M. bicuspidata, were added at
a concentration of 25 per mL if the mesocosm was assigned to the parasite exposure
treatment. Every five days, a well-mixed sample of 1 liter was removed, and the species
(native or invasive), infection status, sex, and age (juvenile or adult) were identified
for each Daphnia using a microscope. A negligible number of infected juveniles were
observed so henceforth we model infection only in adults. Algal and nutrient levels were
supplemented twice per week, with medium added as necessary to maintain the volume.
The mesocosms were kept inside, at 23.3◦C and a 16-hour light, 8-hour dark cycle.
Population densities and infection prevalence (if appropriate) were quantified every five
days, beginning a week after the experiment started. Regular stirring of mesocosms
ensured resuspension of algae and parasites. The experiment concluded after 52 days,
totaling 10 sampling sessions.
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Figure 1: The experimental data. Density (Individuals/Liter) of D. dentifera (solid
lines) and D. lumholtzi (dashed lines). The top panel shows adult female suscep-
tibles (D. dentifera, blue; D. lumholtzi, black) and infecteds (D. dentifera, red;
D. lumholtzi, purple). The bottom panel shows juvenile susceptibles (D. dentifera, or-
ange; D. lumholtzi, brown). There were negligible infected juveniles and males. Columns
are buckets corresponding to replications with same treatment setting.

Here, we focus on the most complex experimental treatment, namely, the four species
treatment with both host species, the alga and the parasite. The simpler treatments
are presented in Supplementary Sections S4, S5 and S6. Data from the four species
treatment are displayed in Fig. 1. The females and juveniles show a population peak
around day 25, typically followed by a collapse and a mild resurgence around day
50. The males arise predominantly later in the experiment as shown in Table S12.
The hypothesis that motivated the model of Searle et al. (2016a) is that the arrival
of the males, and the subsequent switch to the generation of ephippia by sexually
reproduction, explains the decay of the other populations. This hypothesis is related to
resource depletion, since shortage of food and high population density are both triggers
for a change in reproductive strategy (Radzikowski et al., 2018; Searle et al., 2016b).
However, resource depletion affects parthenogenetic reproduction as well influencing a
switch to sexual reproduction. Therefore, we investigate the hypothesis that explicit
modeling of resource depletion can help to explain the observed dynamics, via the
introduction of a latent food compartment. We also hypothesize that the inclusion
of age structure, via a juvenile stage, could help to explain the population dynamics
even though very few juveniles show disease. Our paradigm is to assess models that
represent known or hypothesized biological mechanisms in terms of their ability to
explain observed data, quantified by likelihood penalized by model complexity. Our
hypothesized model is supported so far as it is the best model for the available data
according to this criterion.
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Figure 2: A flow diagram for the SIRJPF2 model. The two species of Daphnia interact
with each other indirectly through F (Food) and P (Parasite) compartments. Transition
to the R state represents death or removal of any species.

3. The Susceptible-Infected-Removed-Juvenile-Parasite-Food 2-species
model (SIRJPF2). Fig. 2 shows a flow diagram for a two-species model where
the Daphnia are susceptible adult female (S), infected adult female (I), or juvenile
(J), with a superscript i for invasive and n for native. Male Daphnia are excluded
from this model because they are absent until late in the experiment, are physically
smaller than females, and have low observed infection rates. We keep track of the
aquatic parasite spore density (P) and the food density (F). Removal (i.e., death,
consumption or destructive sampling) for any species is described by transition to class
R. Similar to many epidemiological models, this description of the dynamic system
extends the basic SIR model (Weiss, 2013). Mathematically, the model is described
by equations (1–7), a system of stochastic differential equations which we interpret
in the Itô sense (Øksendal, 1998). Nonlinearity arises through product terms in the
infection and consumption specifications. We use Gaussian noise, though multiplicative
gamma noise can be employed to enforce non-negativity of rates (Bhadra et al., 2011).
A version of SIRJPF2 with gamma noise, called SIRJPF2-Gamma, is presented in
Section S9, though we found that a simpler Gaussian noise model is sufficient.

The nonlinearity and intrinsic stochasticity of the SIRPF2 model are characteristic
features of dynamics in biological systems (Coulson et al., 2004; Wilkinson, 2018). In
the following equations, the superscript k describes the species of Daphnia, taking value
n for native (D. dentifera) and i for invasive (D. lumholtzi). The subscript u ranges in
1 : U , with U = 8, 9, or 10 depending on the experiment. Most parameters are written
with potential dependence on u to enable investigation of factors explaining differences
between replicates. We will later establish that this dependence is not needed; random
dynamic noise is sufficient to explain the observed differences between units. The exper-
imentally determined sampling rate, δ = 0.013 per liter per day, and food replenishment
rate, µ= 0.37 × 105 cells per liter per day, are fixed parameter values that are shared
between units based on the experimental protocol.

dSk
u (t) = λkJ,u Jku (t)dt −

{
θkS,u + pku fkS,u Pu(t) + δ

}
Sk

u (t)dt + Sk
u (t)dζkS,u,(1)

dIku (t) = pku fkS,u Sk
u (t)Pu(t)dt −

{
θkI,u + δ

}
Iku (t)dt + Iku (t)dζkI,u,(2)

dJku (t) = rku fkS,u Fu(t)Sk
u (t)dt −

{
θkJ,u + δ + λkJ,u

}
Jku (t)dt + Jku (t)dζkJ,u,(3)

dPu(t) =
∑

k∈{n,i}

(
βku θkI,u Iku (t) − fkS,u

{
Sk

u (t) + ξuIku (t)
}

Pu(t)
)

dt(4)

