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Abstract

East Coast Fever (ECF) causes approximately one million livestock deaths annually in
sub-Saharan Africa, posing a significant threat to livestock. The wildlife–livestock interface
complicates disease management, as wildlife serve as reservoirs. This study developed
a Continuous Time Markov Chain (CTMC) model incorporating the wildlife–livestock
interface to analyze ECF dynamics. Using the Galton–Watson approximation, we assessed
the probability of disease extinction following the introduction of infected hosts or vectors.
The probability of disease extinction calculated from the branching process is shown to
be in good agreement with the probability approximated from numerical simulations.
The disease dynamics of the deterministic model and the CTMC model are compared
to ascertain the effect of demographic stochasticity on ECF dynamics. Differences in
model predictions and asymptotic dynamics between stochastic and deterministic models
were evident. The deterministic and stochastic formulations should therefore be viewed
as complementary modeling frameworks, with the deterministic model characterizing
average epidemic dynamics and the CTMC model capturing the probabilistic variability
and extinction behavior inherent in real transmission processes. These differences are
crucial for intervention strategies earmarked to prevent outbreaks. Our analysis revealed
a high probability of ECF extinction if the disease emerges from recovered carrier cattle.
Finite time to ECF disease extinction is estimated using 10, 000 sample paths, and it is
shown that the epidemic duration is shortest if the disease is introduced by infectious
cattle. The epidemic duration is longest when the disease is introduced by infectious ticks.
Additionally, we observed that host interactions at the wildlife–livestock interface play a
critical role in shaping ECF transmission and informing control strategies.
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1. Introduction
Despite the existence of therapeutic drugs and vaccines, East Coast Fever (ECF)

remains one of the most devastating livestock infectious diseases in sub-Saharan Africa [1].
Recent reports suggest that since 1999, ECF has led to the deaths of over one million cattle
annually, resulting in economic losses exceeding US $300 million [2]. The interface between
livestock and wildlife, which facilitates cross-transmission of ECF, remains a significant
obstacle to effective disease management in sub-Saharan Africa. Therefore, understanding
parasite–host interactions within multi-host systems is critical, as wild animals serve as
reservoirs of pathogens that can significantly impact domesticated animals.

Predictive mathematical models remain integral tools, capable of shedding light on
mechanisms underlying the disease spread process and the design of biosecurity measures,
surveillance, and other related control activities [3]. A few mathematical models have
been published in recent years to investigate ECF dynamics (see, for example, [4–13] and
references cited therein). Important topics that have been discussed using mathematical
models include (i) the effects of livestock and wildlife interactions on ECF transmission
and control dynamics [12]; (ii) the implications of intervention strategies on mitigating
disease spread [5,11]; and (iii) the role of climatic conditions on ECF dynamics [9,13].
A comprehensive review of past and future perspectives on mathematical models of
tick-borne pathogens is presented in [7]. Certainly, these studies have produced several
useful insights into the transmission and control of ECF and have improved the existing
knowledge regarding this disease.

Despite these efforts, however, the probability of ECF outbreak and extinction in
pastoral and rangeland ecosystems—where livestock and wild animals mingle near water
sources and grazing areas—remains poorly understood. This is mainly because, in the
majority of prior studies, deterministic mathematical models (DMMs) were used to study
disease transmission patterns. Specifically, in DMMs, the persistence and extinction of
a disease are governed by the conditions of the reproduction number. If the reproduc-
tion number is less than one, the disease dies out, whereas persistence occurs when the
reproduction number is greater than one. Relying solely on the reproduction number to
determine ECF outbreaks may not be appropriate, as a small number of hosts or vectors
can still introduce the disease [14]. In particular, recent findings from mathematical models
suggest that (i) an outbreak of a vector-borne disease (VBD) increases with the ratio of
vectors to hosts in the population [15], and (ii) transmission intensifies when the number of
hosts is reduced or when there is an increase in either the vector carrying capacity or the
vector biting rate [16].

Motivated by these facts, in this study, we propose a mathematical model of ECF
based on a stochastic branching process that incorporates livestock and wildlife interac-
tions. To the best of the authors’ knowledge, such a mathematical framework has yet to be
proposed. With stochastic models, there is a possibility that the disease will die out before
resulting in a major outbreak, even when the reproduction number is greater than one.
Thus, stochastic models are capable of capturing the randomness and variability inherent
in biological and ecological systems [17]. By incorporating randomness and variability,
stochastic models offer insights into processes that are difficult to predict deterministi-
cally [18,19]. Stochastic models use whole numbers for each class instead of continuous
values, treating state variables as discrete with continuous time. This approach makes them
more realistic compared to deterministic models.

We commence our discussion in Section 2 by presenting a deterministic multi-host
ECF framework. We then derive the basic reproduction number. Next, we transform
the deterministic framework into a stochastic continuous-time Markov chain (CTMC)
framework guided by the Galton–Watson process [20,21]. In Section 3, we present the
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numerical results and discussions. Specifically, we start by determining the correlation
between model parameters and the reproduction number. Our goal is to identify the
parameters that significantly alter the disease transmission potential. Next, we explore how
the probability of extinction varies when disease prevalence is low in either the tick or host
animal populations. In Section 4, we conclude our study.

