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Reliable inference in infectious disease modeling requires careful treatment of
both model structure and the relationship between latent infection dynamics and
observed data. Likelihood functions, which link model parameters to empirical
observations, can be formulated either to explicitly represent underlying
disease transmission and reporting processes (process-based) or to summarize
statistical patterns in aggregated outcomes (observation-based). Stochastic
models capture inherent variability in transmission and detection, whereas
deterministic models describe average system behavior and often rely on
statistical assumptions to account for residual uncertainty. Using two neglected
tropical disease (NTD) models, we compare parameter estimation based on
complete individual-level events with that based on aggregated counts. By
generating synthetic outbreak data from stochastic simulations and analyzing it
under alternative modeling frameworks, we show how different combinations
of model formulation and likelihood structure influence both point estimates
and uncertainty quantification. Our findings indicate that, even when detailed
process information is unavailable, observation-based likelihoods can produce
robust parameter estimates and credible uncertainty intervals, highlighting their
usefulness for practical decision-making in contexts with limited or aggregated
surveillance data.

KEYWORDS
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1 Introduction

A central challenge in epidemiological research is calibrating infectious disease models
to observed data, integrating different modeling approaches to quantify and propagate
uncertainty through inference and prediction. Likelihood functions, which formalize
the probability of observing data given a set of model parameters, serve as the critical
interface linking model structure, stochastic processes, and observed data, and thus
underpin both frequentist and Bayesian inference. Model parameters can be estimated
using maximum likelihood estimation (MLE) [1], or within Bayesian frameworks using
methods such as Markov Chain Monte Carlo (MCMC) [2, 3] or importance sampling
[4, 5], while likelihood-free approaches such as Approximate Bayesian Computation
(ABC) provide practical alternatives when the likelihood is analytically intractable
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[6-8]. Across these approaches, the specific formulation of the
likelihood—ranging from process-based models that explicitly
simulate both disease transmission and reporting processes, to
observation-based models that rely on statistical assumptions about
measured outcomes—determines how uncertainty arising from
stochasticity, data limitations, and model structure is captured and
propagated. This integration of modeling methods is particularly
important for neglected tropical diseases (NTDs), where dynamic
transmission models are increasingly used to evaluate progress
toward WHO 2030 Roadmap targets [9, 10], and where reliable
parameter inference is essential not only for predicting intervention
impacts but also for estimating the true burden of infection,
providing decision-makers with quantitatively rigorous uncertainty
estimates to guide policy and control strategies.

In a Bayesian framework, the posterior distribution represents
the updated uncertainty about model parameters after observing
data. It is defined as the normalized product of the prior
distribution and the likelihood [11]. The formulation of the
likelihood 1is therefore central to how uncertainty from both
the disease process and the observation process is propagated
into parameter estimates and predictive outputs. For disease
transmission models, likelihoods can be constructed in several
ways. Process-based likelihoods (PBL) explicitly simulate both
the latent disease states and, where applicable, the reporting
process, capturing stochasticity inherent in transmission, recovery,
and case detection; a notable example is partially observed
Markov process models applied to human Ebola outbreaks,
which integrate unobserved infection dynamics with observed
case counts. Observation-based likelihoods (OBL), in contrast,
assume that the data follow a statistical distribution around
model outputs, such as Normal [1, 12], Poisson [13], Student’s t
[14], negative binomial [15, 16], or beta-binomial [17]. Gaussian
likelihoods correspond to a least-squares error framework, while
other distributions accommodate count or overdispersed data.
Breto [18] distinguished mechanistic likelihoods reflecting either
the transmission or the measurement process, underscoring how
process- and observation-based formulations represent sources of
uncertainty differently.

Closely linked to likelihood formulation is the choice between
stochastic and deterministic model structures. Stochastic models
naturally incorporate variability in infection and reporting
processes, while deterministic models approximate mean
system behavior, requiring observation-based likelihoods to
capture residual uncertainty [19]. Thus, integrating model
likelihood

is essential for quantifying uncertainty in a coherent and

structure, choice, and stochastic representation
interpretable manner, particularly in policy-relevant applications
where predictive confidence intervals (CIs) guide intervention
decisions [20].

