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Abstract

Highly pathogenic avian influenza (HPAI) has expanded its host range with recent detections in
dairy cattle, raising critical concerns regarding within-herd persistence and cross-species spillover.
This study develops a stochastic SEIs IaR − B compartmental model to analyse HPAI transmission,
explicitly accounting for environmental pathogen reservoirs and noise intensities through Wiener
processes. The positivity and boundedness of solutions are established, and the disease-free and
endemic equilibria are analytically derived. The basic reproduction number is determined using the
next-generation matrix method. Numerical simulations confirm that the model dynamics are consistent
with theoretical analysis and illustrate how stochastic fluctuations significantly influence disease
persistence. Furthermore, sensitivity analysis using Latin Hypercube Sampling (LHS) and Partial Rank
Correlation Coefficients (PRCC) identifies the transmission rate from asymptomatic infectious cattle (βa)
as the primary driver of transmission. The model effectively captures the dynamics of environmental
variability affecting HPAI spread, suggesting that effective control strategies must prioritise the early
detection and isolation of asymptomatic carriers alongside environmental management.

Keywords: avian influenza; H5N1; dairy cattle; environmental transmission; Wiener process, Stochas-
tic noise intensity; sensitivity analysis

1. Introduction
Avian influenza (AI), commonly referred to as bird flu, is a highly contagious viral disease caused

by influenza A viruses belonging to the family Orthomyxoviridae and the genus Influenza A [1,2].
These viruses primarily infect avian species, especially wild aquatic birds, which act as the natural
reservoir and contribute to global transmission through migratory movements [3,4]. While wild birds
are the primary host, spillover into domestic poultry can lead to widespread outbreaks, causing severe
economic and ecological consequences. Avian influenza viruses are classified into two categories: low
pathogenic avian influenza (LPAI), which causes mild or subclinical infections, and highly pathogenic
avian influenza (HPAI), which results in severe systemic disease and high mortality rates [5].

Globally, HPAI H5N1 subtype remains one of the most concerning strains due to its ability to
infect multiple species and its persistence in the environment. Currently, only New Zealand, Australia,
and Antarctica remain free from HPAI H5N1 [6,7], outbreaks in other parts of the world highlight
the virus’s capacity for rapid adaptation and cross-species transmission. This cross-species potential
has led to heightened global vigilance in monitoring wild bird populations, their environment and
domestic animal interfaces.

The recent emergence of HPAI H5N1 in non-avian hosts, particularly in dairy cattle, marks a
significant epidemiological shift [8]. In 2024, the United States confirmed several outbreaks of H5N1 in
dairy herds, with detections in nasal swabs and unpasteurized milk, suggesting viral replication within
the mammary gland and possible environmental contamination through the milking system [5,9–12].
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The initial cases were detected in Texas and subsequently in Kansas, Michigan, and New Mexico.
These findings challenge the long-held assumption that cattle are resistant to avian influenza infection
and highlight new pathways for viral maintenance outside avian populations [13,14]. The transmission
was linked to direct cow-to-cow contact, contaminated milking equipment, human-assisted spread,
and potential exposure to infected wild birds or poultry. Clinically, affected cattle exhibited reduced
milk production, fever, nasal discharge, and, in many cases, mild or asymptomatic presentations,
complicating detection [15,16].

The incubation phase of HPAI in cattle can last up to two weeks; during this window, the move-
ment of asymptomatic carriers between farms creates a risk of further geographic dissemination [17].
Although H5N1 is highly lethal in avian species, mortality and culling rates in cattle have historically
remained low, typically staying below 2% [18]. While most infected cattle recover with supportive
treatment, the virus continues to present substantial economic and biosecurity challenges [19]. Im-
munity gained from prior infection is expected to be partial or transient—particularly given viral
evolution—making lifelong protection improbable [20]. Consequently, without rigorous surveillance
and biosecurity protocols, recurrent outbreaks remain a distinct possibility [21].

Avian influenza transmission occurs through various pathways, including direct interaction with
infected hosts, inhalation or ingestion of viral particulates, contact with contaminated fomites, and
exposure to environmental reservoirs [21,22]. While bird-to-bird transmission is well documented,
the identification of HPAI in mammals raises concerns regarding environmental persistence and
potential adaptation to mammalian physiology. Occupational groups such as veterinarians, poultry
and dairy workers, and animal handlers face the highest risk of exposure. In birds, clinical signs often
include neurological deficits—such as tremors, torticollis, and ataxia—alongside respiratory distress
and diarrhoea, with severe cases frequently resulting in sudden death. Although human infections
are rare, they can manifest as fever, muscle pain, and respiratory issues, potentially progressing to
pneumonia or multi-organ failure [16].

The emergence of HPAI H5N1 in cattle represents a major shift in the virus’s epidemiological
behavior, with significant consequences for animal health, public health, and the agricultural industry
[5,9]. Effective control strategies require a detailed understanding of how the virus spreads within
herds–especially the relative contribution of direct animal-to-animal transmission compared with
environmental pathways, and the conditions that enable outbreaks to continue [21,23,24]. Mathe-
matical modelling offers a powerful framework for investigating these issues by quantifying distinct
transmission modes, pinpointing key epidemiological thresholds, and assessing the likely impact of
different control options [25–27]. As the epidemiology of HPAI evolves, there is a pressing need for
mathematical models that explicitly incorporate both direct and environmental transmission processes.
These models are essential for estimating infection burdens, determining critical control levers, and
comparing the performance of intervention strategies across a range of epidemiological settings. Re-
cently, the transmission dynamics of Avian influenza in cattle population in the United States has been
studied using mathematical models in [14].

Motivated by the recent HPAI H5N1 outbreak in dairy cattle in the US [12,14], we develop
and analyse a stochastic within-farm model for HPAI transmission. The model incorporates both
symptomatic and asymptomatic cattle, as well as virus contamination in the environment. Using
standard stochastic differential equation theory, we establish the positivity and boundedness of
solutions and derive conditions for the extinction and persistence of HPAI. Numerical experiments are
carried out to support and illustrate the theoretical findings.

The remainder of the paper is structured as follows: Section 2 presents the formulation of the
stochastic HPAI model. Section 3 is devoted to the qualitative analysis of the model. Numerical
simulations are reported in Section 4. Finally, the conclusion and study limitations are given in
Sections 5 and 6, respectively.
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2. Model Formulation
The following key assumptions guide the model formulation:

• The cattle herd is treated as an open population: animals enter through recruitment, purchase,
or births at a constant rate Λ, and leave through natural mortality at rate µ or disease-induced
mortality at rate d. This setup reflects realistic herd management practices rather than a fully
closed herd.

• Two infection pathways are considered: (a) direct transmission, when susceptible cattle have
contact with infectious animals at the rate βa and βs, and (b) indirect transmission at rate βB, when
cattle encounter virus particles present in the environment (such as on contaminated surfaces,
bedding, or milking equipment).

• Infected animals may develop clinical signs or remain asymptomatic. Both groups shed virus,
but asymptomatic cattle typically go unnoticed, prolonging their infectious period and helping to
maintain transmission within the herd.