− θP,u Pu(t)dt + Pu(t)dζP,u,
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dFu(t) = −
∑

k∈{n,i}
fkS,u Fu(t)

(
Sk

u (t) + ξJ,u Jku (t) + ξu Iku (t)
)

dt + µdt + Fu(t)dζF,u,(5)

dζkS,u ∼ N
[
0, (σkS,u)2 dt

]
, dζkI,u ∼ N

[
0, (σkI,u)2 dt

]
, dζkJ,u ∼ N

[
0, (σkJ,u)2 dt

]
,(6)

dζF,u ∼ N
[
0, σ2

F,u dt
]
, dζP,u ∼ N

[
0, σ2

P,u dt
]
.(7)

Here, N[µ,σ2] is the normal distribution with mean µ and variance σ2. Intraspecific
competition among hosts is conceptualized via limitation of food and environment re-
sources, with rku denoting the reproductive rate for species k ∈ {n, i}. Host density
growth, influenced by algal density, is posited to be linear, indicating a direct relation-
ship between food availability and Daphnia reproduction. Mortality rates of susceptible
hosts of species k are denoted as θkS,u. The model represents the dynamics of infection
through M. bicuspidata ingestion by susceptible hosts. Specifically, susceptible hosts
become infected at a rate depending on the density of parasite spores, Pu(t) and the
host filtration rate, fkS,u. This filtration rate is expected to be smaller for infected and
juvenile individuals, modeled by rate factors ξu and ξJ,u which are modeled as equal
for both host species.

Infected hosts of species k die at rate θkI,u, at which point βku parasite spores are
released. We do not measure the spores in this experiment, and so only the product
βku p

k
u is identified but not the separate values of βku and pku . We therefore fix βku = 3×103

for k ∈ {n, i} and for all units (Penczykowski et al., 2014), though Searle et al. (2016a)
estimated a slightly smaller value. Maturation and death of juvenile individuals are
modeled to occur at rate λkJ,u and θkJ,u respectively.

The model’s effectiveness at statistically describing the variation in Daphnia popu-
lation dynamics depends critically on its ability to account for overdispersion, a phe-
nomenon which is overlooked in the common practice of using binomial and Poisson
variation to add stochasticity to deterministic models (Bretó and Ionides, 2011). For
the process model, this overdispersion is implemented by the noise parameters, σkS,u,
σkI,u, σkJ,u, σF,u, σP,u. For the measurement model, we obtain overdispersion by using a
negative binomial model for the observed counts.

Nk

S,u,n ∼ NBinomial
(
Sku (tn), τkS,u

)
, Nk

I,u,n ∼ NBinomial
(
Iku (tn), τkI,u

)
(8)
where NBinomial(µ, τ) is the negative binomial distribution with mean µ and variance
µ + µ2

τ . Since the sampled volume is 1 liter, the densities Sku (tn) and Iku (tn) are on
the same scale as the respective counts, Nk

S,u,n and Nk
I,u,n. We do not include the data

on juveniles during the model fitting process, to keep our approach comparable to
the investigation by Searle et al. (2016a). Therefore, these data are available for an
out-of-sample model validation.

Simpler treatments with a single Dapnia species (SIRJPF) and without the para-
site (SRJF and SRJF2) arise as special cases of SIRJPF2, with appropriate states and
parameters set to zero. These experiment treatments and corresponding models are
presented in Section S4, S5 and S6. By isolating the food variable in the absence of
parasites and/or inter-species competition among Daphnia, these results provide ad-
ditional evidence on how food resource availability or scarcity impacts the population
dynamics of native and invasive species.

4. Methodology for PanelPOMP models. The applications of POMP models
span various fields, including epidemiology (Mietchen et al., 2024; Fox et al., 2022; Wen
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et al., 2024), ecology (Auger-Méthé et al., 2021; Marino et al., 2019; Blackwood et al.,
2013), and finance (Bretó, 2014), among others. In epidemiological studies, POMP
models are instrumental in estimating disease transmission rates and predicting fu-
ture outbreaks by modeling the spread of infectious diseases when only a fraction of
cases are observed (Subramanian et al., 2021). Similarly, POMP models help in un-
derstanding animal population dynamics and migration patterns based on limited or
sporadic sighting data (Auger-Méthé et al., 2021). Widely used latent state estimation
and parameter inference methods for nonlinear non-Gaussian POMP models build on
the particle filter, also known as sequential Monte Carlo (Arulampalam et al., 2002).
Particle filters involve simulating a large number of potential realizations of the latent
process and updating these simulations as new observations become available, thereby
approximating the conditional distribution of the state given the data. Various plug-
and-play inference methods including iterated filtering, particle Markov chain Monte
Carlo, and approximate Bayesian computing (ABC) are available using software such
as pomp (King et al., 2016) or NIMBLE (de Valpine et al., 2017).

Algorithms and software for vector-valued POMP models could in principle be ap-
plied to PanelPOMP models, but in practice the high dimensionality of panel data
requires modified algorithms. The panel iterated filter (PIF) algorithm of Bretó et al.
(2020) enables plug-and-play likelihood-based inference for general PanelPOMP mod-
els. We start by setting up some general notation that we use to describe PIF, a variant
of PIF called the marginalized panel iterated filter (MPIF), and our specific model for
the mesocosm experiment.