To illustrate these concepts, we formulate likelihood functions
for compartmental models using both process-based and
observation-based approaches. We generate synthetic data with a
stochastic model and aggregate individual events into population-
level longitudinal observations to mimic real-world surveillance.
Parameter inference is then performed under two scenarios: one
using a stochastic model with a process-based likelihood, and
another using a deterministic model with an observation-based

likelihood applied to aggregated data. We apply this framework
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to two case studies: trachoma and leprosy. Trachoma, caused
by Chlamydia trachomatis, remains a leading cause of infectious
blindness worldwide and exhibits complex, seasonal transmission
patterns [21]. Leprosy is a chronic bacterial disease with slow
progression and low incidence, making its transmission dynamics
difficult to observe directly [22]. These contrasting diseases provide
complementary contexts to evaluate how different likelihood
formulations and model structures perform under low-incidence
vs. more aggregated, population-level transmission scenarios. We
systematically compare how different likelihood formulations
and model structures affect parameter estimation and uncertainty
quantification. These case studies show how observation-based
likelihoods can yield reliable parameter estimates and uncertainty
quantification in situations where data are aggregated, as is typical
in many real-world surveillance settings.

2 Materials and methods

2.1 Process-based likelihood

We assume that events can arise in the time period [t,t + dt],
where dt is a vanishingly small time period, with the probability that
an event occurs given in Equation 1:

P (event in interval [t,t + dt]) = A(t)dt, (1)

where A(t) is a rate function. If we further assume that the
probabilities of events in distinct intervals are independent, it
follows that for any interval (t,¢ + u) [23] the probability of no
events is given by Equation 2:

t+u
P (no events in interval (¢, t + u)) = exp (— / A(r)dr) . (2)
t

We order events into a series of non-decreasing times: t) =
0 <ty < ... <tj < tj, wheret; is the time of last observed event.

The process-based likelihood can be obtained by multiplying:
(i) likelihood of an event occurring at time tG)s (ii) likelihood that
no events occur in the interval (¢;_1), ;). Then the likelihood is as
in Equation 3 with:

P J ‘o
L7 (events) = 1_[ A(t(j) exp —/ Moydr ) |. (3
-1

j=1

For compartmental disease transmission models, the rate A(t)
is piece-wise constant and can change only at event times. This
means that the integral in Equation 3 is equal to the value of the
rate function at the time of previous event multiplied by the length
of time to the next event, i.e. fxy M1T)dT = M(x) % (y - x).

2.2 Observation based likelihood

We assume the data are available at the population level
across multiple observation points. Observation-based likelihood
can be formulated by assuming that observed data are normal-
distributed [1], Poisson-distributed [13, 24], Student’s t-distributed

frontiersin.org


https://doi.org/10.3389/fams.2026.1798581
https://www.frontiersin.org/journals/applied-mathematics-and-statistics
https://www.frontiersin.org

Retkute et al.

[14], negative binomial-distributed [15, 16], or beta-binomial-
distributed [17] around an output of a model.

2.3 Case studies
2.3.1 Trachoma transmission model

A simple susceptible, infected, and susceptible (SIS) model
of ocular chlamydial infection has been proposed to model
transmission in a core group of children [25, 26]. In this framework,
all individuals in a population are classified according to their
epidemiological status over time. We assume a constant population
of size N, ignoring births and deaths, and that individuals mix
homogeneously. These assumptions are reasonable for modeling
short-term infection dynamics in a closed population such as a
school or village.

In the SIS model, individuals move between susceptible (S) and
infected (I) states, with §; = N — I; at any time t. We can define
changes in the number of infected individuals by Equation 4:

YN A @)
at N Vit
where I; is the number of infectious cases at time t, B is the
transmission rate, and y is the rate of recovery from infection. The
initial number of infected individuals, Iy, is specified based on the
observed data or a small seed value, and Sy = N — I,.