• Once infected animals are identified and removed from the herd through culling, separation,
slaughter, or other means, they are assumed no longer to contribute to transmission and are
placed in the removed class (R).

• The environmental compartment (B) represents viral particles deposited into the environment
by infected cattle. This environmental burden declines at the constant rate ε, reflecting loss of
infectivity or degradation under natural conditions (e.g., temperature, sunlight, disinfectants).

• Infection arising from environmental exposure is modelled using a saturating function, so that
the risk of infection increases with contamination but levels off once exposure becomes very high.

Based on the assumptions, a mathematical model named SEIs IaR − B for HPAI was devel-
oped where total cattle population is divided into five compartments: Susceptible (S), Exposed (E),
Symptomatic (Is), Asymptomatic (Ia), Removed (R), and contaminated environment (B). The model
equations are written using a system of ordinary differential equations (ODEs) and given by

dS
dt

= Λ − βsS
Is

N
− βaS

Ia

N
− βBS

B
K + B

− µS,

dE
dt

= βsS
Is

N
+ βaS

Ia

N
+ βBS

B
K + B

− σE − µE,

dIs

dt
= νσE − (µ + d + γ)Is,

dIa

dt
= (1 − ν)σE − (µ + d + δ)Ia,

dR
dt

= γIs + δIa − µR,

dB
dt

= ωs Is + ωa Ia − εB.

(1)

with initial conditions

S(0) ≥ 0, E(0) ≥ 0, Is(0) ≥ 0, Ia(0) ≥ 0, R(0) ≥ 0, B(0) ≥ 0.

The total population at any time t satisfies

N(t) = S + E + Is + Ia + R.

A schematic diagram of the model structure is presented in Figure 1, illustrating the flow of
individuals between compartments and the interactions between cattle and their environment. Each
arrow denotes a transition governed by a specific rate parameter, such as infection, progression,
recovery, or decay.
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Figure 1. Flow diagram illustrating the transmission routes of the HPAI virus in cattle

To capture the inherent randomness and environmental variability influencing the transmission
dynamics of avian influenza (AI), we extend the deterministic compartmental framework to a stochas-
tic differential equation (SDE) system by incorporating multiplicative white noise perturbations in
each epidemiological class except recovery class as it will not affect the dynamics of infected class
[28]. The deterministic model assumes perfect homogeneity in disease transmission and parameter
constancy over time; however, in natural ecological settings such as cattle migration intensity, pathogen
survival in the environment, and host immune variability can significantly alter infection rates and
removal processes [29,30]. The stochastic version of the model (2) therefore provides a more realistic
representation of AI dynamics by allowing such uncertainties to enter the system as diffusion terms
proportional to the state variables.

dS
dt

= Λ − βsS
Is

N
− βaS

Ia

N
− βBS

B
K + B

− µS + σSS
dWS

dt
dE
dt

= βsS
Is

N
+ βaS

Ia

N
+ βBS

B
K + B

− σE − µE + σeE
dWe

dt
dIs

dt
= νσE − (µ + d + γ)Is + σs Is

dWs

dt
dIa

dt
= (1 − ν)σE − (µ + d + δ)Ia + σa Ia

dWa

dt
dR
dt

= γIs + δIa − µR

dB
dt

= ωs Is + ωa Ia − εB + σBB
dWB

dt

(2)

Each compartment is influenced by an independent Wiener process Wi(t), i = S, e, s, a, B rep-
resenting the cumulative effect of random perturbations acting on that class. The term σSS dWS(t)
captures random fluctuations in the recruitment and natural death processes of susceptible hosts due
to unpredictable environmental events that changes host availability or contact rates. The exposed
class includes the diffusion term σeE dWe(t), which reflects uncertainty in the latent period, for in-
stance, due to temperature-dependent virus incubation to infected excreta. The stochastic perturbation
σs Is dWs(t) in the symptomatic infected class models random variability in transmission and recovery
among visibly infected individuals, possibly caused by variations in immune response. Similarly,
σa Ia dWa(t) in the asymptomatic infected compartment accounts for random changes in subclinical
infection dynamics, such as variations in viral shedding or host contact behavior that are difficult to
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monitor in the field. The environmental virus reservoir B(t) is perturbed by σBB dWB(t), representing
unpredictable changes in viral persistence and decay in the environment, affected by climatic and
ecological factors [31].

Each noise term is multiplicative which shows that the magnitude of random fluctuations scales
with the population level of the corresponding compartment. This is biologically feasible because the
stochastic influence vanishes when the compartment population is zero and increases with population
density. Such a formulation guarantees positivity of solutions and preserves the nonnegativity of all
compartments [32]. The stochastic framework thus enables investigation of how random environmen-
tal shocks and intrinsic variability can drive disease persistence, extinction, or oscillations even when
deterministic conditions predict eradication. The parameters used in the model and their biological
interpretation are summarised in Table 1.

Table 1. Model parameters and their biological interpretation.

Parameter Definition

Λ Recruitment rate of susceptible cattle into the population
µ Natural mortality rate of cattle

βs
Transmission rate from symptomatic infectious cattle to susceptible cattle via direct
contact

βa
Transmission rate from asymptomatic infectious cattle to susceptible cattle via direct
contact

βB Transmission rate from the contaminated environment to susceptible cattle

K Half-saturation constant representing the environmental pathogen load at which
transmission rate is half-maximal

σ Rate at which exposed cattle progress to the infectious stage
ν Proportion of exposed cattle that become symptomatic upon infection
γ Removal rate of symptomatic cattle (due to recovery, isolation, culling, or slaughter)
δ Removal rate of asymptomatic cattle (due to recovery, isolation, culling, or slaughter)
d Disease-induced mortality rate in symptomatic cattle
ωs Rate of virus shedding from symptomatic cattle into the environment
ωa Rate of virus shedding from asymptomatic cattle into the environment
ε Rate of environmental virus decay or removal

3. Analysis of Model
3.1. Positivity and Boundedness

Consider the stochastic AI system in Itô form

dS =
[
Λ − βs

SIs
N − βa

SIa
N − βB

SB
K+B − µS

]
dt + σSS dWS(t)

dE =
[

βs
SIs
N + βa

SIa
N + βB

SB
K+B − σE − µE

]
dt + σEE dWe(t)

dIs =
[
νσE − (µ + d + γ)Is

]
dt + σs Is dWs(t)

dIa =
[
(1 − ν)σE − (δ + µ + d)Ia

]
dt + σa Ia dWa(t)

dR = (γIs + δIa − µR) dt

dB = (ωs Is + ωa Ia − εB) dt + σBB dWB(t)


(3)

where Wi(t) are independent standard Brownian motions.

3.1.1. Positivity

Assuming the standard hypotheses that all parameters are nonnegative and the initial state

(S0, E0, Is,0, Ia,0, R0, B0) ∈ R6
+
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is nonnegative a.s. Then the Itô SDE system admits a unique global strong solution Xt =

(St, Et, Is,t, Ia,t, Rt, Bt) with
Xt ∈ R6

+ for all t ≥ 0 a.s.,

and the first moments satisfy uniform-in-time bounds and hence the solution is bounded.