Time series data are collected on U units, labeled 1,2, . . . ,U . Unit u is observed at
Nu measurement times, denoted by tu,1, tu,2, . . . , tu,Nu which we write as tu,1:Nu . For
our example, Nu = N = 10, and tu,n = tn = 5n + 2 days, though the algorithms and
software used do not need regular observation times. The observation on unit u at time
tu,n is denoted by y∗

u,n, and in our example this corresponds to a vector of measured
densities of Daphnia classified by species, life stage, and infection status. The data
are modeled by a stochastic process {Yu,n, u ∈ 1:U,n ∈ 1:Nu}. We suppose there is an
unobserved continuous-time Markov process {Xu(t), tu,0 ≤ t≤ tNu} such that Yu,n is a
noisy measurement of Xu(tu,n). In our example,

Xu(t) =
(
Snu (t), Inu (t), Jnu (t), Siu(t), Iiu(t), J iu(t), Pu(t), Fu(t)

)
,(9)

Yu,n =
(
Nn

S,u,n,N
n

I,u,n,N
i

S,u,n,N
i

I,u,n

)
.(10)

The time at which the latent process for unit u is initialized is tu,0, and in our specific
example tu,0 = t0 = 0. We write Xu,n = Xu(tu,n), and we note that the collection of
these discrete-time latent state values is sufficient to describe the model for the data.
Nevertheless, in many situations (including this case study) it is scientifically helpful
to construct the latent process in continuous time.

The PanelPOMP model depends on a parameter vector, θ, which we write as
θ = (ϕ,ψ1:U ) where ϕ is the vector of parameters shared between all units and ψu

is a vector of parameters specific to unit u. We can then define a general PanelPOMP
model in terms of the transition density fXu,n|Xu,n−1(xu,n|xu,n−1;ϕ,ψu), the initial den-
sity fXu,0(xu,0;ϕ,ψu), and the measurement density fYu,n|Xu,n

(yu,n|xu,n;ϕ,ψu) of each
unit u in the panel. For a model such as ours, the transition density is defined implic-
itly by the model equations. The plug-and-play property means that we never require
explicit evaluation of this density, only the ability to obtain simulated trajectories sat-
isfying equations (1–7). We do that using Euler’s method (Kloeden and Platen, 1999).
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A defining feature of a PanelPOMP is that the latent processes are modeled as
independent across units, so the data generating models for each unit are linked only
via the shared parameter vector, ϕ. The likelihood function can therefore be written as

(11) L(θ) =
U∏

u=1

∫
fYu,1:N |Xu,1:N (y∗

u,1:N |xu,1:N ;ϕ,ψu)fXu,1:N (xu,1:N ;ϕ,ψu)dxu,1:N .

Here, we are supposing the existence of conditional probability densities; these may
be interpreted as probability mass functions if the latent process and/or the measure-
ment model are discrete-valued. The likelihood function cannot generally be evaluated
explicitly. However, techniques that let us approximately evaluate and maximize this
likelihood, while making proper accommodation for the approximation error, let us
employ likelihood-based inference tools for parameter estimation, confidence intervals,
diagnosis of model misspecification, and model selection. Our subsequent investigation
demonstrates all these aspects of data analysis.

Particle filters use a Monte Carlo swarm of latent state values, known as particles,
to represent the conditional distribution of the latent variables given the data. Parti-
cles are updated according to the dynamics of the latent process and then resampled
according to their likelihood given the data. This resampling is key to the particle
filter’s efficacy, since it allows the algorithm to focus its computational effort on the
most probable states of the latent process, as indicated by the observed data. Iterated
particle filters maximize the likelihood for a POMP model by associating a parameter
value with each particle. An analogy with Darwinian evolution explains heuristically
how this happens. The parameter values are the heritable DNA belonging to each par-
ticle. The parameter perturbations are analogous to mutations, and the resampling is
analogous to natural selection which preferentially favors the fittest particles, i.e., those
with parameter values most consistent with the data. Kitagawa (1998) noticed that this
favorable property of a particle filter, with perturbed parameters, can be empirically
shown to move the population of these parameter values toward a region of increasing
likelihood. Ionides et al. (2006) and Ionides et al. (2015) found ways to iterate this
process that lead to concentration around the MLE. The panel extension of iterated
filtering by Bretó et al. (2020) applies the same principle to PanelPOMP models. A
flow diagram for a panel iterated filtering (PIF) algorithm is shown in Fig. 3, and full
details are given in Section S2. At each iteration, m= 1:M , the magnitude of the per-
turbations is reduced, and we use geometric “cooling” with a reduction factor ρ < 1.
By providing likelihood-based inference for a general class of nonlinear, non-Gaussian
PanelPOMP models, PIF has the potential to facilitate discoveries in a wide range of
scientific domains. This article provides a case study for such an application in the field
of ecology. Parameter estimates and corresponding confidence intervals were obtained
using PIF. A sufficiently large number of particles is needed to maintain particle di-
versity and achieve robust exploration of the parameter space. However, computational
cost increases with the number of particles. We found that for this model and data,
J = 500 particles and cooling parameter ρ= 0.71/50 = 0.993 gave sufficient Monte Carlo
accuracy and computational feasibility. The likelihood maximization via the PIF algo-
rithm was conducted in three successive stages of M = 150, M = 150, and M = 250
iterations, respectively. This tempering approach has commonly been found useful for
iterated filtering applications (Bhadra et al., 2011). After completing each stage, we
selected the top 25% of parameter values ranked by their corresponding log-likelihoods
and used these as the initial parameter swarm for the subsequent stage. Numerical ex-
perimentation under this setting provided log-likelihood estimates with standard error
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n=1:N
Initialize particle j, unit u,