The observation-based likelihood can be obtained by assuming
that the observed number of infected cases (I°’) is Poisson-
distributed around a solution of Equation 4 (I"):

Lobs

00 xd s d = 0.t ) = [ | Prois (17115 (B (5)
d=0

We chose a Poisson likelihood because it is appropriate for
count data and does not require estimating additional dispersion
parameters, unlike Gaussian or negative binomial likelihoods.
It assumes independence of observations given the model. In
practice, overdispersion may occur, but Poisson provides a
simple baseline.

Based on Equation4, we can define a stochastic model.
In the stochastic formulation, infection and recovery events
occur probabilistically in a small time interval dt. This can be
implemented using the Gillespie stochastic simulation algorithm or
an equivalent discrete-time approximation. The probabilities that
an event occurs in the time period [t, t + dt] are:

P(S — I) = BSI,N~dt,
P — S) = ylLdt, (6)

At each step, the model selects whether an infection or recovery
occurs based on these probabilities. The stochastic model reflects
the same dynamics as the deterministic ODE but accounts for
random fluctuations in small populations.

The process-based likelihood can be obtained by multiplying:
(i) the likelihood that either infection or recovery occurred at
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each observed event time ;) and no events occurred between
consecutive observation times (f;_1), f(;)); and (ii) the likelihood
of no events occurring between the last event and the end of the
observational window:

» I B ()
Lt ngi=0g18,v) = {1_[ (st(j,l)lt(i,n)

j=1 —_—

Infection
1-1) B
(]/It(]__l)) :| exp |:_ <Nst(j_1)1fg_1) (t(l) - t(J_l))
N————
Recovery No infection

exp [_ (yIt(jil)) (o) — t(j—l))] }

No recovery

Here we ordered observed events into a series of times of either
infection or recovery: foy = 0 < tq) < ... < tg < t. For
each event, we introduced an index of event, 1, where ng =1
if event at time f(;) is an infection, and zero if it is recovery [6].
This formulation captures the probability of observing the exact
sequence of events under the stochastic model and is widely used

in survival and counting-process frameworks.

2.3.2 Leprosy-like transmission model

We simulated a disease trajectory using a general model that
describes the effect of passive surveillance on the prevention
of epidemics of neglected tropical diseases [27]. The model is
described by a system of ordinary differential equations in which
individuals are classified as either susceptible to infection (S),
infected but not yet infectious (E), infected and infectious (I),
detected (D), or recovered (R).

Individuals in the I and D classes contribute to onward
infection at a rate 8. Newly infected individuals become infectious
at a rate 0. A proportion of these individuals, pg, move directly
to the detected class (D), and the remaining proportion remains
undetected and moves to the infectious class (I).

Individuals in the detected class can either receive treatment at
arate p or recover at a rate y. Infectious individuals can also recover
at the same rate y. Demographic processes are included, individuals
are assumed to be born susceptible, and all individuals can die at a
natural mortality rate p.

ds

== uN — BS(I+ D)N"' — uS, (7)
dE
= = BSu+ D)N™' — 0E — uE, (8)
dl
- = (1 — pg)oE — yI — ul, 9
dR
E=)’I+)’D+DD—MR (10)
dD
E=(1—p5)aE—VD—pD—uD (11)
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The probabilities that an event can occur in time period [¢, ¢ +
dt] are given by Equations 12-20 with:

P(S — E) = BS(I + D)N~'dt, (12)
P(E — D) = proEdt, (13)
P(E— 1) = (1 — pg)oEdt, (14)
P(I — R) = yldt, (15)
P(D — R) = pDdt, (16)
P(E - @) = uE (17)
P(I - @) = ul (18)
P(D— @) = uD (19)
P(R— @) = uR (20)

where @ is death. As we assume a closed population, each death
leads to the birth of a susceptible.
The process-based likelihood function would be given by:

L ({tj, m()> M2(G)> M3G)> N4G) Yj=0.0651 B> PE> 1o ¥V 0, p) =

k B 1) (1—n4(5))
1_[ <ﬁsfu—1> (Ifo—l) +D’u—1>))

j=1

Exposure

UG

Bern (712(;')>PE) 0

—_—
Detected or infected

(1=m)) (1=n3)) (1=14))
(o)