Proof. Since the diffusion terms are proportional to the state variables (σiXi dWi), we can apply Itô’s
formula to each class of model (3) for every strictly positive component Xt. Writing SDE in compact
form as

dXt = fX(Xt) dt + σXXt dWt (4)

where fX(·) denotes the drift of that component and is locally Lipschitz. Apply Itô’s formula to ln Xt

while Xt > 0:

d(ln Xt) =

(
fX(Xt)

Xt
− 1

2 σ2
X

)
dt + σX dWt. (5)

The right-hand side of (5) is finite for all finite times before explosion because fX is locally bounded on
compacts and Xt > 0 on that interval.

This means, for any bounded subset P ⊂ R6
+, there exists a constant CP > 0 such that

| fX(x)| ≤ CP, ∀ x ∈ P.

Thus, whenever the state variables (St, Et, Is,t, Ia,t, Rt, Bt) remain within a finite range, the drift term fX

cannot become infinite. Since all drift terms in the stochastic AI model are composed of polynomial
and rational expressions with positive denominators, they are locally bounded on the positive orthant
R6
+. This ensures that the stochastic integrals

∫ t
0 fX(Xz) dz are well defined and finite for all finite t.

Now, When applying Itô’s formula to ln Xt, it is necessary that Xt > 0, so that ln(Xt) is well
defined. Therefore, the analysis is carried out on a maximal time interval [0, τ) for which Xt > 0 almost
surely. If we assume, for contradiction, that Xt reaches zero at a finite time τ, then ln(Xt) → −∞ as
t → τ. However, since fX is locally bounded and σX is finite, the right–hand side of the Itô differential
(5) remains finite on [0, τ), leading to a contradiction. Hence Xt cannot reach zero in finite time and
remains positive almost surely.

Also, the recovered class Rt has no diffusion term and its drift is γIs,t + δIa,t − µRt. Since Is,t, Ia,t ≥
0 a.s., standard ODE comparison shows Rt cannot become negative even if R0 ≥ 0.

Hence all components remain strictly positive whenever their initial value is positive for all t ≥ 0
almost surely.

3.1.2. Boundedness

We have
Nt := St + Et + Is,t + Ia,t + Rt.

Summing the SDEs (3) for St, Et, Is,t, Ia,t, Rt yields

dNt =
(
Λ − µNt − dIs,t

)
dt + σSSt dWS + σeEt dWe + σs Is,t dWs + σa Ia,t dWa.

Taking expectation and using E[dWi] = 0, we get

d
dt
E[Nt] = Λ − µE[Nt]− dE[Is,t] ≤ Λ − µE[Nt]

Solving this linear differential inequality, we get

E[Nt] ≤ E[N0]e−µt +
Λ
µ

(
1 − e−µt) ≤ max{E[N0], Λ/µ},

so the host total is uniformly bounded in expectation.
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Now, we consider the environmental compartment Bt. Using SDE from (3),

d
dt
E[Bt] = E[ωs Is,t + ωa Ia,t − εBt]

Using the bound Is,t + Ia,t ≤ Nt and let ωmax = max{ωs, ωa},

d
dt
E[Bt] ≤ ωmax E[Nt]− εE[Bt]

Since E[Nt] is uniformly bounded, this is a linear inhomogeneous differential inequality for E[Bt].
Solving using variation of constants gives

E[Bt] ≤ E[B0]e−εt +
ωmax sups≥0 E[Ns]

ε

(
1 − e−εt),

hence supt≥0 E[Bt] < ∞
Thus, every component of model (3) has a finite first moment uniformly in time. Using standard

SDE theory [33], bounded first moments prevent finite-time explosion and thus the local solution
extends to all t ≥ 0.

3.2. Equilibrium Analysis
3.2.1. Disease-Free Equilibrium (DFE)

At the disease-free equilibrium (DFE), the infection is completely absent from the cattle popu-
lation, meaning that no individuals exist in the exposed or infectious compartments. To obtain this
equilibrium, we set all time derivatives in the system to zero and assume that no disease transmission
occurs (E = Is = Ia = R = B = 0). Under these conditions, the number of susceptible cattle remains
constant, determined only by the balance between recruitment and natural death. The noise term in
stochastc model does not contribute to equilibrium itself because its expectation is zero (E(dWi(t) = 0).
However, noise does affect the stability and long-term behaviour around that equilibrium [31]. At the
disease–free equilibrium all infected compartments vanish,
so set E∗ = I∗s = I∗a = R∗ = B∗ = 0. Thus we have

0 = Λ − µS∗ =⇒ S∗ =
Λ
µ

.

Hence the DFE is
DFE =

(
S∗, E∗, I∗s , I∗a , R∗, B∗

)
=

(
Λ
µ , 0, 0, 0, 0, 0

)
.

3.2.2. Basic Reproduction Number R0

The basic reproduction number, denoted as R0, represents the average number of secondary
infections produced by a single infectious cattle introduced into a completely susceptible population
[26]. It serves as a key threshold parameter that determines whether an infection can invade and
persist within a population.
We derive R0 using the next–generation matrix denoted by ψNGM. At the DFE we have N∗ = S∗,

hence
S∗

N∗ = 1. Therefore the linearised new–infection matrix F at DFE is

F =


0 βs βa

βBS∗

K
0 0 0 0
0 0 0 0
0 0 0 0

.
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The transition matrix V describes the flow of individuals out of infected compartments due to recovery,
removal or death. The transition matrix V is given by

V =


σ + µ 0 0 0

− νσ µ + d + γ 0 0

(ν − 1)σ 0 µ + δ + d 0

0 −ωs −ωa ε

.

Rows correspond to the ordering (E, Is, Ia, B). By construction the diagonal entries are the rates leaving
each infected class.

The next generation matrix ψNGM = FV−1 and the basic reproduction number is the spectral
radius of the next–generation matrix. Thus,

R0 = ρ(ψNGM) = ρ(FV−1).

We have

V−1 =



1
σ + µ

0 0 0

νσ

(σ + µ)(µ + d + γ)

1
µ + d + γ

0 0

(1 − ν)σ

(σ + µ)(µ + δ + d)
0

1
µ + δ + d

0

νσ ωs

ε(σ + µ)(µ + d + γ)
+

(1 − ν)σ ωa

ε(σ + µ)(µ + δ + d)
ωs

ε(µ + d + γ)

ωa

ε(µ + δ + d)
1
ε


.

Thus, we get the basic reproduction number

R0 =
σ

σ + µ

[
ν βs

µ + d + γ
+

(1 − ν) βa

µ + δ + d
+

βB
K ε

(
ν ωs

µ + d + γ
+

(1 − ν)ωa

µ + δ + d

)]
. (6)

The prefactor σ/(σ + µ) accounts for the probability that an exposed host survives the latent
period and becomes infectious. The first two terms in the bracket are the sum of direct (host-to-host)
contributions from symptomatic and asymptomatic infectives. The last two terms in the bracket quan-
tifies the indirect (environmental) transmission that an infected host sheds virus into the environment
at rates ωs, ωa), this virus decays at rate ε, and environmental virus produces new infections at rate
proportional to βB S∗/(Kε). The stochastic diffusion terms in the model do not change the location
of the DFE (they vanish when E = Is = Ia = B = 0), but they do affect stability and sample-path
behaviour near the DFE. The stochastic stability analysis near the equilibrium is discussed in next
section.

