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Abstract

Cruise ships, characterized by high density, enclosed environments and shared facilities,
have become amplifiers for infectious disease outbreaks; however, predicting transmission
in such settings remains challenging due to small initial case numbers. In this study, a
mathematical modeling framework—including compartmental, small-world (SW), and
scale-free (SF) network models—was developed to analyze the dynamics of hantavirus and
norovirus transmission on recent cruise ship outbreaks. The results show that when the
initial number of exposed or infected individuals is extremely small (e.g., 1-2 persons), dis-
ease spread is dominated by stochasticity, causing substantial variation between individual
simulations and mean model predictions. Notably, SF networks exhibited lower transmis-
sion risk under these conditions, contradicting the theoretical expectation that when the
population is large, SF networks facilitate the spread of disease. The compartmental model,
while consistent with average simulation outcomes, failed to reliably predict any single
outbreak event. In conclusion, for closed environments such as cruise ships with very few
initial cases, stochastic variability is essential, and single-outbreak outcomes should be
understood as highly contingent rather than deterministically predictable.

Keywords: cruise ships; infectious disease spread; compartmental models; small-world
networks; scale-free networks; stochastic

1. Introduction

Cruise ships, often hailed as “floating sea resorts,” have become one of the fastest-
growing segments of the global tourism industry in recent years. According to statistics
from the Cruise Lines International Association (CLIA), the total number of ocean cruise
passengers worldwide reached 34.6 million in 2024, marking a 9.3% increase from the
previous year and a 16.7% rise compared to the pre-pandemic levels of 2019. This figure
is expected to reach 39.5 million by 2028 [1,2]. However, behind this rapid growth, the
unique physical environment and operational model of cruise ships also render them
“amplifiers” for the spread of infectious diseases. A cruise ship represents a typical setting
where people gather in a high-density, enclosed environment for an extended period of
time. A modern cruise ship typically carries hundreds or even thousands of passengers and
crew members, who live together in a confined space for periods ranging from several days
to several weeks, sharing public facilities such as restaurants, theaters, bars, swimming
pools, elevators, and corridors [3,4]. These environmental characteristics—including high
population density, strong spatial connectivity, shared air and water systems, and frequent
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movement of people—create ideal conditions for the transmission of respiratory viruses
(such as influenza and SARS-CoV-2), gastrointestinal pathogens (such as norovirus), and
waterborne pathogens (such as Legionella) [5].

Outbreaks of infectious diseases on cruise ships not only threaten the health of indi-
viduals on board but may also spread to land-based communities through disembarking
passengers and crew, thereby triggering cross-regional public health events [6]. Historically,
outbreaks on cruise ships have been frequent. For instance, the COVID-19 outbreak on the
cruise ship Diamond Princess in 2020 became a landmark event that drew global attention,
with 619 passengers and crew members confirmed infected. The disease spread rapidly on
board and subsequently transmitted across multiple countries [7]. Norovirus is the most
common pathogen on cruise ships. The Vessel Sanitation Program (VSP) of the U.S. Centers
for Disease Control and Prevention (CDC) recorded hundreds of acute gastroenteritis
outbreaks between 2006 and 2019 [8]. Between March and May 2026, the global cruise
industry experienced a new cluster of norovirus outbreaks, with multiple large cruise
ships successively reporting mass infection events. This series of outbreaks once again
highlighted the vulnerability of cruise ships, as enclosed spaces, in the spread of infectious
diseases. In March 2026, a norovirus outbreak occurred on Star Princess [9]. In May 2026,
an outbreak of norovirus infection occurred on the Caribbean Princess, with 160 passengers
and crew members showing symptoms of acute gastroenteritis [10]. Around the same
time, the British cruise ship Ambition arrived in Bordeaux, France, where approximately
1700 people were restricted from disembarking due to a suspected gastrointestinal illness.
A nonagenarian passenger died during the journey. Norovirus was confirmed via pathogen
testing at Bordeaux University Hospital [11]. In addition, between April and May 2026,
a clustered outbreak of hantavirus occurred on the Dutch polar cruise ship MV Hondius,
caused by the Andes virus (ANDV). Previously, reports of human-to-human transmission
of this virus were largely limited to long-term close contact settings within families or
communities. However, this cruise ship outbreak marked the first time such a transmission
pattern was observed in an enclosed, high-density population environment. As of 13 May,
11 cases had been reported, including 3 deaths [12].