Infection

(1=m) (1=n2))n3) A—14(3))
(hs)

Recovery of infected

(1=mq)) (1=n2)) (1=1136)) (1= 11a(i)
(+mDy,)

Recovery of detected

M) (1=n2)) (1=36) ) 1y
(1Ex)

Death of exposed

(1=m)) (1=n2) (1=n3») 1)
(1t )

Death of infected

(1=mg)nag) (1=m3) ) nai)
1Dy,

Death of detected

(1=m16)) (1=m2) 305y i)
(1Res)

Death of removed

B
&p | — (ﬁstu—n <I‘<j—1> + Dto—n)) (tg) — t(i—l))}

No infection

exp| = (oFy,) (19 — f(j—l))}

No exposure
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exp | — (Vltw + @+ P)Drw) (ty — t(jl))}

No recovery

exp| — (“ (Efo—u + Iy + Dy + R‘u—n)) (t) — tj-) i|

No death
(21)

where Bern(x,pg) is the density function for the Bernoulli
distribution with probability of success on each trial equal to pg.
We introduced a set of binary indicator variables: n;; = 1 if
event £;y is an infection, and 0 otherwise; 1, = 1 if exposed
becomes detected, 0 if infectious; n3;) = 1 if an event is recovery, 0
otherwise; 14;y = 1 if an event is death, 0 otherwise.

2.4 Comparing estimation methods

We compared infection-process-based and observation-
Akaike
Information Criterion (AIC). For a model with a log likelihood

process-based likelihood formulations using the

L(0) and k independently estimated parameters, AIC is defined as
AIC(9) = —2log L(0) + 2k, (22)

where 0 denotes parameter values and k the number of fitted
parameters [28]. AIC provides an information-theoretic measure of
relative model support by balancing goodness-of-fit against model
complexity [29]. Parameter vectors with lower AIC are considered
to have a better balance of fit [30].

To examine parameter identifiability and the geometry of the
supported parameter space, we evaluated AIC over a grid of
parameter values. Two-dimensional AIC surfaces were constructed
to visualize relationships between parameters.

Inference was restricted to parameter combinations satisfying

B; = {i: AIC(6;) — min(AIC) < 2}, (23)

which defines the set of parameters with substantial empirical
support [31]. Parameter combinations exceeding this threshold
were considered unsupported and were masked in surface plots to
enhance interpretability.

3 Results

3.1 Trachoma transmission

We have set population size to N = 100, transmission rate
0.017 [25]. We simulated
outbreaks using Gillespie’s stochastic simulation algorithm [32].

B = 0.044 and recovery rate y =

The times of individual events are shown in Figure la, with an
arbitrary vertical scale showing a cumulative increase in the number
of events. For process-based parameter estimation, we assumed that
we know the type and timing of all events shown in Figure la.
This is an idealized situation, and would be possible only under
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FIGURE 1

Comparing estimation methods for trachoma transmission. (a) Times of individual events (infection and recovery). (b) AIC surface for the PBL. (c) AIC
surface for the OBL, calculated using the weekly number of infected individuals. In (b, c), colors indicate parameter combinations within

[min(AIC), min(AIC) + 2]. Black stars denote the true parameter values (8 = 0.044, y = 0.017). (d) Posterior simulations of the number of infections
(gray lines) compared with observed values (red line), based on the stochastic model and the PBL. Each curve represents the average of 100
simulations for a given parameter set. (e) Posterior simulations of the number of infections (gray lines) compared with observed values (red line),
based on the deterministic model and the OBL. (f) Distributions of summary statistics: Root Mean Square Error (RMSE), the number of infected
individuals at t = 6 years, and the year in which the outbreak reached 50% of the maximum number of infections. Horizontal red dashed lines indicate
the values of these summary statistics for the observed data. (g) Sensitivity analysis examining the impact of different input parameter values on
parameter estimation. Simulated observation data for 8 € [0.02,0.1] (left panel) and the distribution of estimated ranges for y (right panel).
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True B

controlled conditions in a laboratory, with constant monitoring of
symptoms or frequent testing. For OBL parameter estimation, we
used the weekly number of infectious individuals obtained from the
stochastic model as our observed data.