3.2.3. Endemic Equilibrium (EE)

We find the endemic equilibrium of the deterministic part of the system. Set all stochastic terms
and time derivatives to zero. When we analyse endemic equilibrium in epidemic models, we mean a
steady state of the system where the number of individuals in each compartment remains constant
over time. But, Brownian motion has no steady state: its increments are unbounded, so the noise
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term cannot vanish at a fixed positive level. The equilibrium (S∗∗, E∗∗, I∗∗s , I∗∗a , R∗∗, B∗∗) satisfies the
algebraic system

0 = Λ − βa
S∗∗ I∗∗a

N∗∗ − βs
S∗∗ I∗∗s

N∗∗ − βB
S∗∗B∗∗

K + B∗∗ − µS∗∗, (7)

0 = βa
S∗∗ I∗∗a

N∗∗ + βs
S∗∗ I∗∗s

N∗∗ + βB
S∗∗B∗∗

K + B∗∗ − (σ + µ)E∗∗, (8)

0 = νσE∗∗ − (µ + d + γ)I∗∗s , (9)

0 = (1 − ν)σE∗∗ − (δ + µ + d)I∗∗a , (10)

0 = γI∗∗s + δI∗∗a − µR∗∗, (11)

0 = ωs I∗∗s + ωa I∗∗a − εB∗∗. (12)

Here N∗∗ = S∗∗ + E∗∗ + I∗∗s + I∗∗a + R∗∗. We are supposed to find solution with E∗∗ > 0 (and hence
I∗∗s , I∗∗a , B∗∗, R∗∗ ≥ 0).
First solve the linear equations (9)–(12) in terms of E∗∗. From equation (9) and equation (10),

I∗∗s = αsE∗∗, (13)

I∗∗a = αaE∗∗. (14)

where

αs :=
νσ

µ + d + γ
, αa :=

(1 − ν)σ

δ + µ + d
.

are the two positive proportionality constants.
From equation (11) we obtain

R∗∗ =
γI∗∗s + δI∗∗a

µ
=

γαs + δαa

µ
E∗∗.

Define for convenience
ρ :=

γαs + δαa

µ
,

so R∗∗ = ρE∗∗. From equation (12) we obtain

B∗∗ =
ωs I∗∗s + ωa I∗∗a

ε
=

ωsαs + ωaαa

ε
E∗∗.

Define
ζ :=

ωsαs + ωaαa

ε
,

so B∗∗ = ζE∗∗. Now using the relations above we can express N∗∗ in terms of S∗∗ and E∗∗.

N∗∗ = S∗∗ + E∗∗ + αsE∗∗ + αaE∗∗ + ρE∗∗ = S∗∗ + c E∗∗.

where
c := 1 + αs + αa + ρ = 1 + αs + αa +

γαs + δαa

µ
.

Let us introduce two constants

A1 := βsαs + βaαa, A2 := βBζ.

Here A1 collects the contributions of cattle-to-cattle transmission via symptomatic and asymptomatic
infectives, and A2 collects the environmental contribution.
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Now use the equation (8) to relate S∗∗ and E∗∗. Plugging I∗∗s = αsE∗∗, I∗∗a = αaE∗∗, B∗∗ = ζE∗∗ into (8)
gives

βa
S∗∗αaE∗∗

N∗∗ + βs
S∗∗αsE∗∗

N∗∗ + βB
S∗∗ζE∗∗

K + ζE∗∗ = (σ + µ)E∗∗.

Factor E∗∗ (and cancel E∗∗ > 0):

S∗∗
(

A1

N∗∗ +
A2

K + ζE∗∗

)
= σ + µ.

Equivalently,
σ + µ

S∗∗ =
A1

N∗∗ +
A2

K + ζE∗∗ . (15)

This is one relation between S∗ and E∗ (recall N∗ = S∗ + cE∗). Now, use the equation (7) to express
S∗∗ by the infection pressure. Let us define the instantaneous infection pressure (per susceptible)

λ∗∗ :=
βs I∗∗s
N∗∗ +

βa I∗∗a
N∗∗ +

βBB∗∗

K + B∗∗ .

Then equation (7) is
0 = Λ − S∗∗(µ + λ∗∗),

hence
S∗∗ =

Λ
µ + λ∗∗ . (16)

From equation (8) we have λ∗∗S∗∗ = (σ + µ)E∗∗ (because the LHS of equation (8) equals λ∗∗S∗∗);
therefore

λ∗∗ =
(σ + µ)E∗∗

S∗∗ . (17)

Substituting equation (16) into equation (17) we eliminate S∗∗ and obtain an explicit expression for λ∗∗

as a function of E∗∗:

λ∗∗ =
(σ + µ)E∗∗

Λ/(µ + λ∗∗)
=⇒ λ∗∗(Λ − (σ + µ)E∗∗) = (σ + µ)µE∗∗.

Hence, provided Λ − (σ + µ)E∗∗ ̸= 0,

λ∗∗ =
(σ + µ)µ E∗∗

Λ − (σ + µ)E∗∗ . (18)

Above equation (18) cancels the trivial solution E∗∗ = 0; the endemic branch requires E∗∗ > 0 and the
denominator positive, so a necessary admissibility restriction is

0 < E∗∗ <
Λ

σ + µ
.

Now obtain a single scalar equation for E∗∗.
We have two expressions for the infection pressure λ∗∗:

(i) By definition and using the proportionalities,

λ∗∗ = E∗∗
( A1

N∗∗ +
A2

K + ζE∗∗

)
, (19)

because I∗∗s = αsE∗∗, I∗∗a = αaE∗∗, B∗∗ = ζE∗∗ and N∗∗ = S∗∗ + cE∗∗.
(ii) By elimination we have equation (18) which gives λ∗∗ solely as a function of E∗∗. Equate the
equations (18) and (19); cancel E∗∗ (since we search for E∗∗ > 0):

(σ + µ)µ

Λ − (σ + µ)E∗∗ =
A1

N∗∗ +
A2

K + ζE∗∗ . (20)
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We have N∗∗ = S∗∗ + cE∗∗ and S∗∗ = Λ/(µ+ λ∗∗) with λ∗∗ given by equation (18). Thus the left-hand
side is an explicit function of E∗∗, and the right-hand side is also an explicit function of E∗∗ after
substitution. Equation (20) is the required scalar (nonlinear) equation for E∗∗.

Now E∗∗ is known, we can recover all remaining equilibrium components explicitly. Suppose
E∗∗ > 0 is a (positive) solution of equation (18) that satisfies E∗∗ < Λ/(σ + µ). Then compute

λ∗∗ =
(σ + µ)µ E∗∗

Λ − (σ + µ)E∗∗ from equation (20), S∗∗ =
Λ

µ + λ∗∗ , N∗∗ = S∗∗ + cE∗∗.