Traditional epidemiological investigation methods often provide only retrospective
descriptive analyses, making it difficult to predict the trajectory of an outbreak, assess
the effectiveness of various intervention measures, or quantify the scale of asymptomatic
infections. In this context, mathematical modeling has emerged as an indispensable tool. In
recent years, significant progress has been made in mathematical modeling research on the
transmission of infectious diseases on cruise ships. For instance, Rocklov et al. (2020) used
data from Diamond Princess to estimate the transmission potential of the COVID-19 virus
and evaluate the effectiveness of quarantine measures [7]. Batista et al. (2020) analyzed the
role of asymptomatic infection in the transmission of COVID-19 on cruise ships [13]. Emery
et al. (2020) further quantified the contribution of asymptomatic infected individuals to
COVID-19 transmission [14]. De Bellis et al. (2025) reconstructed norovirus transmission
chains and used a branching process model to find that the first 10% of infected individuals
were responsible for 57% of secondary cases [15]. Diagnostic delay was identified as a key
driver of superspreading. The study also evaluated the effectiveness of different quarantine
durations. Regarding the ANDV outbreak, Cui (2026) developed a discrete-time stochastic
Susceptible-Exposed-Infectious—-Recovered-Deceased (SEIRD) model and applied the
Ensemble Adjustment Kalman Filter (EAKF) to infer parameters from WHO-reported
data [16]. For the first time, the basic reproduction number (Ry = 2.76) of the Andes virus in
a cruise ship setting was estimated, and the presence of a large number of covertly exposed
individuals was revealed.
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Beyond mathematical and epidemiological descriptions, the transmission dynamics
of pathogens in confined environments are ultimately governed by a complex array of
biological processes that determine microbial survival, persistence, and infectivity. For
enteric viruses such as norovirus, environmental stability—influenced by factors including
temperature, relative humidity, surface porosity, and organic matter loading—plays a
critical role in fomite-mediated transmission, as viral particles can remain infectious on
contaminated surfaces for days to weeks under favorable conditions [17,18]. Andes virus is
the most well-documented hantavirus with confirmed human-to-human transmission [19].
Such transmission typically requires prolonged, close contact and is thought to occur pri-
marily via respiratory droplets; however, its transmission efficiency is far lower than that
of respiratory viruses such as SARS-CoV-2 [20]. Moreover, key individual-level factors—
including the infectious dose required to establish infection, the kinetics of viral shedding
(both presymptomatic and asymptomatic), and host immune competence—together de-
termine the effective transmission potential within a closed population. While the present
mathematical framework does not explicitly model these biological mechanisms at the
molecular or physiological scale, the parameterization of transmission rates, environmental
decay coefficients, and exposure risks should be interpreted as lumped parameters that
encapsulate the net effects of these underlying microbial ecological processes. Acknowl-
edging this biological foundation not only provides a more complete scientific narrative
but also helps define the regimes within which the assumptions of compartmental and
network models remain physiologically defensible.

The aim of this study is to develop a mathematical modeling framework for the trans-
mission of infectious diseases within the enclosed, high-density environment of cruise
ships. This framework is used to systematically analyze the dynamic transmission charac-
teristics of different models—namely compartmental models, small-world (SW) networks,
and scale-free (SF) networks; examine two types of viruses recently transmitted on cruise
ships—hantavirus and norovirus; and assess the impact of key parameters on pathogen
spread. This study demonstrates that when the initial number of exposed or infected
individuals is very small, disease transmission is governed by stochasticity, and the mean
predictions from compartmental or network models cannot reliably forecast the outcome
of a single outbreak. Under such conditions, scale-free networks may paradoxically exhibit
lower transmission risk, contradicting the theoretical expectation that when the population
is large, SF network facilitate disease spread.

2. Materials and Methods
2.1. Model

The Susceptible-Exposed-Infectious—-Recovered (SEIR) model is one of the most used
foundational frameworks in the mathematical modeling of virus transmission and is
applicable to both hantavirus and norovirus spread. The model divides a population into
four compartments—Susceptible (S), Exposed (E), Infectious (I), and Recovered (R)-and has
been widely adopted in infectious disease modeling on cruise ships. Given that hantavirus
(particularly the Andes virus) is characterized by a high case fatality rate (approximately
36-50%), the standard SEIR model, in which the “Recovered (R)” compartment does not
distinguish between survival recovery and death, requires extension. To address this, Cui
expanded the model by introducing a Death (D) compartment, establishing an SEIRD
framework. Since neither recovered nor deceased individuals are infectious or susceptible
to infection, their functional roles in the model are equivalent—except for their relevance
when comparing against actual mortality data, used to estimate the death coefficient 6. In
subsequent studies, the classic SEIR model (Figure 1) was still employed, where R denotes
removed individuals (i.e., Recovered + Deceased). Given the very low fatality rate of
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norovirus, mortality may also be neglected. A cruise ship represents a closed system with
no new individuals entering. In this model, B is the effective contact rate, w is the transfer
rate from the exposed to the infected, and 1 is the recovery rate.

p @ y
S E ! R
Figure 1. The transfer diagram of the SEIR model.

The classic SEIR model assumes that individuals within each compartment are homo-
geneous and indistinguishable. As a result, the transitions of individuals between states
(compartments) are described using differential equations (Equation (1)).