2. Materials and Methods
Based on ordinary differential equations (ODEs), a model describing the transmission

dynamics of ECF in cattle, buffaloes and ticks is formulated.

2.1. Deterministic Model

The cattle population is stratified into three classes: susceptible cattle SC(t), infectious
cattle IC(t), and recovered carrier cattle RC(t), which carry a low level of parasitemia
compared to actively infectious cattle. The total cattle population at time t is thus expressed
as NC(t) = SC(t) + IC(t) + RC(t). Similarly, the total buffalo population is partitioned
into susceptible SB(t), infectious IB(t), and recovered carrier RB(t) classes, with the total
buffalo population given by NB(t) = SB(t) + IB(t) + RB(t). The tick population is catego-
rized into susceptible adult ticks AS(t) and infected adult ticks AI(t), with the total tick
population defined as NT(t) = AS(t) + AI(t). The proposed model operates under the
following assumptions:

(A1).We assume that the dynamics of the adult host populations, both cattle and buffaloes,
are similar to the standard SIR model [22]. This formulation is biologically and
epidemiologically justified by the natural history of Theileria parva infection [1]. When
susceptible host animals are exposed to infected brown ear tick, they move from being
susceptible to become infectious. This state is characterized by schizont proliferation
in lymphocytes and subsequent parastemia. At this stage, they are capable of infecting
feeding susceptible ticks. Animals that survive the acute infectious stage within
(21–30) days move to a recovered class that represents a persistent carrier state [8,12].
Animals infected by East Coast fever do not immediately become fully susceptible
again after recovery. Instead, after recovering, they develop some level of immunity
that lasts for a period of time, even though it may not be permanent. Because of this
biological reality, the disease dynamics of ECF cannot be represented using an SIS
structure, for example, which assumes that individuals recover from infection but
return directly to the susceptible class without acquiring immunity [23,24]. Instead,
the model should include a recovered compartment, leading to an SIR-type structure
as in [8,12].
Moreover, although ECF is associated with significant disease-induced mortality, par-
ticularly in naive populations, this is readily incorporated as an additional removal
term from the infectious class without altering the fundamental SIR structure. Im-
portantly, while transmission is tick-borne, the within-host progression in animals
remains consistent with SIR dynamics, whereas the tick population is appropriately
modeled using an SI structure due to the absence of recovery in ticks. This coupled
SIR–SI framework has been widely adopted in tick-borne disease modeling because
it captures both the acute infection phase and the long-term carrier status critical for
transmission persistence [8]. Consequently, the SIR formulation provides a parsi-
monious yet sufficiently flexible structure that reflects the immuno-epidemiological
characteristics of ECF, while supporting rigorous reproduction number derivation and
optimal control analysis.

(A2).It is assumed that disease transmission follows a mass action incidence mechanism,
whereby the rate at which susceptible hosts acquire infection is proportional to the
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product of the number of susceptible hosts and infectious ticks. This assumption
implies that the frequency of effective contacts between hosts and infected ticks
increases with vector density, such that a larger infectious tick population leads to a
higher transmission pressure on susceptible hosts. The force of infection from ticks
to cattle is represented by λTC = βTC AI(t), where βTC is the transmission coefficient
and AI(t) is the number of infectious adult ticks at time t. Infected cattle may recover
naturally or through treatment at a rate γC, subsequently entering the recovered class.
Recovered cattle are assumed to be carriers of the disease [1,5,12]. Both cattle and wild
animals die naturally at rates µC and µB, respectively, while disease-induced mortality
occurs at rates dC for cattle and dB for buffaloes. Recruitment rates are ΠC for cattle
and ΠB for buffaloes, maintaining their populations. The force of infection from ticks
to buffaloes is similarly represented by λTB = βTB AI(t).

(A3).We further assume that, within each species, the case fatality rate of infected hosts is,
on average, the same regardless of whether the host transmitted the infection to the
tick, implying no transmission-dependent variation in disease severity.

(A4).It is assumed that there is no direct animal-to-animal or tick-to-tick transmission.
The wild animal populations have birth rates equal to their natural death rates in the
absence of disease, maintaining a stable population. Conversely, cattle are managed to
sustain a constant population size, with their birth rate set equal to the sum of natural
death and disease-induced mortality rates.

(A5).The tick population is divided into susceptible (AS(t)) and infectious (AI(t)) adult
ticks. Ticks become infected solely through biting infected host animals; there is no
transovarial transmission [12]. Host choice by ticks is assumed to be random, with the
proportion of ticks biting cattle versus wild animals depending on the relative host
population sizes. The recruitment rate into the susceptible tick class is denoted by ΠT .