Then the remaining components are

I∗∗s = αsE∗∗,

I∗∗a = αaE∗∗,

R∗∗ = ρE∗∗ =
γαs + δαa

µ
E∗∗,

B∗∗ = ζE∗∗ =
ωsαs + ωaαa

ε
E∗∗.

All of these are nonnegative provided E∗∗ ≥ 0. The admissibility condition for this analysis is

0 < E∗∗ <
Λ

σ + µ
, which ensures the denominator in equation (18) is positive and S∗∗ > 0.

4. Numerical Simulations
Here, we illustrate the theoretical results from the preceding section through numerical simula-

tions of models (1) and (2). Unless specified otherwise, all simulations adopt the parameter values in
Table 2.

Table 2. Parameters of the stochastic AVI model 3, their values, and sources.

Parameter Value [Source] Parameter Value [Source]

Λ 30 [Assumed] βa 0.004 [Assumed]
K 500 [Assumed] βs 0.005 [Assumed]
γ 0.10 [14,35] βB 0.002 [14,35]
ϵ 0.10 [Assumed] µ 0.01 [36]

σ 0.2 [14] d 0.01 [23]
ν 0.5 [Assumed] ωs 0.5 [Assumed]
δ 0.05 [Assumed] ωa 0.4 [Assumed]

σs, σS, σB 0.05 [Assumed] σe 0.05 [14]

For numerical simulation of the stochastic AI model, we employed the Euler–Maruyama scheme,
which is the standard first–order discretization method for Itô stochastic differential equations [34]. At
each time step, the deterministic drift terms of the model were updated using ∆t, while the stochastic
perturbations were incorporated through multiplicative noise components of the form σXXt ∆Wt. Let
∆t > 0 be the step size and define discrete times

tk = k∆t, k = 0, 1, . . . , N,

where N = T/∆t is the total number of steps up to a final simulation time T (500 days). For a Wiener
increment we use the discrete approximation

∆Wk = W(tk+1)− W(tk) ∼ N (0, ∆t),
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and in computations we have

∆Wk =
√

∆t Zk, Zk ∼ N (0, 1).

Let Xk denote the numerical approximation of X(tk). Euler–Maruyama update Rule applied to
equation (4) is

Xk+1 = Xk + fX(Xk)∆t + σXXk ∆Wk.

The numerical simulation for the DFE analysis shown in Figure 2, compares the deterministic
solution of the model (2) with a stochastic realization that incorporates multiplicative environmental
and demographic noise. Under the chosen parameter set (Table 2) corresponding to R0 < 1, the
system approaches to disease-free equilibrium, and all infected compartments vanish over time. The
deterministic trajectories display smooth exponential decay in the exposed and infectious classes and
a monotone return of the susceptible population to its disease-free level. The stochastic realization
follows the same qualitative pattern but exhibits sample-path fluctuations. While early dynamics show
small irregular oscillations around the deterministic decline in E, Ia, Is and B, these perturbations do
not lead to secondary outbreaks.
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Figure 2. Deterministic and stochastic trajectories of model (2) under disease-free equilibrium conditions (R0 < 1).
All parameter values used in this simulation are listed in Table 2.

Across all infected compartments (E, Is, Ia) and the environmental viral load (B), both determin-
istic and stochastic paths rapidly decline toward zero, confirming the inability of the pathogen to
persist within the host population and also in the environment. The small stochastic fluctuations do
not enable infection rebound. For susceptible population, despite large sample-path variability, the
stochastic path does not show a sustained epidemic wave. It fluctuates around the DFE and remains
bounded. Both infectious classes, symptomatic and asymptomatic, decay rapidly in the stochastic
simulation, consistent with a negative noise-adjusted growth rate and confirming that random per-
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turbations are insufficient to sustain transmission. Stochastic noise causes small transient departures
from the deterministic decline, but the exponential decay dominates. A transient peak exists in the
environment early on as infectious hosts shed pathogen into the environment, then decays toward zero.
Environmental loading transiently rises but is insufficient to maintain transmission long term due to
environmental decay and also low infection prevent sustained environmental forcing. Thus, when
(R0 < 1), neither host-to-host transmission nor environmental transmission can sustain endemic
infection in cattle under the current parameter settings.

Figure 3 illustrates how the model behaves under an endemic equilibrium over a 500-day period.
All model parameters remain the same as in the baseline disease-free analysis, except for an increase
in the asymptomatic transmission rate βa, which elevates the basic reproduction number to R0 =

3.1945, pushing the system from a disease-free regime into a stable endemic state. This modification
strengthens the indirect and silent spread of infection within the host population, resulting in a higher
basic reproduction number. Now the disease no longer dies out; instead, it persists in the population,
and the system settles into an endemic state.

In this model, asymptomatic infectious individuals play a crucial role because they continue to
interact with susceptible hosts without displaying clinical symptoms. As a result, they remain unde-
tected, untreated, and unrestricted in movement, creating a hidden but highly effective transmission
pathway. When βa is increased, these individuals contribute more strongly to new infections, amplify-

ing the force of infection. The results shown in Figure 3 also support the condition for 0 < E∗∗ <
Λ

σ + µ
in the analysis of endemic equilibrium based on the parameter values as defined in Table 2.
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Figure 3. Transmission dynamics of model (2) under endemic equilibrium conditions (R0 > 1). The black dashed
curve in each panel represents the deterministic trajectory while colored solid lines represent three stochastic
realizations driven by independent Wiener processes.
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4.1. Sensitivity Analysis

The extinction or persistence of the epidemic depends on the threshold quantity R0. We performed
a global sensitivity analysis of R0, as defined in (6), using Latin Hypercube Sampling (LHS) and Partial
Rank Correlation Coefficient (PRCC) techniques [37,38]. The results are presented in Figure 4, where
the bars marked with a red dot indicate the parameters that exert a significant influence on R0. A
positive (negative) PRCC value indicates a direct (inverse) relationship with R0, meaning that an
increase in the parameter results in an increase (decrease) in R0. For instance, βa, βs, and σ have
positive values, so increasing any of these parameters increases the value of R0. This suggests that
larger values of these parameters contribute to a higher infection burden. Conversely, the parameters
δ, γ, and ν have negative PRCC values, thus, increasing their values results in reduction of R0. Some
results of the sensitivity analysis are in simulations in Figures 5 and 6 for two values of βa and γ,
respectively.

Figure 4. Global sensitivity analysis of R0 with respect to model (2) parameters using Partial Rank Correlation
Coefficients (PRCC) and Latin Hypercube Sampling (LHS).