B = —ps(1)I(1) (1a)
T = BS(HI(t) — wE(r) (1b) 0
a0 — WE(t) —~1(t) (1c)
AR — 1(1) (1d)

Homogeneous models can be used to analyze fundamental parameters such as the
basic reproduction number (Rg), but they fail to explain the “explosive transmission”
phenomenon of norovirus. This limitation arises because individual heterogeneity within
compartments means that a small number of infected individuals can cause a large number
of transmissions. In contrast, complex network models—structures composed of nodes
and edges—can incorporate node-specific parameters to reflect individual characteristics.
In such models, disease transmission must occur along the edges connecting two nodes,
unlike in compartmental models, which assume that an infected individual can transmit
to any node. From a network perspective, complex network models can capture more
features and thus more realistically represent the disease transmission process. Based
on degree distribution, complex networks can be classified into homogeneous networks
and heterogeneous networks. For homogeneous networks (where the degree distribution
follows a normal or Poisson distribution), we denote the average degree of nodes as <k>.
The dynamic model for infectious disease transmission on such a network can be expressed
as Equation (2).

L =~ (RSO
D = (k)BS(1)I(t) — wE(H)
40— wE(r) — 71(1)
—ar = YI(t)

The ordinary differential equations derived from mean-field theory for homogeneous

(2a)
(2b)
(2¢)

(2d)

networks are mathematically essentially the same as those of compartmental models. It
can be observed that the two sets of equations differ only by the coefficient <k>; that is,
<k>p replaces the B epidemiological dynamics model. Therefore, conclusions drawn from
epidemiological dynamics models can be directly applied to the results obtained from
network models using mean-field theory.

Mean-field theory assumes that every node has the same degree, equal to the average
degree <k> [21]. However, when the degree distribution of the network takes on relatively
large values—as in the case of the BA (Barabasi—Albert) scale-free network—the node
degree distribution follows a power law and often exhibits a fat-tail effect [22]. In this
case, treating every node as having the same degree would erase the scale-free network’s
characteristics and fail to capture its essential features. Therefore, for heterogeneous

https:/ /doi.org/10.3390/appliedmath6070115


https://doi.org/10.3390/appliedmath6070115

AppliedMath 2026, 6, 115

50f18

networks, the equations must explicitly take the node degree distribution into account
(Equation (3)):

Bl — —kpSi(1)8 (3a)
O — kpSi(10 —wE;  (3b) o
W) = wE —yL(t)  (30)
R — yIi(t) (3d)

where the subscript k means the degree is k, and 6 denotes the possibility of any connected
node is an infective node, assuming no correlation between node degrees. Therefore,

%]'P(]')Pj )
0= ;Pj * P(jlk) = Tsp(s) @;]P(])Pj 4)

where p; = I{]—JJ is the proportion of infected individuals in nodes with degree j, and Nj is the
total population with degree j, thatis, N; = S; + E; + I; + R;. P(j) is the degree distribution
function, P(j) = %, where N is the total population.

The infected compartments are E and I. An equilibrium solution with E = I = 0 has the
form xy = (S, 0, O,O)T = (N, 0, O,O)T; therefore,

POy 1
TN T RN ®)

2.2. Reproduction Number Ry

In the classic SEIR model, the expression for the basic reproduction number Ry is [23]

P

Ro = - (6)
In a homogeneous network, since a node has an average of <k> neighbors and the
probability that a neighbor is infected at time ¢ is given by I(t), the probability that a suscep-
tible individual remains susceptible after one time step is determined by the probability of
not being infected by any infected neighbor, that is, S(t) = —S(¢)[1 — (1 — B) <k>l(t)]. When
(k)BI(t) << 1, using the Newton binomial expansion and omitting higher-order terms, the
change rate of the susceptible nodes is (k)BI(t). Therefore, the basic reproduction number

Ry is given by

k
Ropy = ﬁy (7)
In heterogeneous networks, kBSiof = kﬁigk)z j1; is related to the structure of the
j
Pl BK)

network. Suppose the infection rate is wm (the average excess infection rate of
the network). Then,

KP(k) _ B(K)
Ky k)
where <k?> is the second moment of the degree distribution. In the BA SF network, where
P(k) = 2m?k=3,m = & [22],

Ry =P ®)

B( it B In kmax — Inm
10 T e 7 11 ©)
Y (k) m Kmax
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In the generalized SF networks, kmax = N —1 — N [24]. Therefore,

Rox = 5m[ln(N —1) —Inm] N2® 0o

3. Numerical Simulation
3.1. Numerical Simulation of Andes Virus (ANDV)

Cui referred to previous modeling studies on hantavirus, as well as publicly available
reports from the World Health Organization (WHO) and the European Centre for Disease
Prevention and Control (ECDC), to estimate the parameter values and ranges summarized
in Table 1. At an early stage of the voyage, individuals showed no obvious symptoms;
therefore, the initial number of infected individuals was assumed to be zero. According
to the epidemic tracing data for ANDYV, the total population N was about 180 (147 + 34).
Since the first infected individual and his wife both died [25], we infer that both individuals
had already been exposed prior to boarding the ship. Based on the edge weighting results
obtained by Pung et al., using an exponential saturation function [26] and considering the
relatively small total number of people on the cruise ship, we assume an average degree
of 10.