(A6).The force of infection from hosts to ticks is modeled as λCT = βCT(IC(t) + (1 −
ηC)RC(t)) for cattle, and λBT = βBT(IB(t) + (1 − ηB)RB(t)) for buffaloes, where
ICand RC denote infected and recovered cattle and IB and RB denote infected and
recovered buffaloes, respectively. For both hosts, recovered animals are assumed to be
carriers of the pathogen [1]. Most wild buffaloes have been shown to be carriers of
ECF [12], and the potential for carrier state in cattle has been debated due to differences
in breeds of cattle [12]. In this study, we assume that only the Bos indicus breed of
cattle is included, in which a carrier state is well established; thus we assume that all
those recovered are carriers of the disease and are able to transmit the infection to ticks.
Furthermore, ηC (0 ≤ ηC ≤ 1) represents the infectivity potential of recovered carrier
cattle, and lastly, ηB (0 ≤ ηB ≤ 1) represents the infectivity potential of recovered
carrier buffaloes.

(A7).It is further assumed that systematic infection occurs during the blood meal, and that
infection of the brown ear tick does not influence the tick’s birth or death rates.

Combining all the aforementioned assumptions and descriptions, we derive the fol-
lowing system of nonlinear ordinary differential equations (Equations (1)–(8)):

dSC(t)
dt

= ΠC − λTCSC(t)− µCSC(t), (1)

dIC(t)
dt

= λTCSC(t)− (µC + γC + dC)IC(t), (2)

dRC(t)
dt

= γC IC(t)− µCRC(t), (3)

dSB(t)
dt

= ΠB − λTBSB(t)− µBSB(t), (4)
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dIB(t)
dt

= λTBSB(t)− (µB + γB + dB)IB(t), (5)

dRB(t)
dt

= γB IB(t)− µBRB(t), (6)

dAS(t)
dt

= ΠT − (λCT + λBT)AS(t)− µA AS(t), (7)

dAI(t)
dt

= (λCT + λBT)AS(t)− µA AI(t), (8)

with initial conditions:

SC(0) > 0, IC(0) > 0, RC(0) > 0, SB(0) > 0,
IB(0) > 0, RB(0) > 0, AS(0) > 0, AI(0) > 0.

}

The model flow diagram is illustrated in Figure 1, and model parameters and their biological
descriptions are summarized in Table 1.

Figure 1. Schematic diagram of an East Coast fever (ECF) transmission model with carrier infectivity
and host heterogeneity. Susceptible cattle (SC) and susceptible buffaloes (SB) (green) become infected
through contact with infectious ticks (AI) (red), moving to the infectious classes (IC), (IB) (red),
and subsequently recover into carrier classes (RC), (RB) (orange). The tick population is divided
into susceptible ticks (AS) (green) and infectious ticks (AI) (red), with infection acquired from
both infectious and carrier hosts. Solid blue arrows indicate transitions between compartments,
while dashed red arrows represent transmission pathways between hosts and ticks. Recruitment
into each population is denoted by (ΠC), (ΠB) and (ΠT), natural mortality by (µC), (µB) and
(µA), and disease-induced mortality by dC and dB. Colors distinguish epidemiological states: green
(susceptible), red (infectious), and orange (carrier).

The Basic Reproduction Number (R0)

When the disease is not present in animals and the tick vector
(IC = RC = IB = RB = AI = 0), the system (1)–(8) has a disease-free equilibrium point
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(DFE) denoted by

E0 : (S⋆
C, I⋆C, R⋆

C, S⋆
B, I⋆B, R⋆

B, A⋆
S, A⋆

I ) =

(
ΠC
µC

, 0, 0,
ΠB
µB

, 0, 0,
ΠT
µA

, 0
)

.

According to Diekmann et al. [25], the basic reproduction number, R0, is defined as the
mean number of secondary infections generated by a single infected individual over the
entire infectious period in a completely susceptible population. This threshold parameter
is crucial for understanding disease dynamics, as it indicates whether an infection will die
out (R0 < 1) or persist and potentially lead to an epidemic (R0 > 1).

Table 1. Model parameters and their biological descriptions.

Symbol Definition Units

βTC Probability of transmission from an infectious tick
to a cattle and buffaloes Dimensionless

βCT Probability of transmission from an infectious cattle
to ticks Dimensionless

βTB Probability of transmission from an infectious ticks
to a susceptible buffaloes Dimensionless

βBT Probability of transmission from an infectious buffaloes
to a susceptible ticks Dimensionless

ηC Reduction of infectivity of carrier cattle
compared to symptomatic cattle Dimensionless

ηB Reduction of infectivity of carrier buffaloes
compared to symptomatic buffaloes Dimensionless

µC mortality rate of cattle Day−1

µB mortality rate of buffaloes Day−1

µA mortality rate of ticks Day−1

γC Recovery rate of cattle Day−1

γB Recovery rate of cattle, buffaloes Day−1

dC disease death rate of cattle Day−1

dB disease death rate of buffaloes Day−1

In our analysis, we compute R0 using the next-generation matrix approach, as de-
scribed by Diekmann et al. [25] and Van den Driessche and Watmough [26]. This method
involves constructing the matrices F and V , which represent the new infection terms and
transition terms, respectively. These matrices are evaluated at the disease-free equilibrium
(DFE). Specifically, the matrices are defined as follows:

F =


0 m1 m2 m3 m4

m5 0 0 0 0
0 0 0 0 0

m6 0 0 0 0
0 0 0 0 0

, and V =


−µA 0 0 0 0

0 −aC 0 0 0
0 γC −µC 0 0
0 0 0 −aB 0
0 0 0 γB −µB

,

with:

m1 =
βCTΠT

µA
, m2 =

(1 − ηC)βCTΠT
µA

, m3 =
βBTΠT

µA
,

m4 =
βBT(1 − ηB)ΠT

µA
, m5 =

βTCΠC
µC

, m6 =
βTBΠB

µB
,

aC = γc + µc + dC, aB = γB + µB + dB.