time t0, states & parameters

j=1:J

u=1:Um=1:M

Input: PanelPOMP model

and data

Simulate stochastic dynamics,
unit u, time tn−1 to tn

Perturb parameters ϕ, ψu

Calculate weights for data,
unit u, time tn

j=1:J

Resample parameters

Resample states

j=1:J

Output: Monte Carlo Maximum

Likelihood Parameter Estimate

Figure 3: A flow diagram for panel iterated filtering. If the blue shaded blocks are
omitted, this becomes a standard particle filter for each unit. Full pseudocode is in
Section S2. In the PIF algorithm of Bretó et al. (2020), the parameter resampling step
involves re-selecting the unit-specific parameters corresponding to particle j for units
ũ ̸= u as well as ψu. For the marginalized PIF algorithm, only ϕ and ψu are reselected
in this step.

0.35 and adequately supported parameter inference while keeping computations within
the capabilities of one 36-core Linux machine.

In PanelPOMP models, it is necessary to decide which parameters should be shared
across units, versus which should be unit-specific. This decision can be guided both
by scientific considerations and by empirical evidence. As the number of units in the
PanelPOMP model increases, the number of parameters increases linearly with the
number of unit-specific parameters. Therefore, balancing model fit and parsimony be-
comes essential to avoid overly complex models. Here, we use AIC, defined to be twice
the number of estimated parameters minus twice the maximized log-likelihood. AIC
compensates for over-fitting by seeking to optimize out-of-sample forecast skill for a
log-likelihood scoring rule (Akaike, 1974). Thus, AIC penalizes complexity only so far
as it affects generalization error for prediction; parsimony has additional scientific ben-
efits, but the scientific value of model simplicity cannot be determined by a purely
statistical criterion. Various other information criteria have been proposed and used in
ecological data analysis, in addition to likelihood ratio hypothesis tests (Johnson and
Omland, 2004). However, AIC has earned widespread use due to its clear theoretical
motivation and its applicability for evaluating collections of non-nested hypotheses,
including comparing mechanistic models to non-mechanistic benchmark models.

Profile likelihood provides a useful approach for constructing confidence intervals in
nonlinear stochastic systems (Simpson and Maclaren, 2023). Calculation of the pro-
files can validate that sufficient computational effort was conducted in order for the
Monte Carlo optimization to converge: by increasing Monte Carlo replications, consis-
tent convergence to the same maximum of the profile likelihood curve confirms ade-
quate numerical effort for optimization. To obtain confidence intervals, we correct for
the Monte Carlo uncertainty in the profile likelihood evaluations by using the Monte
Carlo Adjusted Profile (MCAP) method of Ionides et al. (2017).
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Parameter Definition Unit Value CI
Sk Susceptible host density for species k individual ·L−1 Variable
Ik Infected host density for species k individual ·L−1 Variable
Jk Juvenile host density for species k individual ·L−1 Variable
F Alga density 106 · cell ·L−1 Variable
P Spore density 103 · spore ·L−1 Variable
rn Birth rate of native juvenile individual · 10−6 · cell−1 4.08 · 10 (2.64 · 10,1.94 · 102)
ri Birth rate of invasive juvenile individual · 10−6 · cell−1 2.15 · 105 (1.74 · 102, ∞)
fSn Native susceptible adult host filtering rate L · individual−1 · day−1 1.10 · 10−3 (4.21 · 10−4,1.64 · 10−3)
fSi Invasive susceptible adult host filtering rate L · individual−1 · day−1 2.42 · 10−7 (0,9.47 · 10−4)
pn Number of native infections per spore 10−3 · individual · spore−1 2.72 · 10−1 (1.54 · 10−1,7.28 · 10−1)
pi Number of invasive infections per spore 10−3 · individual · spore−1 1.34 · 103 (1.13,∞)

pn · fSn Effective infection rate of native adult hosts per-spore 10−3 · L · spore−1 · day−1 2.99 · 10−4 (2.13 · 10−4,4.61 · 10−4)
pi · fSi Effective infection rate of invasive adult hosts per-spore 10−3 · L · spore−1 · day−1 3.25 · 10−4 (2.44 · 10−4,4.87 · 10−4)
rn · fSn Effective birth rate of native juvenile 10−6 · L · cell−1 · day−1 4.49 · 10−2 (3.83 · 10−2,8.53 · 10−2)
ri · fSi Effective birth rate of invasive juvenile 10−6 · L · cell−1 · day−1 5.21 · 10−2 (4.47 · 10−2,6.91 · 10−2)
θnS Native susceptible adult host mortality rate day−1 8.48 · 10−4 (0,1.68 · 10−1)
θiS Invasive susceptible adult host mortality rate day−1 2.52 · 10−3 (0,5.83 · 10−3)
θnI Native infected adult host mortality rate day−1 5.84 · 10−1 (2.75 · 10−1,8.84 · 10−1)
θiI Invasive infected adult host mortality rate day−1 3.85 · 10−1 (2.21 · 10−1,5.92 · 10−1)
θnJ Native juvenile mortality rate day−1 1.87 · 10−5 (0,1.66 · 10−2)
θiJ Invasive juvenile mortality rate day−1 5.62 · 10−4 (0,1.79 · 10−2)
θP Spore degradation rate day−1 9.48 · 10−4 (0,7.05 · 10−2)
λnJ Maturation rate of native juvenile day−1 1.00 · 10−1