Figures 1b, ¢ display the AIC surfaces obtained under the
process-based likelihood (PBL) and observation-based likelihood
(OBL) formulations. Both approaches exhibit a similar qualitative
structure but differ in their ability to recover the true parameter
values. In neither case are the true parameter combinations located
at the center of the region of strongest empirical support, indicating
some degree of estimation bias.

Under the PBL formulation, the true parameter values lie
within the conventional support region defined by min(AIC) <
AIC < min(AIC) + 2, and are therefore statistically competitive
with the best-fitting parameter set. In contrast, under the OBL
formulation, the true parameter values fall outside the AAIC < 2

Frontiers in Applied Mathematics and Statistics 05

region, indicating weaker empirical support relative to the AIC-
optimal estimate. Differences between the two methods are also
reflected in the estimated recovery rate. For OBL, the supported
range is 7 € [0.016,0.020], whereas for PBL it is y €
[0.015,0.021]. Although these intervals are close in magnitude,
the dependence structure between parameters differs markedly.
Under OBL, the estimated transmission and recovery rates exhibit
a strong positive correlation (p = 0.985). By contrast, under PBL
the correlation is negligible (p =
parameter separability.

—0.001), indicating improved

To assess whether these discrepancies in parameter recovery
translate into differences in model performance, we conducted
simulation experiments using all parameter sets that satisfied the
acceptance criterion defined in Equation 23. For each admissible
parameter set, we generated model outputs and compared the
simulated weekly incidence with the observed weekly number
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of infected individuals. For the stochastic transmission model,
100 independent realizations were performed per parameter set
to capture intrinsic variability, and the mean weekly number of
infections across these simulations was used for comparison with
the empirical data. As expected, both methods produced model
trajectories that closely matched the observed data (Figures 1d, e).
Here, the OBL outcome showed less variability and lay closer to the
observed data at the early stage of the outbreak (the first four years)
than the PBL trajectories.

To quantify goodness of fit, we calculated three summary
statistics: the Root Mean Square Error (RMSE), the number
of infected individuals at ¢t =
which the outbreak reached 50% of the maximum number
of infections (Figure 1f). RMSE differed substantially between
estimation methods. The deterministic approach (Det) produced
a markedly lower mean RMSE (mean = 2.54, 95% CI: 2.53-2.55)
compared with the stochastic approach (Stoch) (mean = 4.30,
95% CI: 4.24-4.36). Variability was also considerably smaller for
the deterministic method (SD = 0.140) than for the stochastic
method (SD = 0.745), indicating greater stability in predictive

6 years, and the year in

performance. The number of infected individuals at t = 6
years differed slightly between estimation methods. The stochastic
approach (Stoch) produced a higher mean number of infections
(mean = 58.0, 95% CI: 57.9-58.1) compared with the deterministic
approach (Det) (mean = 56.7, 95% CI: 56.6-56.8). Variability was
slightly larger for the deterministic method (SD = 1.65) than for
the stochastic method (SD = 1.10). Despite this difference, both
methods underpredicted the observed number of infections at 6
years, which was 61, indicating that neither model fully captured
the outbreak magnitude at this time point. The year in which
the outbreak reached 50% of the maximum number of infections
differed between estimation methods. The stochastic approach
(Stoch) predicted this milestone slightly earlier (mean = 2.94 years,
95% CI: 2.93-2.95) compared with the deterministic approach
(Det) (mean = 3.21 years, 95% CI: 3.20-3.21). Overall, these results
indicate that while PBL recovers parameters more accurately, OBL
provides better predictive trajectories in the presence of noisy
data, highlighting a trade-off between parameter recovery and
model performance.