. (9)
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It follows that K = FV−1 and the spectral radius of K defines the reproduction number
R0 of model (1)–(8). Thus,

K = FV−1 =



0
m1

aC
+

m2γC
aCµC

m2

µC

m3

aB
+

m4γB
aBµB

m4

µBm5

µA
0 0 0 0

0 0 0 0 0
m6

µA
0 0 0 0

0 0 0 0 0


.

Hence, the reproduction number of model (1)–(8) is:

R0 =

√
aCm6µC(m3µB + m4γB) + aBm5µB(m1µC + m2γC)

aCaBµAµCµB
, (10)

Simplifying (10) by substituting (9), one gets

R0 =
√
R0C +R0B,

where

R0C =
βTCβCTΠTΠC

µ2
AµC(µC + γC + dC)

[
1 +

(1 − ηC)γC
µC

]
,

R0B =
βBT βTBΠTΠB

µ2
AµB(µB + γB + dB)

[
1 +

(1 − ηB)γB
µB

]
.

Our model incorporates multiple transmission routes, including cattle-to-tick, tick-to-cattle,
buffalo-to-tick, and tick-to-buffalo pathways. This is supported by the presence of a square
root term in the expression of the basic reproduction number, indicating that the generation
of secondary cases requires two sequential transmission processes to be complete. Conse-
quently, the basic reproduction number does not represent the number of hosts infected
by a single tick; rather, it reflects the geometric mean number of secondary infections per
generation across the transmission cycle. Biologically, the disease can persist only if the
reproductive capacity of the host populations exceeds unity; specifically, the reproduction
numbers for cattle (R0C) and buffalo (R0B) must satisfy R0C > 1 and R0B > 1, respectively.
If either falls below this threshold, the disease will eventually die out.

The term, R0C, represents the expected number of new infections generated through
the cattle–tick–cattle cycle, where the parameter βTC is the transmission rate from infected
ticks to susceptible cattle, and the parameter βCT represents the transmission rate from
infected carrier cattle to susceptible ticks. The term ΠC

µC
corresponds to the disease-free

cattle population size, and ΠT
µA

represents the disease-free tick population size. Since
transmission requires ticks both acquiring and transmitting, the term appears effectively
as ΠT

µ2
A

. The power of µA arises because one factor comes from tick population density and

another comes from the infectious lifespan of the tick vector. The term (γC + µC + dC)
−1 is

the average duration of infectiousness in cattle. Lastly, the term
(

1 + (1−ηC)γC
µC

)
explains

the additional contribution from recovered carrier cattle, where γC
µC

represents the expected
time cattle spend in the recovered carrier class relative to natural mortality and (1 − ηC)

measures the infectivity potential of carrier cattle.
Similarly, the reproduction number for buffaloes, R0B, represents the expected number

of new infections generated through the buffalo–tick–buffalo cycle, where the parameter
βTB is the transmission rate from infected ticks to susceptible buffaloes, and the parameter
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βBT represents the the transmission rate from infected, carrier buffaloes to susceptible
ticks. The term ΠB

µB
corresponds to the disease-free buffalo population size, ΠT

µA
represents

the disease-free tick population size. The term (γB + µB + dB)
−1 is the average duration

of infectiousness in buffaloes. Lastly, the term
(

1 + (1−ηB)γB
µB

)
explains the additional

contribution from recovered carrier buffaloes, where γB
µB

represents the expected time
buffaloes spend in the recovered carrier class relative to natural mortality and (1 − ηB)

measures the infectivity potential of carrier buffaloes.

2.2. Parameter Estimation

Due to the limited availability of epidemiological data for ECF transmission cases,
parameters were estimated using biologically plausible assumptions informed by literature,
cattle epidemiology, and published tick-borne disease studies. The recruitment rate of
cattle ΠC describes the rate at which new cattle enter the susceptible cattle population
through births, purchases, or immigration. The cattle population was assumed to remain
approximately constant throughout the modeling period. This assumption implies that
recruitment and natural mortality occur at nearly equal rates, thereby maintaining de-
mographic equilibrium within the cattle population over time. Under this demographic
equilibrium assumption, recruitment balances natural mortality, yielding ΠC = µC NC.
Thus, dC is set to zero, as in [4].