λiJ Maturation rate of invasive juvenile day−1 1.00 · 10−1

ξ Ratio of infected host filtering rate Unitless 2.22 · 10 (1.01 · 10,7.10 · 10)
ξJ Ratio of juvenile individual filtering rate Unitless 1.00
βn Spores produced per infected native individual 103 · spores · individual−1 · day−1 3.00 · 10
βi Spores produced per infected invasive individual 103 · spores · individual−1 · day−1 3.00 · 10
µ Alga refilling rate 106 · cell · L−1 · day−1 3.70 · 10−1

δ Sampling rate day−1 1.30 · 10−2

σnS Standard deviation of Brownian motion of susceptible native adult
√

individual · day−1 0
σiS Standard deviation of Brownian motion of susceptible invasive adult

√
individual · day−1 0

σnI Standard deviation of Brownian motion of infected native adult
√

individual · day−1 2.93 · 10−4 (0,∞)
σiI Standard deviation of Brownian motion of infected invasive adult

√
individual · day−1 1.73 · 10−7 (0,∞)

σnJ Standard deviation of Brownian motion of native juvenile
√

individual · day−1 2.84 · 10−1 (1.50 · 10−1,4.80 · 10−1)
σiJ Standard deviation of Brownian motion of invasive juvenile

√
individual · day−1 3.02 · 10−1 (1.35 · 10−1,4.20 · 10−1)

σF Standard deviation of Brownian motion of alga
√

individual · day−1 1.44 · 10−1 (5.41 · 10−2,2.33 · 10−1)
σP Standard deviation of Brownian motion of parasite

√
individual · day−1 2.71 · 10−1 (4.41 · 10−2,4.20 · 10−1)

τnS Measurement dispersion for susceptible native adult Unitless 4.10 (2.92,7.65)
τ iS Measurement dispersion for susceptible invasive adult Unitless 5.26 (2.66,8.60)
τnI Measurement dispersion for infected native adult Unitless 9.02 · 10−1 (6.69 · 10−1,1.70)
τ iI Measurement dispersion for infected invasive adult Unitless 1.39 (6.77 · 10−1,2.27)

Table 1
Variables and parameter definitions and estimates. The superscript n and i represents native

(D. dentifera) and invasive (D. lumholtzi) respectively.

Model Parameters Max log-likelihood AIC
SIRJPF2 26 -880.56 1809.12
SIRPF2 20 -891.80 1823.60

SIRJPF2-Gamma 26 -892.03 1836.06
Negative Binomial (Cubic) 24 -932.61 1913.21

Negative Binomial (Quadratic) 20 -943.79 1927.59
Negative Binomial (Linear) 16 -1009.25 2050.50

Searle et al. (2016) 19 -2483.49 5004.97

Table 2
Comparison of model fit for mechanistic models and non-mechanistic benchmarks.

5. Results. Parameter estimates and confidence intervals for the SIRJPF2 model
are in Table 1, which also includes a brief description of the parameter mechanism and
the corresponding measurement units. The log-likelihood, AIC and number of param-
eters for this model is compared against alternatives in Table 2. Differences in AIC
values between models are intepretable only between alternative models for the same
data, so we fit statistical benchmark models to calibrate these results. Specifically, we
fit negative binomial regression models with linear, quadratic, and cubic dependence
on time. Comparing a mechanistic model to a simple statistical benchmark model is
a useful test of model specification, since it reveals quickly whether the mechanistic
model is constructed in a way that is statistically compatible with the data (Wheeler
et al., 2024; Li et al., 2024). The negative binomial models with polynomial (quadratic
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or cubic) terms fit the dynamics better than a linear trend. Although these more flexible
polynomial expansions do not represent latent biological processes directly, they better
capture the non-linearlity of the system, leading to a higher log-likelihood and a lower
AIC than the linear model.

Table 2 includes the log-likelihood and AIC values for the fitted model and the
deterministic ODE model of Searle et al. (2016a), which served as a starting point for
our model. Although the mechanistic model of Searle et al. (2016a) was successfully used
to provide scientific insight into the ecological dynamics of the experiment, we found it
does not provide a competitive statistical fit to the data compared to simple alternatives.
We also consider several variants of the SIRJPF2 model described here, namely a
model that excludes the juvenile state (SIRPF2, described in Section S7.3), and a
version of the SIRJPF2 model where the Gaussian noise has been replaced with Gamma
noise (SIRJPF2-Gamma, see Section S9). The SIRPF2 model ignores the process of
maturation of juvenile and instead highlights the infection process of the Daphnia adult
populations. While this model does have an improved statistical fit compared to the
deterministic ODE model of Searle et al. (2016a) and other benchmark models, it
has weaker performance than the model that accounts for the effect of juveniles on
population dynamics.