Table 1. The parameters in the modeling process of ANDV.

Parameter Estimated Value Range
Transmission rate (B, days’l) 0.22 [19] [0.1, 0.5]
Latency period (1/w, days) 11.12 [27] [6,12]
Infectious period (1/7, days) 5.52 [16] [7,14]

Passenger [5.6-23.7]

<k> 10[26] Crew [4.4-13.5]
N 180

10) 0

E(0) 2

Based on the parameters in Table 1, the compartment model described by Equation (1)
is solved numerically using a discrete approximation. First, the equations are iterated
strictly according to a first-order difference scheme, yielding the smooth SEIR curve of the
deterministic model, shown as the red dashed line in Figure 2. The results obtained from
the deterministic model may contain fractional values. This becomes problematic when the
total population size is not large, because the number of individuals in each compartment
must be a natural number, and the infection counts exhibit random fluctuations. To address
this limitation, a Poisson function is introduced to generate random integers, and the
deterministic results are recovered by averaging over multiple realizations (50 times), as
shown by the black solid line in Figure 2. To ensure the reproducibility of the reported
results while maintaining statistical reliability, we fixed the random seed (seed = 42) when
generating the numerical outcomes.

Figure 3 presents the results of each stochastic simulation. When the number of
infected individuals and the total population are sufficiently large, stochastic fluctuations
tend to average out. However, in this model, both the population size and number of
infections are small, leading to significant discrepancies between the outcomes of a single
simulation and the solution of the deterministic model. Nevertheless, the average of
multiple stochastic simulations converges to the deterministic solution after a sufficiently
large number of repeated experiments.
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Figure 2. Numerical simulation results of ANDV in the compartment model. (a) Susceptible (S),
(b) Exposed (E), (c) Infectious (I).
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Figure 3. Statistical analysis of multiple numerical simulations of ANDV in compartmental models.

However, human contact is not uniformly mixed. Network models address the overly
idealized assumption that “everyone interacts with everyone else” by incorporating the
heterogeneity commonly observed in the real world. Figures 4 and 5 present the simulation
results for a small-world network (representing a homogeneous network) and a scale-free
network (representing a heterogeneous network), respectively.

11

T
e Random mean

215D

Individual simulation

0
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11

I il

Time (day)

Figure 4. Statistical analysis of multiple numerical simulations of ANDV in small-world network.
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Time (day)

Figure 5. Statistical analysis of multiple numerical simulations of ANDV in scale-free network.

Figure 6a compares the statistical results of numerical simulations from the three
models. The mean infection outcomes of the scale-free network model and the small-world
network model are both lower than that of the compartmental model. Figure 6a also
shows that the variance of the compartmental model is relatively large. Consequently,
although the three models differ in their mean values, the high dispersion in the simulation
outcomes of the compartmental model, together with the pronounced fluctuations observed
in individual simulation runs of all three models (Figures 3-5), means that the current
statistical analysis is insufficient to demonstrate significant differences in transmission
outcomes among the three models.

10 25

| —@— Compartment
—g— SWnetwork
|—e— SF network

T 15 of Comparment

Time (day)

(a)

—@— Compartment | —@— Compartment
. —6— SWnetwork
2 e SF network
6 r
a Eo1s
4 8
1
2
0 05
40 o 10 20 30 0 o 1 20 30 0
Time (day) Time (day)

Figure 6. Comparison of simulation results of ANDV from three models: (a) mean of infected
individuals Imean, (b) standard deviation of the number of infected individuals Igp, (c) relative
standard deviation of the number of infected individuals Isp /Imean-

Figure 6b presents the variances of the three models, revealing that the small-world
network model has the smallest variance. And to better analyze dispersion, Figure 6¢
shows the relative standard deviation (Isp/Imean)- The scale-free network model exhibits a
larger Isp/Imean than the other two, which can be attributed to the inherent heterogeneity
of scale-free networks. Additionally, Figure 5 shows that some individual simulation runs
of the scale-free network model deviate significantly from the mean.

3.2. Numerical Simulation of Norovirus

Norovirus is the primary pathogen responsible for acute gastroenteritis outbreaks
on cruise ships. Towers et al. quantitatively analyzed the parameters of environmental
transmission of norovirus in cruise ship settings using the mathematical models listed
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in Table 2. Given the relatively large total number of passengers on cruise ships that
experienced norovirus outbreaks this year, we assume an average degree of 20. Moreover,
because norovirus has very short incubation and infectious periods, and only a very small
number of exposed individuals are present at the time of boarding, we assume that there is
initially only one exposed person.

Table 2. The parameters in the modeling process of norovirus.