Parameter estimation for the recovery rates γC (cattle) is typically informed by field-
derived survival data, post-treatment follow-up studies, and longitudinal host vector
transmission investigations in endemic East Coast fever (ECF) settings. In practice, these
parameters are inferred from observed survival-to-infection ratios and the proportion of in-
fected animals that transition beyond the acute clinical phase into a persistent asymptomatic
infection [8,27]. Cattle that survive the acute phase of infection typically, within approx-
imately 21–30 days post-infection without relapse, are classified as carriers of Theileria
parva, contributing to long-term parasite maintenance in tick–host systems.

Thus, the recovery rate is commonly approximated as the inverse of the mean time to
transition from clinical infection to carrier status, adjusted by the probability of survival
through the acute infection period. This formulation implicitly incorporates host suscep-
tibility, treatment efficacy, and ecological exposure to infected tick populations, and is
consistent with endemic stability frameworks where sub-clinical persistence plays a central
epidemiological role [23,27]. Informed by this formulation, we estimated cattle recovery
rate as γC = 1

30 ≈ 0.0333333 day−1. The natural mortality rate for cattle was estimated as
the inverse of their respective average life expectancies, assuming an exponential survival
distribution. For cattle, an average lifespan of 4 years which yielded (1460) days was used,
giving a mortality rate of µC = 1

1460 ≈ 0.0006849 day−1[27].
Due to the limited availability of buffalo-specific epidemiological data for Theileria

parva transmission, several buffalo-related parameters were estimated using biologically
plausible assumptions informed by wildlife ecology, comparative cattle epidemiology,
and published tick-borne disease studies. The parameters estimated include ΠB, γB, µB,
and dB. The recruitment rate of buffaloes represents the rate at which new individuals enter
the susceptible buffalo population through births and immigration. Due to the absence of
longitudinal buffalo demographic datasets within the study region, the buffalo population
was assumed to remain approximately constant over the modeling period.

Under this demographic equilibrium assumption, recruitment balances natural mor-
tality, yielding ΠB = µBNB. Thus, dB is set to zero, as in [4]. This assumption is commonly
employed in wildlife epidemiological models when detailed birth and migration data are
unavailable. The equilibrium approximation preserves long-term population stability and
prevents unrealistic population growth or decline during numerical simulations. Baseline
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buffalo population sizes were informed by regional wildlife census reports and ecological
carrying capacity estimates for protected areas within Southern Africa. The buffalo recovery
rate γB describes the rate at which infected buffaloes transition from the infectious class
to the recovered or carrier class. African buffaloes typically develop persistent and pre-
dominantly subclinical infections, allowing them to maintain long-term carrier states with
minimal clinical manifestations. Consequently, longer infectious periods were considered
biologically realistic. Based on available ecological and epidemiological evidence, the av-
erage infectious period was assumed to lie within the range of 60–180 days. A baseline
infectious period of 90 days was adopted, consistent with the prolonged carrier character-
istics of African buffalo populations. The corresponding recovery rate was computed as
γB = 1

90 ≈ 0.011111 day−1.
The natural mortality rate of buffaloes was estimated using average lifespan data

from wildlife ecology literature. Assuming an average buffalo lifespan of 15–20 years,
an average lifespan of 17 days was then used to approximate the morality rate of buf-
faloes as follows: µB = 1

17 year−1. The parameter was converted into daily units consis-
tent with the temporal scale of the model simulations to give an approximate value of
µB = 1

6205 ≈ 0.00016116 day−1 [23]. Unlike cattle, African buffaloes are natural reservoir
hosts of Theileria parva and generally exhibit low clinical mortality associated with in-
fection. Consequently, empirical observations suggest that buffalo-associated infections
are predominantly asymptomatic or mildly pathogenic. Due to the absence of reliable
mortality data sets and the biological tolerance exhibited by buffaloes, the disease-induced
mortality rate was assumed to be negligible or substantially lower than corresponding
cattle mortality rates. Baseline parameter values were subsequently validated through
sensitivity and uncertainty analyses to assess their influence on model dynamics and ensure
epidemiological consistency. The tick parameters were derived from the work of [28,29].
Tick mortality was assumed to be higher due to shorter life cycles, with an average lifespan
of approximately 40–420 days [8]. The parameters for disease transmission evolution
βTC, βCT , βTB, and βBT were obtained from [8,30–32]. These estimates are consistent with
standard practices in epidemiological modeling. A summary of the model parameters and
their baseline values is shown in Table 2.

Table 2. Model parameters and their baseline values.

Symbol Baseline Values Units Source

βTC 0.0006 (0–1) Dimensionless [31]
βCT 0.0003 (0–1) Dimensionless [31]
βTB 0.0006 (0–1) Dimensionless [31]
βBT 0.0003 (0–1) Dimensionless [31]
ηC 0.99 (0–1) Dimensionless [12]
ηB 0.99 (0–1) Dimensionless [12]
µC 0.0006849315 Day−1 [27]
µB 0.00016116 (15–20) Day−1 [27]
µA 0.00238095238 (100–420) Day−1 [27]
γC 0.0333333 (21–30) Day−1 [27]
γB 0.011111 (60–180) Day−1 [27]