Our SIRJPF2 model quantitatively describes the observed data better than any of
the alternatives, while simultaneously providing a plausible mechanistic description of
the experimental system. Having assessed the fit of our model, we have some support
for interpreting the estimated parameters of the model. It is hard to rule out the possi-
bility that some biological details in the model are misspecified in ways that may lead
to confounding with the modeled mechanisms and therefore bias in the causal interpre-
tation of estimated parameters (Wheeler et al., 2024). With that caveat acknowledged,
we proceed to interpret the model and parameters at face value.

There are some substantial differences in the observed trajectories between experi-
mental replicates (Figs. 1, S5, S6, S14, S19, S20). This could result from small differences
in the initialization of the replicates, or it could simply be a consequence of the nat-
ural variation in any biological system. In the context of our model, these hypotheses
correspond to unit-specific parameters and stochastic dynamics, respectively. Here, the
evidence suggests that stochastic dynamics are sufficient to explain the variation in
the data. Table S1 in the supplement presents a comparison of model fit and complex-
ity across various configurations of unit-specific parameters within the PanelPOMP
framework for the SIRJPF2 model. These distinct configurations represent varying hy-
potheses explaining the differences across replicates. The models assessed include those
with unit-specific parameters for combinations of mortality rates (θnS , θiS ,θnI , θiI), filter
rates (fnS , f iS), growth efficiency factors (rn, ri), and spore infection rates (pn, pi).

When parameters are shared between units, we obtain a substantial reduction in the
number of parameters to be estimated. For field data, one may expect the need for
unit-specific parameters describing structural differences between units. For example,
in a PanelPOMP analysis of pre-vaccine polio transmission dynamics for state-level
data in USA, Bretó et al. (2020) used unit-specific parameters to describe variations
in the seasonality of transmission across units. Modeling decisions concerning shared
and unit-specific parameters are testable hypotheses that are of scientific interest in the
quest for a parsimonious understanding of the dynamics, and for understanding sources
of variation.
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In our selected model, the feeding rate of the invasive Daphnia species (f iS) is not
statistically significantly different from that of the native Daphnia species (fnS ). Also,
the invasive species has a lower rate of infection per consumed spore (pn < pi), con-
sistent with Fig. 1C of Searle et al. (2016a). The native parameters—juvenile growth
rn, feeding rate fnS and infection probability pn show full identifiability as shown in
Fig. S1, whereas the corresponding invasive parameters ri, f iS , pi are only bounded
on one side. This limited identifiability is attributable to (i) the lower density of D.
lumholtzi which may increase stochastic effects; (ii) model complexity, since the param-
eters become identifiable in host-only experiments with simplified dynamics (Fig. S8);
(iii) the product of these parameters governs the juvenile growth and infection process,
which allows individual invasive coefficients to vary so long as their products remain
fixed. To investigate this last explanation, Table 1 shows relatively precise identifia-
bility of the effective infection rate (pnfnS , pif iS), and the effective juvenile birth rate
(rnfnS , rif iS). At the same time, the identifiability of the measurement error parame-
ter (τnS , τ iS , τnI , τ iI ) explains variability that would otherwise inflate weakly identified
process-noise terms. Our results indicate that stochasticity in the juvenile stage (σnJ and
σiJ ), food (σF ) and parasite (σP ) dynamics are important model features, needed to
adequately describe the data (see the corresponding confidence intervals in Table 1 and
the profile likelihood plots in Fig. S1). That suggests the juvenile stage, food and para-
site dynamics are particularly sensitive to unmodeled phenomena, such as lower fitness
resulting from resource depletion, since unmodeled phenomena can be explained by the
model as stochastic uncertainty. Noise in other stages is small, and often insignificantly
different from zero, as shown by profile likelihood plots for σnI , σiI . Since the profile for
σnS , σiS is flat and insignificantly different from zero, we fixed the σnS and σiS to be zero
as constants. The proposed model is flexible enough to describe the predictability and
uncertainty inherent in the system in various ways, and the data have come down in
favor of σnJ and σiJ . This indicates that the model might be recalibrated after fixing
some or all of the other noise intensities to zero, but there is no pressing need to do
so. The noise term is helpful when describing other dynamics, for example, dynamics
with two species of Daphnia and no parasite as shown in Supplement S5. Natural death
rates, (θnS , θiS , θnJ and θiJ ), are poorly identified in the presence of the parasite since
most death comes through the infection process. By contrast, these parameters are
better identified in the treatments without the parasite (Fig. S15).

Alternative SIRJPF2 model specifications were fitted with various parameters taken
to be unit-specific. The log-likelihood estimates and corresponding AIC values for these
models are presented in Supplementary Table S1. These results suggest that introducing
unit-specific parameters increased model complexity without significantly improving
model performance. Similar results hold for the other treatments (Tables S4, S5, S7,
S10, S11). Consequently, we choose to select the model with all shared parameters, as it
offers a more parsimonious and robust representation of the system dynamics without
substantially compromising the explanatory power. And the confidence intervals are
obtained by the MCAP are shown in Fig. S1 for the SIRJPF2 model, and Figs. S7, S8,
S15, S21, S22 for other treatments.