We evaluated the robustness of parameter recovery by varying
the true transmission rate (8 € [0.02,0.10]) in simulated datasets
and estimating parameters using the PBL and OBL (Figure 1g).
For each value of B, confidence bounds were defined by the
AIC support region [min(AIC), min(AIC) + 2]. Under the PBL,
the true transmission rate consistently fell within the estimated
support intervals across the full range of simulated B values. The
estimated ranges were generally centered on the true values, with
moderate and relatively stable interval widths, indicating good
practical identifiability and limited bias across low- and high-
transmission settings.

In contrast, the OBL displayed substantial variability and
systematic bias in several scenarios. At higher transmission
intensities (8 = 0.10), the OBL overestimated 8, with support
intervals shifted above the true value. At intermediate levels,
estimates were occasionally downward biased (e.g., 8 = 0.09). In
contrast, at lower transmission intensities (8 < 0.04), the method
produced either markedly underestimated or overestimated ranges,
often with narrow intervals that did not include the true parameter.
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Models can be used to assess the effect of treatment programs
on disease elimination, for example, the mass treatment of
trachoma with antibiotics. Here, we investigated how parameter
estimates derived from process-based vs. observation-based
likelihoods influence model predictions of the time required until
elimination. We simulated treatment by reducing the number
of infected individuals, assuming 80% effective coverage and bi-
annual administration, as in Ray et al. [25], with MDA starting at
year 6. Elimination was defined as I < 1, and models were run
using parameter sets satisfying the condition given by Equation 23.
Control of trachoma via bi-annual MDA over a 3.5-year period is
illustrated in Figure 2. Figure 2a shows an example of prevalence
dynamics simulated using the stochastic model, while Figure 2b
shows the corresponding dynamics under the deterministic model.
In both Figures2a, b, green vertical lines indicate the timing
of MDA applications. These simulations highlight the impact of
repeated treatment on reducing prevalence over time and allow
comparison of variability between stochastic and deterministic
model predictions. We found that both models predicted successful
trachoma elimination (Figure 2c). The expected time to elimination
was 2.5-3 years in the deterministic model and 2.2-4.1 years in the
stochastic model. In the stochastic formulation, the variability in
time to elimination across posterior simulations reflects the effect
of parameter uncertainty, and the expected time until elimination
was positively correlated with pre-treatment trachoma prevalence
(b =
where both deterministic and stochastic model simulations showed

0.73). These observations are in agreement with [25],

that prevalence of infection is progressively reduced with each
periodic treatment.

3.2 Leprosy-like transmission

We have set population size to N = 1000, transmission
rate B = 0.1, recovery rate y = 0.017, and proportion of
detected individuals to pg = 0.01 [27]. Simulated epidemiological
curves for both deterministic and stochastic formulations are
shown in Figures 3a, b. Again, for PBL parameter estimation,
we assumed that we know the type and timing of all events
(including different types of infections, recoveries, deaths, and
births). However, for OBL parameter estimation, we used
only a weekly number of detected cases (inset in Figure 3b).
Non-zero values in the detected compartment (D) occurred
between approximately years 2 and 4. The number of detected
individuals remained low throughout this period, with a maximum
of 3 cases observed. We chose the Poisson distribution for
observation-based likelihood.

Parameter estimation using the PBL approach recovered ranges
that included the true transmission rate and were moderately
wide (Figure 3c). Specifically, B was estimated between 0.091
and 0.101, encompassing the true value of 0.100, while the
detection probability pr was estimated between 0.006 and 0.016,
also covering the true value of 0.010, albeit with greater relative
uncertainty. Overall, PBL produced reliable intervals that captured
the true parameter values, particularly for pg, despite being broader.
In contrast, the OBL approach yielded substantially narrower
ranges (Figure 3d). The transmission rate was estimated between
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FIGURE 2

elimination of trachoma.
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Simulated outbreak of leprosy and log-likelihood surfaces. (a) epidemiological curves for deterministic model; (b) epidemiological curves for
stochastic model (insert shows a close up on several detected cases); (c) AIC surface for the PBL; (d) AIC surface for the OBL calculated using weekly
number of detected. In (c, d) colors indicate parameter combinations within [min(AIC), min(AIC) + 2]. Black stars show the true values of parameters
(B =0.1, pe=0.01). (e) Posterior simulations of the number of infected (gray lines) compared with observed values (red line), based on the stochastic
model and the PBL. Each curve represents the average of 100 simulations for a given parameter set. (f) Posterior simulations of the number of
infected (gray lines) compared with observed values (red line), based on the deterministic model and the OBL.