2.3. Continuous Time Markov Chain Framework

Deterministic models provide insight into the average epidemic dynamics and thresh-
old behavior, whereas stochastic models are important for capturing random fluctuations
and extinction phenomena, particularly when the number of infected individuals is small.
In this study, we present a continuous-time Markov chain (CTMC) model for the epi-
demiology of East Coast Fever (ECF). The CTMC model is formulated using the same
epidemiological compartments and transmission mechanisms as the deterministic system
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for clarity and consistency. While the deterministic model describes the average behavior
of the epidemic in a large population, the stochastic formulation incorporates demographic
randomness and random event timing. Consequently, the CTMC model is capable of captur-
ing extinction events and trajectory variability that are not represented in the deterministic
framework. Within the CTMC model, the transition events and their corresponding rates
are derived from the deterministic model, ensuring that stochastic dynamics reflect the
underlying biological processes. Transition events are defined by considering recruitment
and movement of individuals between compartments, particularly focusing on scenarios
where there is initially only one infectious individual in a given compartment and no
infectives in other infectious classes. The detailed events and their transition rates are
summarized in Table 1.

Furthermore, we define the state vector
−→Y (t) = [SC, IC, RC, SB, IB, RB, AS, AI ]

T , which
represents the counts of susceptible, infected, and recovered individuals in the cattle (C)
and buffalo (B) populations, as well as auxiliary variables AS and AI . The rates of the
CTMC and the transmission dynamics between states are detailed in Table 3. For simplicity
and ease of interpretation, the parameter and variable names used in the stochastic model
are maintained consistent with those in the deterministic formulation, facilitating direct
comparisons between the two modeling approaches.

Table 3. Discrete events and transition rates for the CTMC model associated with the ODE model.

Event Description State Transition (Y(t + ∆t)) Transition Rate ϕ

1 Birth of SC SC → SC + 1 ΠC
2 Death of SC SC → SC − 1 µCSC
3 Infection of SC (SC, IC) → (SC − 1, IC + 1) βTCSC AI
4 Death of IC IC → IC − 1 (µC + dC)IC
5 Recovery of IC (IC, RC) → (IC − 1, RC + 1) γC IC
6 Death of RC RC → RC − 1 µCRC
7 Birth of SB SB → SB + 1 ΠB
8 Death of SB SB → SB − 1 µBSB
9 Infection of SB (SB, IB) → (SB − 1, IB + 1) βTBSB AI
10 Death of IB IB → IB − 1 (µB + dB)IB
11 Recovery of IB (IB, RB) → (IB − 1, RB + 1) γB IB
12 Death of RB RB → RB − 1 µBRB
13 Birth of AS AS → AS + 1 ΠT
14 Death of AS AS → AS − 1 µA AS
15 Infection of AS by IC (AS, AI) → (AS − 1, AI + 1) βCT AS IC
16 Infection of AS by RC (AS, AI) → (AS − 1, AI + 1) βCT(1 − ηC)ASRC
17 Infection of AS by IB (AS, AI) → (AS − 1, AI + 1) βBT AS IB
18 Infection of AS by RB (AS, AI) → (AS − 1, AI + 1) βBT(1 − ηB)ASRB
19 Death of AI AI → AI − 1 µA AI

According to Allen and van den Driessche [21], the inter-event times in a Markov pro-
cess are exponentially distributed. Building on this assumption, we define the parameter
λ(

−→Y ), which represents the total transition rate out of the current state
−→Y . This parameter is

obtained by summing all the individual transition rates listed in Table 3. Specifically, λ(
−→Y )

governs the waiting time until the next transition occurs, consistent with the Markov prop-
erty that the waiting times are memoryless and exponentially distributed. This formulation
allows us to model the stochastic dynamics of the disease transmission process accurately,
facilitating subsequent analyses of outbreak trajectories and intervention strategies.

λ(
−→Y ) = ΠC + µC NC + (dC + γC + βCTAS)IC + βCT(1 − ηC)ASRC

+ΠB + µBNB + (dB + γB + βBT AS)IB + βBT(1 − ηB)ASRB

+(βTCSC + βTBSB)AI .
(11)
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2.3.1. The Multitype Branching Process

Building upon the multitype branching process approach employed by previous re-
searchers [19–21], we analyze the behavior of the continuous-time Markov chain (CTMC)
model at the disease-free equilibrium (DFE) point. This technique has been widely recog-
nized for its effectiveness in estimating the probability of disease outbreak or extinction
under various initial conditions [20,21]. Notably, in deterministic models, if the basic repro-
duction number, R0, exceeds unity, the disease tends to persist in the population, even if
only a few individuals are initially infected [19]. Conversely, in stochastic CTMC models,
the threshold R0 > 1 indicates a non-zero probability that the disease either persists or
dies out, depending on the initial infectious state [19–21].

In the context of multitype branching processes, we focus solely on the infectious
classes that serve as sources of transmission to construct the probability generating func-
tions (PGFs) [20,21]. The susceptible cattle, buffaloes, and adult ticks are assumed to be
at the DFE, consistent with prior studies [20,21]. Guided by Lahodny and others [18],
the initial susceptible populations are set as:

SC(0) =
ΠC
µC

, SB(0) =
ΠB
µB

, AS(0) =
ΠT
µA

,

where Πj and µj denote recruitment and death rates for the respective populations. Infec-
tious individuals of type j, denoted Ij, are assumed to produce infectious individuals of
type k, Ik, with the offspring generated by each infectious individual being independent
of others [19]. The transmission between susceptible cattle, buffaloes, and ticks is concep-
tualized as ’birth,’ representing new infections acquired through contact with infectious
vectors or hosts.