Our estimated value of the filtration rate factor for infected Daphnia is ξ > 1, which
is superficially incompatible with previous empirical observations that infection leads
to reduced filtration, especially as disease progresses (Searle et al., 2016a; Penczykowski
et al., 2014). One way to reconcile these results is the possibility that Daphnia which
filter faster are exposed to more spores and are consequently more likely to become
infected. There are six genotypes in each experimental unit, and we only observe
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population-level dynamics rather than individual-level data. When modeling these dy-
namics, our parameters of interest actually represent population-level means. In other
words, given this specific combination of genotypes, ξ > 1 indicates that at the pop-
ulation level, the average filtration rate of infected Daphnia is higher than that of
susceptible Daphnia. However, the direction can be reversed at the individual level.
ξ > 1 could also be a result of reverse causation due to unmodeled heterogeneity: Daph-
nia with higher filtering rate are exposed to more pathogen spores and so filtering rate
can causally affect infection status in addition to any causal effect of infection status
on filtering rate. A subsequent investigation extending the model and measurements to
include Daphna size and genotype could help to clarify this.

As shown in Table 1, the estimated values of pn and pi differ significantly, suggesting
that the parasite influences the proportion of individuals becoming infected within each
species in distinct scale. This difference, in turn, affects the interactions between the
two species.

6. Model diagnostics. Our best-fitting model includes explicit modeling of juve-
niles and their maturation, a feature not present in the model of Searle et al. (2016a).
The extra delay in the adult dynamics introduced by the juvenile stage appears to be
necessary for the model to provide a strong statistical fit to the data. In the original
study, Searle et al. (2016a) collected juvenile data but did not include it as part of the
data analysis. To make our analysis comparable to Searle et al. (2016a), we fitted to the
same data, and therefore did not include a measurement model for juveniles. Instead,
the juvenile data are available to use as model validation, which is done by comparing
simulations from the fitted model to the unmodeled data in Fig. 4.

Knowing that the average body length of juvenile Daphnia is shorter than the average
body size of adult Daphnia for both species, we expect that juvenile individuals will
have a lower filtering rate. Yet, without fitting to juvenile data, it is unclear whether
that question is identifiable from the model at hand. To explore this assumption, we
compared the model using the value ξJ,u = 1 (juveniles and adults filter at the same
rate) against the extreme value ξJ,u = 0.001 (juveniles filter much slower than adults).

Likelihood residual analysis is an effective tool for comparing alternative models by
assessing differences in the conditional log-likelihood for each data point (Wheeler et al.,
2024; Li et al., 2024). We maximized the log-likelihood subject to the fixed values of
ξJ,u, and we compared the conditional log-likelihood for each observation category at
each time point for each fixed ξJ,u value, as shown in Fig. S3(a). These results show that
setting ξJ,u = 1 leads to only a slightly higher maximized log-likelihood (−881.13) than
ξJ,u = 0.001 (−882.24), indicating that the parameter is weakly identified. Moreover,
plotting the conditional log-likelihood for each state at each time, we observe that the
log-likelihood components for susceptible and infected D. dentifera and D. lumholtzi are
similar between the two parameter settings. These results suggest that both parameter
values provide indistinguishable explanations of the observed data, which is a stronger
conclusion than obtaining a similar total log-likelihood.

The choice of ξJ,u nevertheless affects the interpretation of the fitted model: the
maximum likelihood estimates constrained to different values of ξJ,u lead to distinct
behavior of juvenile Daphnia in simulations, as shown in Fig. S3(b). If ξJ,u is set to
be lower than is biologically plausible, simulated trajectories from the fitted model
have far fewer juveniles than was observed, which is shown in Fig. S3(b) as well. This
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Figure 4: Simulated Daphnia densities (Individuals/Liter), alga density
(106·cells/Liter) and parasite density (103·spores/Liter), over time (days), in the
mixed species parasitized dynamics with parameters from Table 2. Blue bands are
95% pointwise confidence intervals; black lines show the mean; solid color lines are the
experimental data. The parasite and food densities were not observed, and the dashed
colored lines are simulations.

indicates model misspecification which could bias the estimates of rku , pku and fkS,u. When
a weakly identified parameter has consequences for the biological interpretation of the
model, it is appropriate to fix that parameter at a biologically plausible value, and we
therefore fixed ξJ,u = 1 for subsequent analysis, reasoning that larger juveniles should
have filtering rates of the same order of magnitude as adults.

In addition to comparing model fit using AIC, we further validate the calibrated
SIRJPF2 model via a simulation study. We generate 1000 simulations from the model
and compare these simulations to the data (Fig. 4). Unit level simulation plots are
shown in Fig. S2. The simulation bands presented in Fig. 4 closely align with the
empirical data curves from the actual experiment, underscoring the model’s capability
to replicate the observed dynamics. Notably, the model captures not only the trends but
also the variability of the experimental data. Simulations from other models considered
are included in the supplementary Figs. S9–S12, S16, S17, S23–S26.

The consistency of simulated data with the empirical data provides a qualitative
indicator of the fit of the model that complements a comparison of log-likelihood val-
ues. Our simulations from the fitted SIRJPF2 model align with the observed data for
the susceptible and infected species of Daphnia, and from the out-of fit juvenile data.
This encourages us to explore the dynamics of latent states in the dynamic system by
simulating the unobserved densities of M. bicuspidata and A. falcatus (see the third
column of Fig. 4). The model predicts that the alga density decreases dramatically
from its starting value, and then starts to rebound, due to resupply, once the Daphnia
population has crashed. The parasite density is predicted to rise sharply during the
population growth phase and then plateaus at a high level.