Figure 5 presents model simulations for two different values of asymptomatic transmission rate
βa. When βa = 0.7, the deterministic trajectory reaches a peak of about 280 symptomatic cattle within
roughly 70 days, and the stochastic realizations follow a similarly rapid rise. In contrast, for βa = 0.09,
the deterministic peak is lower, at around 65 symptomatic cattle, and occurs later, between 200 and 250
days, with the stochastic trajectories exhibiting greater variability. Consequently, higher transmission
leads to earlier and larger outbreaks, whereas lower transmission results in smaller, delayed peaks
accompanied by increased stochastic variability.
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Figure 5. Epidemic trajectories of model (2) are presented for (a) βa = 0.7 and (b) βa = 0.09, with all other
parameters taken as in Table 2. The deterministic solution is depicted by dashed lines, while while the stochastic
sample paths are shown as solid lines.
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As illustrated in Figure 6, changing the recovery rate γ markedly alters the course of the epidemic.
For γ = 0.4, the deterministic trajectory peaks at about day 72 with roughly 75 symptomatic cattle, and
the stochastic sample paths remain closely grouped around this relatively small outbreak, indicating
rapid infection clearance. In contrast, for γ = 0.05, the deterministic curve increases more gradually
but attains a much higher peak of approximately 350 symptomatic cattle around day 85, with the
corresponding sample paths displaying greater dispersion. Consequently, a higher recovery rate
reduces epidemic magnitude and shortens its duration, whereas a lower recovery rate extends the
infectious period, intensifies transmission, and yields larger, later peaks.
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Figure 6. Epidemic trajectories of model (2) are presented for (a) γ = 0.4 and (b) γ = 0.05, with all other
parameters taken as in Table 2. The deterministic solution is depicted by dashed lines, while while the stochastic
sample paths are shown as solid lines.

4.2. Varying Noise Intensity

Here we examine how changes in the noise intensity, σk (for k = S, E, Ia, Is), affect the epidemic
dynamics. The outcomes for three distinct noise intensities are presented in Figure 7. When noise
is low (σk = 0.010), the system behaves almost deterministically: the epidemic trajectories for the
asymptomatic, symptomatic, and susceptible compartments are smooth, with clearly defined and
predictable peaks. The final epidemic size remains tightly clustered around the deterministic value,
and the timing of the main outbreak is highly reproducible across realizations. As the noise level
increases to σk = 0.050, moderate stochastic fluctuations introduce visible variability among sample
paths. The peak incidence in both asymptomatic and symptomatic groups may be either enhanced or
attenuated compared with the deterministic scenario, and the timing of the epidemic peak becomes
more variable. Consequently, the distribution of outbreak sizes and durations broadens, complicating
both epidemic forecasting and the timely deployment of control strategies.

At high noise levels (σk = 0.100), stochasticity strongly shapes the epidemic course. Sample paths
can exhibit multiple irregular peaks, extended low-level circulation, or even premature fade-outs. The
symptomatic compartment, in particular, may show large, erratic surges that are not captured by
the deterministic model. The susceptible population also displays a much more uncertain trajectory,
with some realizations experiencing rapid depletion and others retaining a substantial susceptible
pool for long periods. Overall, increasing noise intensity drives the system away from deterministic
predictability and toward a regime where epidemic size, peak magnitude, and timing become highly
variable and uncertain.
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Figure 7. Epidemic trajectories under varying noise intensity for (a) σ = 0.010, (b) σ = 0.050, and (c) σ = 0.100,
with all other parameters taken as in Table 2. The deterministic solution is depicted by dashed lines, while the
stochastic sample paths are shown as solid lines.

5. Conclusion
This study developed and analysed a stochastic model to explore the transmission dynamics

of avian influenza (AI) in cattle populations with both direct and environmental routes of infection.
Although AI infections in dairy cattle have only recently gained international attention, especially after
the 2024 H5N1 detections in North American herds [14], this model captures the dual role of direct
contact transmission and indirect exposure through contaminated environment.

A key insight from the model is the contribution of asymptomatic infections. As seen in livestock
influenza systems [21,39], a substantial proportion of infections may be mild or subclinical, yet still
infectious. This justifies the separation of symptomatic and asymptomatic infectious states. The model
shows that the asymptomatic class can sustain transmission even when symptomatic prevalence is
low, particularly when coupled with environmental shedding as seen in Figures 7 (b) and (c). This
aligns with recent reports suggesting subclinical AI infections may occur in cattle herds [21], making
detection and control more challenging.

As seen in Figure 3, an increase in the value of the asymptomatic transmission rate βa leads to the
model showing sustained infection and a stable endemic state. The results agree with the sensitivity
analysis results in Figure 4. This is biologically feasible for cattle herds, especially in situations with
repeated contamination of shared water sources, milking systems, holding yards, or slurry pits.

The introduction of stochasticity into the model plays a crucial role in capturing the inherent
variability present in real livestock systems. In contrast to purely deterministic dynamics, which predict
smooth trajectories and fixed thresholds, the stochastic model reveals how random fluctuations can
substantially alter both the short-term patterns and long-term outcomes of avian influenza transmission
in cattle population (see Figure 5). The simulation results show that inclusion of randomness in cattle
compartments make the system fluctuates around the endemic equilibrium as seen in Figure 6. This is
important because cattle farms may differ in herd size, movement, milking schedule, and hygiene, all
of which introduce randomness that deterministic models cannot capture.
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Varying the noise intensities across the compartments generally amplifies variability in disease
prevalence, but the effects are not uniform across compartments. Instead, the combined action of noise
modifies how infection enters, circulates, and persists in the herd. When the overall noise level is
low, the stochastic trajectories remain close to the deterministic solution: outbreaks follow predictable
curves, and the infection either dies out or settles around a stable endemic level depending on the
value of R0. However, as noise intensities increase, the system becomes progressively more irregular,
and deviations from the deterministic baseline are amplified, as seen in Figure 7.

One of the most important consequences of higher stochasticity is the increased likelihood of
early extinction when the system is near the epidemic threshold. When R0 > 1 and with varying
noise intensities, the infection does not approach a single equilibrium. Instead, the system fluctuates
around the endemic level, sometimes producing large transient spikes driven by random increases in
viral shedding or environmental contamination. This behaviour is biologically feasible because cattle
operations are subject to changes in weather affecting virus survival, variability in shedding between
cattle, irregular contact patterns, and differences in cleaning routines; all of these factors contribute to
environmental and demographic noise [40].

These results show the importance of stochastic effects when assessing outbreak risks in cattle
settings. In real situations, herds rarely exhibit smooth, deterministic dynamics; instead, their disease
patterns reflect the cumulative effect of multiple sources of randomness. Incorporating noise into
the model results in a more realistic representation of AI dynamics and highlights the importance of
measures that reduce environmental variability, improve hygiene, and limit contact patterns in case of
an outbreak.

Our findings of with-in herd analysis suggested that transmission rates of asymptomatic and
symptomatic cattle, and noise intensity played a significant role in the spread of HPAI disease. This
research work is not exhaustive, but it is expected that this would be helpful for livestock farmers,
health professionals, and policymakers to take necessary measures against the transmission dynamics
of HPAI.