0.097 and 0.098, narrowly missing the true value, while pr was
estimated between 0.020 and 0.021, approximately twice the
true value and not overlapping with it. Correlation between S
and pr was negligible for PBL (p = 0.002) but moderately
negative for OBL (p = —0.316), reflecting a modest trade-
off between parameters under observation-based inference. Thus,
OBL provided higher precision at the cost of bias, particularly
for the detection probability, whereas PBL produced wider but
more trustworthy intervals. Consistent with the trachoma case
study, the deterministic model combined with OBL showed better
agreement with observed data compared with the stochastic model
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and PBL (Figures 3e, f), even when using only limited information
on detected cases.

4 Discussion

In this study, we brought together two complementary
approaches to likelihood formulation for infectious disease models:
process-based likelihoods and observation-based likelihoods.
Although the choice of likelihood is usually dictated by the
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type of data available, our objective was to assess how these
alternative formulations differ in their treatment of uncertainty
when applied to the same underlying outbreak but observed
at different levels of granularity. While many NTD models are
individual-based models [33, 34], we illustrated our examples
using deterministic ordinary differential equation models and their
equivalent stochastic versions, allowing us to disentangle the effects
of model structure from those of likelihood specification. We
based our analysis on two case studies: a simulated outbreak
of trachoma in children, and a simulated outbreak based on a
leprosy-like transmission model. For both case studies, we used
data on all events when calculating process-based likelihoods (time
and event type). In contrast, for the observation-based likelihood
formulation, we restricted our knowledge to aggregated data from
a single compartment: for trachoma, weekly counts of infectious
individuals; and for the leprosy-like disease, weekly counts of
detected individuals. This design enabled a controlled comparison
of how information loss through aggregation affects parameter
inference and uncertainty representation.

We performed two-dimensional visualizations of the AIC
surface and compared the parameter sets within the support region
(defined as AIC < min(AIC) + 2) with the true values. For models
with more than two parameters, the same approach can be extended
by examining pairwise AIC surfaces conditioned on fixed values
of additional parameters, or by visualizing three-dimensional AIC
contours, to assess identifiability and parameter trade-offs in
higher dimensions. Exploring the AIC surface provides insight
into identifiability, curvature, and potential sources of bias, beyond
what is apparent from point estimates alone. Both frameworks
produced reasonable parameter estimates. However, biases can still
arise even when all processes are observed, and the likelihood is
correctly specified, highlighting the intrinsic uncertainty associated
with stochastic disease dynamics. For example, in the leprosy
simulations, the OBL produced narrower but biased estimates of
the detection probability pg. In contrast, the PBL produced wider
intervals that captured the true value (Figures 3c, d). Similarly,
for trachoma, the AIC surfaces revealed that OBL estimates were
systematically shifted relative to PBL, reflecting information loss
due to temporal aggregation (Figures 1b, ¢).

The differences in parameter uncertainty between PBL and
OBL formulations can be understood mechanistically through
the lens of identifiability and information content. In the PBL
framework, the full sequence of event times and types constrains
the joint parameter space because each parameter contributes to
distinct events. For example, infection and recovery events directly
inform the relative magnitudes of transmission and recovery
rates, improving structural identifiability and reducing parameter
correlation. By contrast, under OBL, the data are temporally
aggregated counts from a single compartment. This aggregation
induces information loss: multiple underlying transmission and
detection trajectories can generate similar observed summaries.
In particular, the strong positive correlation between transmission
and recovery rates under OBL reflects a structural trade-off:
increases in transmission can be offset by increases in recovery,
yielding similar prevalence trajectories. The PBL formulation
mitigates this effect because the timing of individual infection
and recovery events breaks this symmetry, allowing separate
identification of transition rates. Thus, the narrower yet biased
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intervals observed under OBL in some scenarios do not necessarily
indicate stronger identifiability, but rather reflect the projection of
a higher-dimensional stochastic process onto a lower-dimensional
summary statistic. However, posterior simulations based on PBL
parameters showed much greater variability in outbreak trajectories
and worse summary statistics overall, highlighting a practical trade-
off between mechanistic identifiability and predictive stability.