As mentioned in Section 3, high population density of Daphnia and limited food
resources will prompt the production of male Daphnia leading to sexual reproduction



16

and the generation of diapausing eggs. That biological feature plays a large role in the
model of Searle et al. (2016a), though Table 2 shows that our proposed mechanism for
the role of resource depletion provides a better statistical explanation of the analyzed
data. Our modeling and inference approach could be extended to include data on males
and ephippial females, collected by Searle et al. (2016a) but not included in either their
model or ours.

7. Discussion. Data science is having a transformative impact on ecological sci-
ence (Mouquet et al., 2015) and yet too few studies undertake the task of reconciling
ecological theory with time series data (Peacor et al., 2022). We have shown that our
panel data methodology can allow full-information plug-and-play likelihood-based infer-
ence for the complex partially observed nonlinear stochastic dynamic models required
to carry out this reconciliation. If the previous shortage of such data analyses is evidence
for the previous lack of effective methods, PanelPOMP methodology should facilitate
many previously intractable scientific investigations. Further advances in methodology,
such as automatic differentiation for particle filters (Tan et al., 2024), will continue to
increase the numerical tractability of PanelPOMP models.

Despite the complexity of our SIRJPF2 model, there are various ways in which fur-
ther biological mechanisms could be incorporated. Our general plug-and-play framework
can be further extended, and information criteria can be used to assess the importance
of the proposed extension. For example, we could have incorporated the phenomenon
that Daphnia with advanced infection have reduced feeding rate, or we could have
allowed for the possibility that recently infected Daphnia can continue to reproduce.
Additional residual analysis can search for patterns suggesting model improvements,
following a similar approach to the residual analysis carried out here.

Although we did not calibrate the model using juvenile data, the addition of latent
Jku states leads to an improved statistical fit. This could arise because the juvenile
stage provides a delay in the Daphnia population growth dynamics, and because juve-
niles compete with adults for available food resources. Juveniles rarely exhibit disease,
perhaps because of the latency in the parasite’s development within its host, but they
nevertheless play a significant role in the infection dynamics. While we have shown
the relevance of age-structured dynamics for understanding the data on adults, future
work could identify the role of juveniles in the system dynamics more precisely. Adding
juvenile data to the measurement model in the fitting procedure would enable higher
statistical resolution on these dynamics. Our general POMP modeling and inference
framework allows for the possibility of additional measurements or alternative model
hypotheses.

Fitting a mechanistic model can provide a coherent explanation of system dynamics,
but one must remain cautious about the possibility of confounding factors: mechanisms
that are omitted from the model and which provide alternative (and perhaps scien-
tifically pertinent) explanations of the observed phenomena (Li et al., 2024; Wheeler
et al., 2024). We have an external test of our data by showing that it fits the juvenile
data even though it was not fit to them, but this validation does not guarantee that all
conclusions from the fitted model are correct. For example, while our results explain the
decrease of Daphnia density by resource depletion, data on the exact food level were
not available. The mechanism, although logical within the model’s framework, remains
an unvalidated assumption in the theory rather than being directly supported by data.
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Subsequent experimentation could substantiate or refute this prediction, and our data
analysis methodology can assist such investigations.

Deterministic dynamic models continue to be widely used for ecological theory, de-
spite the fact that inclusion of stochasticity can both improve model fit and enable
diagnosis of model shortcomings (King et al., 2015). We demonstrate that including
stochasticity can also lead to more parsimonious understanding of the system, since,
in our case study, the dynamic stochasticity obviates a need for mesocosm-specific pa-
rameters to explain the difference between the experimental replicates.

This study has focused on the task of fitting models to understand the biological dy-
namics. This is closely related to the task of forecasting: fitting by maximum likelihood
is equivalent to assessing one-step forecasting skill, and the AIC criterion is designed to
evaluate out-of-sample predictive skill (Akaike, 1974). Within this framework, the goals
of model-based biological understanding and forecasting are therefore closely aligned.

We have analyzed data collected in a controlled environment, raising the question of
the applicability of our methods to field ecosystems. The applicability of our approach
is contingent on having panel data of sufficient length and quality to inform interac-
tions between species. Such panel datasets are available, for example, on pathogen-host
ecosystems (Martinez-Bakker et al., 2015) and fisheries (Naiman et al., 2002). The flex-
ibility of the PanelPOMP model class provides many opportunities for developing new
models that integrate ecological theory with panel time series data.

Significance Statement. Collections of partially observed nonlinear stochastic
dynamic systems arise in diverse scientific applications and raise methodologically chal-
lenging statistical inference problems. We consider this task in the context of analyzing
panel time series data collected from ecological studies. We develop and demonstrate
data analysis techniques that apply to a flexible model class, permitting scientists to
obtain statistically efficient inference on models describing scientifically plausible mech-
anisms. For our experiment, a model with stochastic dynamics provides simpler inter-
pretation than previous determinstic models: variation between experimental replicates
can be described by dynamic noise rather than systematic differences between repli-
cates.
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Data Availability Statement
Code and data for the analysis is available on Github at https://github.com/Megumi-
ybb/Daphnia-ms and is archived on Zenodo at https://doi.org/10.5281/zenodo.15595669.

Supplementary Material
The Supplementary Material includes detailed specification of the Panel Iterated Filter-
ing algorithm and the benchmark models. It also provides profile likelihoods, residual
analyses, and diagnostics for the SIRJPF2, SIRJPF, and SRJF2 models, together with
models for the additional dynamics discussed in the manuscript.
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