6. Limitations and Future Scope
Although the stochastic model developed in this study provides useful insights into the transmis-

sion dynamics of HPAI in cattle population, it has some limitations. The model simplifies heterogeneity
between animals by assuming homogeneous mixing, and uniform susceptibility, exposure, and shed-
ding rates. In practice, cattle may differ in age, behaviour, housing conditions, immune responses,
and viral shedding patterns. Such heterogeneity can significantly affect transmission, particularly
for asymptomatic carriers who may shed virus intermittently or at lower levels. Incorporating age-
structured or behaviour-based subpopulations could therefore lead to more accurate predictions. Also,
several parameter values were selected from literature on avian influenza in other species due to
limited data on cattle-specific AI dynamics. While this approach provides biologically reasonable
ranges, it inevitably introduces uncertainty. Direct parameterisation using cattle outbreak data would
improve the reliability and predictive accuracy of the model, but such datasets are currently limited.

In future, we will extend this model by incorporating spatially structured systems to capture
heterogeneity between farms. Also, we will consider integrating available HPAI longitudinal data
to obtain more accurate and context-dependent parameter estimates. Another important extension
is evaluating control strategies, such as vaccination and movement restrictions. Stochastic optimal
control and cost-effectiveness frameworks could help in understanding avian influenza transmission
in cattle and support more resilient disease management strategies.

Author Contributions: Conceptualization, P.T and H.O.F.; methodology, P.T., M.S. and H.O.F.; software, P.T.,
M.S. and H.O.F.; validation, P.T. and H.O.F.; formal analysis, P.T. and M.S.; investigation, P.T., M.S. and H.O.F.;
resources, P.T., M.S. and H.O.F.; writing—original draft preparation, M.S. and P.T.; writing—review and editing,
P.T. and H.O.F.; visualization, P.T., M.S. and H.O.F.; supervision, P.T. and H.O.F.; project administration, P.T. and
H.O.F.; funding acquisition, P.T. and H.O.F.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 17 December 2025 doi:10.20944/preprints202512.1583.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202512.1583.v1
http://creativecommons.org/licenses/by/4.0/


18 of 19

Funding: This research was funded by AUT School of Engineering, Computer and Mathematical Sciences
Research Grant.

Institutional Review Board Statement: Not applicable

Data Availability Statement: Data sharing not applicable to this article as no datasets were generated or
analysed during the current study. The code used to generate the results and figures in this study is available at
https://github.com/hamfat/Stochastic-HPAI-Model.

Conflicts of Interest: The authors declare no conflicts of interest. The funders had no role in the design of the
study; in the collection, analyses, or interpretation of data; in the writing of the manuscript; or in the decision to
publish the results.

References
1. Opata, M.R.; Lavarello-Schettini; A.; Semenza, J.C.; et al. Predictiveness and drivers of highly pathogenic

avian influenza outbreaks in Europe. Sci. Rep. 2025, 15, 20286.
2. Yamaji, R.; Saad, M. D.; Davis, C. T.; Swane, D.E.; Wang, D.; Wong, F.Y.K; et al. Pandemic potential of highly

pathogenic avian influenza clade 2.3.4.4 A(H5) viruses. Rev. Med. Virol. 2020, 30, e2099.
3. Q. Mao, Z.; Li, Y.; Li, Y.; Zhang, S.; Liu, X.; Yin, C.; et al. H5N1 high pathogenicity avian influenza virus in

migratory birds exhibiting low pathogenicity in mallards increases its risk of transmission and spread in
poultry, Vet. Microbiol. 2024, 292, 110038.

4. Fatoyinbo, H.O.; Tiwari, P.; Ip, R.H.L.; Miranda, V. Multivariable analysis of highly pathogenic H5N1 and
H5Nx avian influenza in wild birds and poultry in Asian subregions. Comp. Immunol. Microbiol. Infect. Dis.
2025, 123, 102387.

5. Rodriguez, Z.; Picasso-Risso, C.; O’Connor, A.; Ruegg, P.L. Hot topic: Epidemiological and clinical aspects of
highly pathogenic avian influenza H5N1 in dairy cattle. JDS Communications 2024, 5, S8-S12.

6. Avian Influenza. Available online: https://www.doc.govt.nz/our-work/wildlife-health/avian-influenza/
(Accessed on 18 October 2025).

7. Stanislawek, W.L.; Tana, T.; Rawdon, T.G.; Cork, S.C.; Chen, K.; Fatoyinbo, H.; et al Avian influenza viruses
in New Zealand wild birds, with an emphasis on subtypes H5 and H7: Their distinctive epidemiology and
genomic properties, PLoS ONE 2024. 19, e0303756.

8. Butt, S.L; Nooruzzaman, M.; Covaleda, L.M.; and Diel, D.G. Hot topic: Influenza A H5N1 virus exhibits a
broad host range, including dairy cows. JDS Communications 2024, 5, S13–S19.

9. Highly Pathogenic Avian Influenza H5N1 Genotype B3.13 in Dairy Cattle: National Epidemiologic Brief.
Available online: https://www.aphis.usda.gov/sites/default/files/hpai-dairy-national-epi-brief.pdf (Ac-
cessed on 8 September 2025).

10. Caserta, L.C.; Frye, E.A.; Butt S.L.; Laverack, M.; Nooruzzaman, M.; Covaleda, L.M.; et al. Spillover of highly
pathogenic avian influenza H5N1 virus to dairy cattle. Nature 2024, 34, 669—676.

11. Investigation of Avian Influenza A (H5N1) Virus in Dairy Cattle. Available Online: https://www.fda.gov/
food/alerts-advisories-safety-information/investigation-avian-influenza-h5n1-virus-dairy-cattle (Accessed
on 2 August 2025).

12. Current Situation: Bird Flu in Dairy Cows. Available Online: https://www.cdc.gov/bird-flu/situation-
summary/mammals.html (Accessed on 12 August 2025).

13. Kaiser, F.; Cardenas, S.; Yinda, K.C,; Mukesh, R.K.; Ochwoto, M.; Gallogly, S.; et al. Highly Pathogenic Avian
Influenza A(H5N1) virus stability in raw milk and on surfaces, United States. Emerg. Infect. Dis. 2025, 31,
833–837.

14. Rawson, T.; Morgenstern, C.; Knock, E.S.; Hicks, J.; Pham, A.; Morel, G.; et al. A mathematical model of
H5N1 influenza transmission in US dairy cattle. Nat. Commun. 2025, 16, 4308.

15. Campbell, A.J.; Brizuela, K.; Lakdawala, S.S. Transmission and exposure risks of dairy cow H5N1 influenza
virus. mBio 2025, 15, e02944-24.

16. Peña-Mosca, F.; Frye, E.A.; MacLachlan, M.J.; Rebelo, A.R.; de Oliveira, P.S.B; Nooruzzaman, M.; et al. The
impact of highly pathogenic avian influenza H5N1 virus infection on dairy cows. Nat. Commun. 2025, 16,
6520.

17. The recent incidences of avian influenza in cattle. Available Online: https://extension.oregonstate.edu/
animals-livestock/beef/recent-incidences-avian-influenza-cattle (Accessed on 5 September 2025).