Parameter Estimated Value Range
Basic reproduction number (Rg) 7.2 [28] [6.1,9.5]
Latency period (1/w, days) 1.15[28] [1.12,1.18]
Infectious period (1/7, days) 1.15[28] [1.05,1.57]
<k> 20 [26]
N in the Caribbean Princess 4247 [10]
N in the Ambition 1747 [11]
1(0) 0
E(0) 1

Based on the parameters in Table 2, the compartment model in Equation (1) is solved
numerically using a discrete approximation. The resulting smooth SEIR curve of the de-
terministic model is shown as the red dashed line in Figure 7. By introducing a Poisson
function to generate random integers, the outcomes of individual stochastic simulations
(shown as scatter points) and the average over multiple stochastic simulation runs (shown
as the black dashed line) are also presented in Figure 7. Differences between the determin-
istic model and the average of multiple stochastic simulations are evident, particularly in

2500

2000

the peak region.
500
_____ Deterministic o — = ., Deterministic
M| —e— Random mean ',\_‘ g 400 | |—g— Random mean
I +1SD I +1SD
A
Individual simulation l' \ 300 Individual simulation
' L

1500

1(t)

1000

500

- 500

200

1(t)

100

- 100

5 10 0 2 4 6 8
Time (day)

(a) (b)

Figure 7. Statistical analysis of multiple numerical simulations of norovirus in compartmental models.
(a) Description of cruise ship Caribbean Princess. (b) Description of cruise ship Ambition.

Time (day)

Figure 8 presents the simulation results for small-world networks in the Caribbean
Princess and the Ambition. Both the dispersion and variance are large, exceeding twice the
mean at certain points.

Figure 9 shows the simulation results for scale-free networks in the Caribbean Princess
and the Ambition, where the dispersion is very large—some points exceed 10 times
the mean.
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Figure 8. Statistical analysis of multiple numerical simulations of norovirus in small world network.
(a) Description of the Caribbean Princess. (b) Description of the Ambition.
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Figure 9. Statistical analysis of multiple numerical simulations of norovirus in scale free networks.
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(a) Description of the Caribbean Princess. (b) Description of the Ambition.

Figure 10 compares the statistical results of the numerical simulations for the three

models applied to the Caribbean Princess, while Figure 11 presents the corresponding results
for the Ambition. These results are consistent with the observations made for the MV

Hondius (Figure 6).

—@— Compartment
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e S netvork
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(b)
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(c)

Figure 10. Comparison of simulation results of norovirus from three models in the Caribbean Princess.
(a) Mean of infected individuals Imean, (b) standard deviation of the number of infected individuals
Isp, (c) relative standard deviation of the number of infected individuals Isp / Imean-
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Figure 11. Comparison of simulation results of norovirus from three models in the Ambition. (a) Mean

of infected individuals Iyean, (b) standard deviation of the number of infected individuals Isp,
(c) relative standard deviation of the number of infected individuals Isp /I mean-

4. Discussion
4.1. Stochastic Dominance in Low-Incidence Settings

Unlike on land, passengers on a cruise ship typically travel only when they feel
healthy. Simple health screenings may be conducted before boarding, and individuals with
noticeable symptoms—such as fever or diarrhea—may be denied embarkation. To some
extent, these measures reduce the likelihood of infected individuals boarding; therefore, the
initial number of infected persons is usually small. According to case statistics, the three
cruise ships discussed in this paper reported no individuals showing clear symptoms at
the start of the voyage; consequently, the initial number of infected individuals is assumed
to be zero. Based on epidemic tracking data, we infer that there were two initially exposed
individuals on the MV Hondius, and one initially exposed individual on both the Caribbean
Princess and the Ambition.

Due to the very small number of exposed individuals, viral transmission involves
a significant element of “chance.” Figures 3 and 7 show that although the deterministic
results of the compartmental model and the mean results of multiple stochastic simulations
are consistent, the differences between individual simulation results and the mean are
substantial. Therefore, when the initial number of infected or exposed individuals is
very small, the compartmental model cannot predict the outcome of a single cruise ship
disease transmission event. Although Table 3 shows that the simulation results for ANDV
transmission on the MV Hondius are relatively close to the observed number of infected
individuals at the end of the voyage I.q (11 cases of infection were identified, including
3 deaths; thus, the observed number of infected individuals was 8), the differences in
transmission outcomes on the Caribbean Princess and the Ambition were quite large. In
reality, the actual situation corresponds to only one stochastic simulation, so it is reasonable
that it differs significantly from the mean simulation result.

To further quantify this stochastic dominance, we examined the effect of increasing the
initial number of exposed individuals (E(0)) in the ANDV model (Figure 12). When E(0) was
increased from 2 to 20, the relative standard deviation decreased from approximately 80%
to about 25%, indicating that stochastic fluctuations diminish as E(0) grows. This threshold
behavior—where the system transitions from stochastic-dominated to more deterministic
dynamics—suggests that early outbreak trajectories are inherently unpredictable until a
critical number of infections has accumulated.

https:/ /doi.org/10.3390/appliedmath6070115


https://doi.org/10.3390/appliedmath6070115

AppliedMath 2026, 6, 115

12 0f 18

Table 3. Simulation results of different models.