Mathematical models are important tools for guiding control
and elimination strategies for NTDs. Investigation of the leprosy-
like transmission model showed that a high proportion of new
infections would need to be detected to prevent resurgence [27].
A crucial question is determining what proportion of infected
individuals self-report after symptom onset. Our results indicate
that this epidemiologically critical parameter can be inferred not
only from full individual-level process information, but also from
aggregated surveillance data using observation-based likelihoods,
with comparable levels of uncertainty. For the trachoma case
study, we found that the two models and likelihood formulations
agreed on the feasibility of mass drug administration (MDA) for
disease elimination, suggesting that policy-relevant conclusions
may be robust to different modeling and likelihood choices when
uncertainty is appropriately accounted for.

More broadly, our findings suggest that observation-based
likelihoods represent a more realistic and practical framework for
infectious disease inference in the majority of the applied settings.
In routine surveillance systems, individual-level event histories
are rarely available; instead, data typically consist of aggregated
case counts collected at regular intervals. The OBL formulation
aligns naturally with this data structure and therefore reflects the
level of information that is genuinely obtainable in public health
contexts. In addition, OBL is substantially simpler to implement
computationally, as it avoids explicit reconstruction of latent
event histories and reduces the dimensionality of the likelihood
evaluation. This can lead to improved numerical stability and lower
computational cost, particularly when scaling to large populations
or extended time horizons.

Although OBL may introduce modest biases or altered
uncertainty structures due to information loss and parameter trade-
offs, these disadvantages are generally outweighed by its realism
and feasibility. In practical applications, the availability, quality, and
granularity of data impose fundamental constraints on inference.
A likelihood framework that matches these constraints is therefore
preferable, even if it sacrifices some theoretical precision. Taken
together, our results indicate that observation-based likelihoods
provide a robust, implementable, and policy-relevant approach
for parameter estimation in infectious disease models, with minor
limitations relative to their substantial practical advantages.

5 Conclusion

Accurate parameter estimation is essential for setting policy
targets, guiding surveillance, identifying hotspots [4, 10], designing
surveys [27, 35], and communicating uncertainty to decision-
makers [36, 37]. A central challenge in achieving these goals
is deciding how to represent and propagate uncertainty when
data are limited, aggregated, or noisy. By directly comparing

frontiersin.org


https://doi.org/10.3389/fams.2026.1798581
https://www.frontiersin.org/journals/applied-mathematics-and-statistics
https://www.frontiersin.org

Retkute et al.

stochastic and deterministic model formulations alongside process-
based and observation-based likelihoods, we show that reliable
inference does not always require full individual-level data or
fully stochastic models. In practice, full event-level data are most
critical in situations where parameters are tightly coupled, rare
events dominate the dynamics, or the system exhibits strong
stochasticity—such as low-incidence outbreaks, diseases with
highly heterogeneous transmission, or when multiple unobserved
compartments contribute substantially to observed outcomes [38].
Nevertheless, carefully constructed observation-based likelihoods
applied to aggregated data can recover key parameters with
comparable accuracy and provide meaningful characterization
of uncertainty. These findings support an integrated modeling
perspective, in which model structure and likelihood formulation
are jointly considered as tools for uncertainty quantification rather
than viewed as purely technical choices. They provide practical
guidance for infectious disease modelers working on NTDs and
other data-constrained settings, and align with the broader aim
of the special issue to advance transparent, uncertainty-aware
infectious disease modeling.
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