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 17 December 2025 doi:10.20944/preprints202512.1583.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://github.com/hamfat/Stochastic-HPAI-Model
https://www.doc.govt.nz/our-work/wildlife-health/avian-influenza/
https://www.aphis.usda.gov/sites/default/files/hpai-dairy-national-epi-brief.pdf
https://www.fda.gov/food/alerts-advisories-safety-information/investigation-avian-influenza-h5n1-virus-dairy-cattle
https://www.fda.gov/food/alerts-advisories-safety-information/investigation-avian-influenza-h5n1-virus-dairy-cattle
https://www.cdc.gov/bird-flu/situation-summary/mammals.html
https://www.cdc.gov/bird-flu/situation-summary/mammals.html
https://extension.oregonstate.edu/animals-livestock/beef/recent-incidences-avian-influenza-cattle
https://extension.oregonstate.edu/animals-livestock/beef/recent-incidences-avian-influenza-cattle
https://doi.org/10.20944/preprints202512.1583.v1
http://creativecommons.org/licenses/by/4.0/


19 of 19

18. Avian influenza virus type A (H5N1) in U.S. dairy cattle. Available Online: https://www.avma.org/
resources-tools/animal-health-and-welfare/animal-health/avian-influenza/avian-influenza-virus-type-
h5n1-us-dairy-cattle (Accessed on 25 August 2025).

19. Roche, S.M.; Genore, D.L; Shock, D.A.; Bauman, C.; Croyle, S.; Barkema, H.W.; et al. Describing mortality
and euthanasia practices on Canadian dairy farms. J. Dairy Sci., 103(12), 11638–11652.

20. Facciuolo, A.; Aubrey, L.; Barron-Castillo, U.; Berube, N.; Norleen, C.; McCreary, S.; et al. Dairy cows develop
protective immunity against reinfection with H5N1 clade 2.3.4.4b. Nat. Microbiol. 2025, 10, 1366–1377.

21. Mrope, F. Modeling the Transmission Dynamics of Avian Influenza in Cattle. J. Math. Anal. Model. 2024, 5,
100–120.

22. Bird Flu: Causes and How it Spreads. Available Online: https://www.cdc.gov/bird-flu/virus-transmission/
index.html (Accessed on 2 August 2025).

23. Regassa, A.; Obsu, L. Mathematical modeling and analysis of leptospirosis transmission dynamics in cattle
with vaccination and environmental contamination. Sci. Rep. 2024, 14, 23775.

24. Chatterjee, A.N.; Sharma, S.K.; Al Basir, F.; Raezah, A.A. A Dynamics and Control Study of the New H1N1
Influenza with Two Roots of Infection: The Impact of Optimal Vaccination and Treatment. Mathematics, 2025,
13, 3086.

25. Wu, J.; Dhingra, R.; Gambhir, M.; Remais, J.V. Sensitivity analysis of infectious disease models: methods,
advances and their application. J. R. Soc. Interface 2013, 10, 20121018.

26. Heffernan, J.M.; Smith, R.J.; Wahl, L.M. Perspectives on the basic reproductive ratio. J. R. Soc. Interface 2005,
2, 281–293.

27. Fatoyinbo, H.O.; Tiwari, P.; Olanipekun, P.O.; Ghosh, I. A mathematical model of HPAI transmission between
dairy cattle and wild birds with environmental effects. Arxiv 2025, submitted.

28. Kong, L.; Li, L.; Kang, S.; Chen, F. Dynamic Behavior of a Stochastic Avian Influenza Model with Two Strains
of Zoonotic Virus. Mathematics 2023, 11, 4199.

29. Allen, L.J.S. A primer on stochastic epidemic models: Formulation, numerical simulation, and analysis.
Infect. Dis. Model. 2017, 2, 128–142.

30. Gray, A.; Greenhalgh, D.; Hu, L.; Mao, X.; Pan, J. A Stochastic Differential Equation SIS Epidemic Model.
SIAM J. Appl. Math. 2011, 71, 876–902.

31. Chang, K.; Wei, F.; Liang, G. Long-Term Behavior and Extinction of a Stochastic Avian Influenza Model With
Reaction–Diffusion. J. Math. 2025, 2025, 9978127.

32. Mao, X. Stochastic Differential Equations and Applications. 2nd ed.; Horwood Publishing: Chichester, UK, 2008;
pp. 47–90.

33. Khasminskii, R. (2012). Stochastic Stability of Differential Equations. 2nd ed.; Springer Berlin; Heidelberg,
Germany; 2012; pp 1–42.

34. Kloeden, P. E.; Platen, E.; Schurz, H. Numerical Solution of SDE Through Computer Experiments. 1st ed.; Springer
Berlin; Heidelberg, Germany; 2012; pp 1–295.

35. Bellotti, B.R.; DeWitt, M.E.; Wenner, J.J.; Lombard, J.E.; McCluskey, B.J.; Kortessis, N. Challenges and lessons
learned from preliminary modeling of within-herd transmission of highly pathogenic avian influenza H5N1
in dairy cattle. bioRxiv 2024, Submitted.

36. Wang, H.; Feng, Z.; Shu, Y.; Yu, H; Zhou, L.; Zu, R.; et al. Probable limited person-to-person transmission of
highly pathogenic avian influenza A (H5N1) virus in China. The Lancet 2008, 371, 1427–1434.

37. Abidemi, A.; Ackora-Prah, J.; Fatoyinbo, H.O.; Asamoah, J.K.K. Lyapunov stability analysis and optimization
measures for a dengue disease transmission model. Physica A 2022, 602, 127646.

38. John, R.S; Fatoyinbo, H.O.; Hayman, D.T.S. Modelling Lassa virus dynamics in West African Mastomys
natalensis and the impact of human activities. J. R. Soc. Interface 2024, 21, 20240106.

39. Sreenivasan, C.C.; Li, F.; Wang, D. Emerging threats of highly pathogenic avian influenza A (H5N1) in US
Dairy Cattle: understanding cross-species transmission dynamics in mammalian hosts. Viruses 2024, 16,
1703.

40. Zhang, X.; Shi, Z.; Wang, Y. Dynamics of a stochastic avian–human influenza epidemic model with mutation.
Physica A 2018, 534, 121940.

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those
of the individual author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s)
disclaim responsibility for any injury to people or property resulting from any ideas, methods, instructions or
products referred to in the content.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 17 December 2025 doi:10.20944/preprints202512.1583.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://www.avma.org/resources-tools/animal-health-and-welfare/animal-health/avian-influenza/avian-influenza-virus-type-h5n1-us-dairy-cattle
https://www.avma.org/resources-tools/animal-health-and-welfare/animal-health/avian-influenza/avian-influenza-virus-type-h5n1-us-dairy-cattle
https://www.avma.org/resources-tools/animal-health-and-welfare/animal-health/avian-influenza/avian-influenza-virus-type-h5n1-us-dairy-cattle
https://www.cdc.gov/bird-flu/virus-transmission/index.html
https://www.cdc.gov/bird-flu/virus-transmission/index.html
https://doi.org/10.20944/preprints202512.1583.v1
http://creativecommons.org/licenses/by/4.0/