Number of I,,,,4 = 0/Total

Cruise Ship Model Iend Number
observed data 8 -
) compartmental model 9.34 2%
MV Hondius small-world network 3.88 2%
scale-free network 3.22 24%
observed data 160 -
Caribbean Pri compartmental model 251.02 4%
arivvean Frincess small-world network 42.94 0%
scale-free network 21.16 38%
observed data 80 -
Ambiti compartmental model 143.36 0%
moition small-world network 210.8 0%
scale-free network 45.42 32%
60 ; 25 ; ,
— .. Deterministic —e—E 02
50 | | —@— Random mean ——E (020

40 |

< 30 |

20 |

+1 8D

Individual simulation %8 0

05 |

Time (day) Time (day)

() (b)

Figure 12. The effect of E(0) on numerical simulations of ANDV in compartmental models.
(a) Statistical analysis of multiple numerical simulations with E(0) = 20. (b) Comparison of the
relative standard deviation between E(0) = 2 and E(0) = 20.

4.2. The Effect of Model Structure

Figures 6, 10 and 11 show that the transmission outcomes of the compartmental model,
SW network, and SF network are all different. The compartmental model assumes that any
two individuals in the population have an equal probability of contact, which may lead to
faster transmission. The figures indicate that the transmission results of the SF network
model are lower than those of the compartmental model and SW network, particularly in
the norovirus model. This finding is inconsistent with the theoretical analysis that, when
the total number of nodes in the network is large, the disease spreads more easily in an SF
network. This discrepancy arises because, in an SF network, very few nodes have a high
degree, the initial number of infected individuals is extremely small, and most nodes have
arelatively low degree. Consequently, the probability that an infected individual has a high
degree is very low, which reduces the disease transmission rate. Due to stochasticity, if the
initial transmission attempts fail, the epidemic may face extinction; success may trigger
an outbreak.

Figures 4, 5, 8 and 9 show that in small-world (SW) and scale-free (SF) networks, the
results of individual simulation runs exhibit significant variability. This contradicts findings
from previous studies, where the results of a single simulation tend toward a stable value
when the total number of nodes is large [29,30]. This discrepancy is also attributable to the
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very low number of initial infected individuals. Table 3 lists the proportion of simulation
runs that resulted in extinction (l.h,q = 0) relative to the total number of runs. It shows
that the results for the SW network and the stochastic compartmental model are relatively
consistent, with low proportions ranging between 0% and 4%. In contrast, the proportions
for the SF network are substantially higher, ranging between 24% and 38%. Although
both are network models, the SW network, due to its homogeneity, exhibits transmission
characteristics closer to those of the compartmental model. The SF network, however,
owing to its heterogeneity, displays transmission characteristics that are markedly different
from both the SW network and stochastic compartmental model.

Network heterogeneity essentially manifests as multiscale dynamics: degree dispar-
ities between hubs and peripheral nodes lead to heterogeneous transmission responses,
challenging reduced-order modeling and conceptually linking to adaptive basis represen-
tations such as adaptive Fourier decomposition for complex systems [31]. This inherent
structural variability poses substantial challenges for inverse parameter estimation and
uncertainty propagation: observed outbreak outcomes may be dominated by rare, hub-
driven events, so that conventional least-squares fitting—whose optimality corresponds to
Gaussian likelihood assumptions and which inherently overlooks the heavy-tailed nature
of the degree distribution—can yield severely biased estimates. While a formal treatment
of inverse problems or adaptive modeling strategies lies beyond the scope of this study,
our results underscore the need for uncertainty-aware, heteroscedastic inference frame-
works when applying network models to low-incidence settings. Notably, the strong
sensitivity to hub-dominated dynamics observed in our numerical experiments provides a
clear empirical motivation for exploring such adaptive decomposition methods. We draw
a conceptual analogy with schemes that construct problem-adapted basis functions for
multiscale solutions: although such methods are originally designed for continuous spatial
domains rather than graph-structured networks, their core philosophy—constructing data-
or model-adapted bases to capture multiscale features—offers an intriguing perspective
for representing the heterogeneous transmission patterns observed here. We acknowledge,
however, that the concrete implementation of such adaptive basis approaches in network-
based epidemiology would require substantial problem-specific adaptations, including the
development of graph-adapted basis functions and corresponding inference algorithms.

4.3. Relation to Modern Computational Paradigms

It is instructive to position our traditional stochastic modeling framework within
the rapidly evolving landscape of modern computational mathematics. In recent years,
the computational sciences have witnessed rapid advances in adaptive operator-learning
methodologies and neural representation frameworks that aim to construct data-driven
surrogates for complex dynamical systems (e.g., adaptive Mamba neural operators [32]).
These approaches are particularly powerful when massive high-dimensional data are
available and underlying physical or biological laws are partially unknown, typically
exploiting low-dimensional structures in the solution manifold to achieve computational
efficiency and generalization.

This study, by contrast, adheres to a classical mechanistic paradigm. We explicitly
prescribe transmission rules, contact structures, and stochastic transition probabilities,
which confers distinct advantages in interpretability, biological plausibility, and parameter
identifiability—especially in the low-incidence scenarios we examine, where data are
too sparse to train a data-hungry operator. In the absence of extensive observational
data, classical modeling approaches remain a valuable and often irreplaceable tool. In
this sense, our framework and emerging operator-learning paradigm should be viewed as
complementary rather than competitive: the former provides a transparent causal backbone
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suited for data-sparse regimes, while the latter offers scalability and adaptability when rich
observational or simulation data become available.

Furthermore, the finding that stochasticity dominates when the initial infection count
is extremely small prompts a broader methodological consideration. The unpredictability
of individual trajectories in low-incidence, early-stage outbreaks is not a deficiency of our
model but an inherent property of the underlying branching process, where demographic
stochasticity fundamentally governs extinction versus takeoff. This stands in marked
contrast to the premises underlying many modern adaptive computational paradigms—
including automated operator construction from large-scale scientific data or LLM-assisted
neural operator design—which typically presume the existence of sufficient training data to
learn implicit dynamical structures or low-dimensional solution manifolds. In our setting,
however, the “signal” from a handful of initial cases is extremely weak, while stochastic
fluctuations are disproportionately large. Under such severely data-sparse conditions,
reliably reconstructing a single outbreak’s realized path via purely data-driven methods
becomes impractical, because the randomness is path-dependent and manifests along one
specific stochastic trajectory rather than being averaged over an ensemble. While data-
driven methods could, in principle, approximate the underlying transition distributions
given sufficiently rich training data covering the relevant state space, such data are rarely
available in the extreme low-incidence, early-stage scenarios where public health decisions
are most urgently needed. Their extrapolation reliability therefore remains an open and
pressing question. Mechanistic stochastic models, despite their computational simplicity,
thus provide an irreplaceable benchmark for quantifying uncertainties that are structural
and path-dependent rather than merely parametric or numerical.

4.4. Relation to Biological Reality

While this study is primarily methodological and computational, we recognize that the
parameters governing our models—g, -y, and contact network topologies—are not arbitrary
mathematical constructs but emergent manifestations of complex biological processes.
The environmental persistence of norovirus on cruise ship surfaces, for instance, directly
influences the duration over which fomite-mediated transmission remains viable; similarly,
the aerosol infectivity of hantavirus depends on viral stability under different temperature
and humidity conditions, as well as the dose-response relationship governing human
infection probability. Moreover, host-related biological factors—including age-dependent
susceptibility, pre-existing immunity, nutritional status, and behavioral patterns—introduce
additional layers of heterogeneity that our stochastic simulations capture only in aggregated
form through variability in infection outcomes.

We acknowledge that a mechanistically comprehensive understanding of disease trans-
mission would require coupling epidemiological compartmental dynamics with submodels
of microbial physiology, environmental virology, and host immunology. Recent efforts in
systems biology have begun to explore such integration [33,34], for example, by embedding
pharmacokinetic or immunodynamic equations within population-level frameworks or by
linking pathogen metabolic activity to environmental survival curves. This style of inter-
disciplinary integration is not without precedent; as illustrated in the context of microbial
production of high-value products [35], the incorporation of biological principles—such
as the biosynthesis of straight-chain aliphatic carboxylic acids—can effectively bridge the
gap between mechanistic biological understanding and mathematical abstraction without
altering the core quantitative objectives of a study. Following this principle, our work
leverages biological knowledge to inform and justify model assumptions, while retaining
quantitative analysis as the central focus.
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While such extensions lie beyond the scope of this work, our demonstration of stochas-
tic dominance under extreme low-incidence conditions underscores the need for future
interdisciplinary research that explicitly models the biological drivers of randomness—
including stochastic viral shedding, heterogeneous host immune responses, and envi-
ronmentally modulated pathogen decay—rather than treating them solely as statistical
noise. A sustained biological perspective will be essential for mathematical epidemiology
to move beyond phenomenological fitting toward mechanistically grounded predictions,
particularly in the data-sparse, early-stage regimes where stochasticity dominates.

4.5. Computational Performance and Evaluation Considerations

The deterministic ODE model scales as O (N?), where N is the total node number,
and is computationally inexpensive. In contrast, the stochastic network simulations, when
discretized with a fixed time step, scale as O (M x T), where M is the edge count and
T is the number of time steps, rendering dense scale-free networks substantially more
demanding. As both the initial number of infections and number of independent realiza-
tions, R, increase, the stochastic simulations converge to their deterministic limits, with
the ensemble standard error decaying as O (1/+/R). While qualitative patterns remain
robust under minor parameter perturbations, the quantitative estimates—such as outbreak
probabilities—exhibit significant sensitivity to f and «. This underscores the importance of
rigorous sensitivity analyses to properly contextualize our predictions. All simulations are
reproducible using fixed random seeds, and our event-driven Gillespie algorithm ensures
numerical stability by circumventing fixed-step discretization errors.

Beyond performance, it is instructive to position our mechanistic, edge-based simula-
tions relative to emerging data-driven paradigms. For example, message-passing frame-
works such as MPFVM incorporate information propagation across structured domains
to improve computational representation and numerical performance in scientific com-
puting [36]. While such approaches can learn complex propagation patterns from large
datasets, their extrapolation reliability in extreme, low-incidence regimes—exactly the focus
of this work—is less established. Our framework provides a causally transparent, stable,
and training-free baseline. These two approaches should thus be viewed as complementary
rather than competitive, highlighting the value of maintaining a diverse methodological
toolkit in computational epidemiology.

5. Conclusions

The findings presented above, while focused on cruise ship disease transmission,
resonate with several broader developments across computational mathematics, data
science, and systems biology. We summarize our main conclusions as follows.

First, our results demonstrate that when the initial number of infected or exposed
individuals is extremely small (on the order of 1-2 persons), stochastic variability over-
whelms deterministic predictions. This holds across all three modeling frameworks—
compartmental, SW, and SF networks—and for both pathogens considered (ANDV and
norovirus). The unpredictability of individual outbreak trajectories is not a shortcoming
of our models but a fundamental property of the underlying stochastic processes. This
finding carries methodological implications beyond epidemiology: in the era of data-driven
scientific computing, where neural operators and adaptive surrogate models are increas-
ingly employed to accelerate simulations and learn implicit dynamical structures from
large-scale datasets, our results serve as a cautionary reminder that in data-sparse, low-
incidence regimes, intrinsic randomness cannot be easily eliminated by even the most
sophisticated algorithms. Rather, mechanistic stochastic models—despite their computa-

https://doi.org/10.3390/appliedmath6070115


https://doi.org/10.3390/appliedmath6070115

AppliedMath 2026, 6, 115

16 of 18

tional simplicity—provide an irreplaceable benchmark for understanding uncertainties
that are structural rather than numerical in nature.

Second, the systematic comparison across network topologies reveals that scale-free
networks exhibit lower mean transmission and higher extinction probabilities than homoge-
neous (compartmental or SW) models under low initial infection conditions. This apparent
departure from classical mean-field expectations is attributable to the skewed degree distri-
bution of SF networks: with very few initial infectives, the probability of occupying a hub
node is extremely low, and the outbreak either dies out rapidly or, in rare cases, ignites into
a large epidemic if a hub is infected. This “all-or-nothing” behavior underscores the critical
importance of network structure in shaping early outbreak dynamics and highlights the
limitations of homogeneous mixing assumptions in closed, structured populations such as
cruise ships. Our network-centric analysis also aligns with recent advances in graph-based
scientific computing, where information propagation across structured domains is modeled
using message-passing or adaptive decomposition strategies. While our use of small-world
and scale-free networks remains within the classical epidemiological tradition, the concep-
tual parallels with modern graph neural networks and adaptive Fourier decomposition
methods suggest promising avenues for future research.

Finally, we acknowledge that a complete understanding of disease transmission ul-
timately requires bridging mathematical abstraction with biological reality. Although
our study does not explicitly model microbial metabolism, environmental persistence, or
host immune responses, the transition probabilities and transmission rates we employ are
emergent properties of underlying biological processes—including pathogen survival on
fomites, dose-response relationships, and human behavioral patterns. Future interdisci-
plinary efforts could enrich our framework by incorporating physiologically based models
of host—pathogen dynamics, climate-dependent pathogen viability, or immunodynamic
submodels, thereby creating a more holistic modeling ecosystem that spans molecular,
individual, and population scales.

In conclusion, for closed environments such as cruise ships with very few initial
cases, stochastic variability is an essential and irreducible feature of disease transmission.
Single outbreak outcomes should be understood as highly contingent rather than deter-
ministically predictable. The choice of modeling framework—whether compartmental or
network-based—qualitatively shapes transmission estimates, with heterogeneous networks
amplifying stochastic uncertainty. Maintaining a diverse methodological toolkit, combining
mechanistic stochastic models with emerging data-driven approaches, will be essential for
robust epidemiological decision-making in the face of inherent uncertainty.
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Abbreviations
The following abbreviations are used in this manuscript:

CLIA Cruise Lines International Association

VSP Vessel Sanitation Program

CDC U.S. Centers for Disease Control and Prevention
ANDV  Andes virus

EAKF  Ensemble Adjustment Kalman Filter

SW small-world

SF scale-free

SEIRD  Susceptible-Exposed-Infectious—Recovered—Deceased
SEIR Susceptible-Exposed-Infectious—-Recovered

WHO  World Health Organization

ECDC  European Centre for Disease Prevention and Control

Rg basic reproduction number

B effective contact rate

w transfer rate from the exposed to the infected

v the recovery rate

<k> average degree

SD standard deviation

Imean mean of infected individuals

Isp standard deviation of the number of infected individuals

Tond observed number of infected individuals at the end of the voyage
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