According to Allen [20], the numbers of births and deaths are considered independent,
enabling the formulation of offspring PGFs for the infectious classes. Specifically, the PGF
for the infectious population Ik is derived under the initial condition where a single in-
fectious individual of type k initiates the outbreak (I(0) = 1) with all other types absent
(Ij = 0, j ̸= k). The PGF, denoted fk : [0, 1]n → [0, 1], is expressed as:

fk(x1, x2, . . . , xn) =
∞

∑
a1=0

∞

∑
a2=0

· · ·
∞

∑
an=0

Pk(a1, a2, . . . , an) xa1
1 xa2

2 · · · xan
n ,

where Pk(a1, a2, . . . , an) = Pr{Y1k = a1,Y2k = a2, . . . ,Ynk = an} is the joint probability that
a single infectious individual of type k produces aj offspring of type j and x1, x2, . . . , xn

represents probabilities of extinction for infectious classes. In our model, the function is
written as

fk(x1, x2, x3, x4, x5) =
∞

∑
a1=0

∞

∑
a2=0

· · ·
∞

∑
an=0

Pk(a1, a2, a3, a4, a5) xa1
1 xa2

2 , xa3
3 , xa4

4 , xa5
5 ,

where x1, x2, x3, x4, x5 represent probabilities of extinction for IC(t), RC(t), IB(t), RB(t),
AI(t) respectively.

The mean offspring matrix M = (Mjk) is an n × n matrix with elements obtained by
differentiating fk with respect to xj and evaluating at xj = 1:

Mjk =
∂ fk
∂xj

∣∣∣∣∣
x1=x2=···=xn=1

.

The spectral radius ρ(M) is a critical parameter; if ρ(M) < 1, the disease will almost
surely die out (P0 = 1), with the extinction probability given by:

P0 = lim
t→∞

Pr{I(t) = 0} = 1.
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If ρ(M) > 1, there exists a positive probability that the disease persists, characterized
by the extinction probability P0 < 1. This probability is determined via the smallest fixed
point q = (q1, q2, . . . , qr) of the PGFs:

fk(q1, q2, . . . , qr) = qk, 0 < qk < 1, for k = 1, 2, . . . , r,

and the overall extinction probability is:

P0 = lim
t→∞

Pr{I(t) = 0} = qk=1
1 qk=2

2 · · · qk=r
r .

Consequently, the probability of disease persistence is 1 − P0. This framework enables
quantification of the likelihood of ECF extinction or persistence based on the initial infec-
tious state and the reproductive potential of the pathogen within the host-vector system.

2.3.2. Stochastic Thresholds for the ECF Parasite Extinction

Numerous researchers [18–21] have described a stochastic threshold for disease ex-
tinction as a probabilistic measure that predicts the likelihood of a disease dying out within
a population. In the context of a single infectious class with basic reproduction number
R0 > 1, the probability of disease extinction following the introduction of i infectious

individuals is given by
(

1
R0

)i
. Conversely, the probability of a major outbreak is 1−

(
1
R0

)i
.

However, this approach becomes inadequate when infections originate from multiple infec-
tious classes, as is the case in our model, where ECF pathogens emerge from five infectious
classes: infectious cattle, carrier cattle, infectious buffaloes, carrier buffaloes, and infectious
ticks [19].

To address this complexity, we implement a multitype branching process framework
to derive probability generating functions (PGFs) for secondary infections across these
classes. The initial susceptible populations are set as SC(0) =

ΠC
µC

= S0
C, SB(0) =

ΠB
µB

= S0
B,

and AS(0) = ΠT
µA

= A0
S. The PGFs for the infectious classes are formulated using the

general equation:

fk(x1, x2, . . . , xn) =
∞

∑
a1=0

∞

∑
a2=0

. . .
∞

∑
an=0

Pk(a1, a2, . . . , an)xa1
1 xa2

2 . . . xan
n ,

evaluated at the disease-free equilibrium. For instance, when initially IC(0) = 1, RC(0) = 0,
IB(0) = 0, RB(0) = 0, and AI(0) = 0, the PGF for IC is:

f1(x1, x2, x3, x4, x5) =
βCT A0

Sx1x5 + γCx2 + µC + dC

βCT A0
S + γC + µC + dC

,

where βTC A0
S

βTCS0
C+µC+γC+dC

represents the probability that a susceptible cattle progresses to

the infectious class, and µC+γC+dC
βCT A0

S+µC+γC+dC
corresponds to the probability that the infectious

cattle is lost due to natural or disease-induced death.
Using this framework, PGFs for the other infectious classes are similarly derived:

f2(x1, x2, x3, x4, x5) =
βCT(1 − ηC)A0

Sx2x5 + µC

βCT(1 − ηC)A0
S + µC

,

f3(x1, x2, x3, x4, x5) =
βBT A0

Sx3x5 + γBx4 + µB + dB

βBT A0
S + γB + µB + dB

,

f4(x1, x2, x3, x4, x5) =
βBT(1 − ηB)A0

Sx4x5 + µB

βBT(1 − ηB)A0
S + µB

,

f5(x1, x2, x3, x4, x5) =
βTCS0

Cx1x5 + βTBS0
Bx3x5 + µA

βTCS0
C + βTBS0

B + µA
.
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The expectation matrix M, which encodes the expected number of secondary infec-
tions produced by each class, is obtained by computing the partial derivatives of the PGFs
evaluated at (1, 1, 1, 1, 1):

M =

(
∂ fi
∂xj

∣∣∣∣
(1,1,1,1,1)

)
.

The matrix M takes the form:

M =


M11 M12 0 0 M15

0 M22 0 0 M25

0 0 M33 M34 M35

0 0 0 M44 M45

M51 0 M53 0 M55,


where

M11 =
βCT A0

S
βCT A0

S+γC+µC+dC
, M12 = γC

βCT A0
S+γC+µC+dC

, M15 =
βCT A0

S
βCT A0

S+γC+µC+dC
,

M22 = µC
βCT(1−ηC)A0

S+µC
, M25 =

βCT(1−ηC)A0
S

βCT(1−ηC)A0
S+µC

, M33 =
βBT A0

S
βBT A0

S+γB+µB+dB
,

M34 = γB
βBT A0

S+γB+µB+dB
, M35 =

βBT A0
S

βBT A0
S+γB+µB+dB

, M44 = µB
βBT(1−ηB)A0

S+µB
,

M45 =
βBT(1−ηB)A0

S
βBT(1−ηB)A0

S+µB
, M51 =

βTCS0
C

βTCS0
C+βTBS0

B+µA
, M53 =

βTBS0
B

βTCS0
C+βTBS0

B+µA
,

M55 =
βTCS0

C+βTBS0
B

βTCS0
C+βTBS0

B+µA
.



.

The spectral radius ρ(M) determines the stochastic threshold: disease extinction
occurs if ρ(M) < 1, corresponding to the stochastic and deterministic thresholds align-
ing [20,21]. When the initial infectious counts are considered, the probability of disease
extinction can be derived from the fixed points of the PGFs. Specifically, fixed points
x = (x1, x2, x3, x4, x5) ∈ (0, 1)5 satisfy the system:

fi(x1, x2, x3, x4, x5) = xi, i = 1, . . . , 5,

which explicitly reads:

x1 =
βCT A0

Sx1x5+γC x2+µC+dC
βCT A0

S+γC+µC+dC
,

x2 =
βCT(1−ηC)A0

Sx2x5+µC
βCT(1−ηC)A0

S+µC
,

x3 =
βBT A0

Sx3x5+γBx4+µB+dB

βBT A0
S+γB+µB+dB

,

x4 =
βBT(1−ηB)A0

Sx4x5+µB

βBT(1−ηB)A0
S+µB

,

x5 =
βTCS0

C x1x5+βTBS0
Bx3x5+µA

βTCS0
C+βTBS0

B+µA
.

(12)

Due to the nonlinearity of these equations, analytical solutions are generally intractable;
thus, numerical methods are employed to approximate the fixed points [21]. The trivial
fixed point x = (1, 1, 1, 1, 1) always exists, representing disease extinction, while other fixed
points in (0, 1)5 exist when ρ(M) > 1, indicating a potential outbreak.

3. Results and Discussions
3.1. Sensitivity Analysis of the Reproduction Number

We employed the normalized forward sensitivity index to evaluate the relative impor-
tance of each parameter in the basic reproduction number, R0 [33]. This approach allows us
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to assess the robustness of model predictions with respect to variations in parameter values.
Baseline parameter values are provided in Table 1. The sensitivity analysis was conducted
as follows: Let αi denote a parameter involved in the calculation of R0. Its sensitivity index
is computed using the formula

ΥR0
αi =

∂R0

∂αi
× αi

R0
.

This index quantifies the proportional change in R0 resulting from a proportional change
in αi. The resulting sensitivity indices for the parameters are summarized in Table 4. A pos-
itive value indicates that an increase in the parameter, holding others constant, will lead to
an increase in R0, signifying a direct relationship. Conversely, a negative sensitivity index
suggests that increasing the parameter value will decrease R0, indicating an inverse rela-
tionship. This analysis provides critical insights into which parameters most significantly
influence disease transmission dynamics and can inform targeted control strategies.

Table 4. Sensitivity indices of R0 with respect to the parameters

Parameter Sensitivity Index Parameter Sensitivity Index

βTC +0.459505 γC +0.148811
βCT +0.459505 ηC −0.230164
βTB +0.0404952 ηB −0.230164
βBT +0.0404952 µC −0.876473
ΠT +0.5 µB −0.0764114
ΠC +0.459505 µA −1
ΠB +0.0404952 γB +0.0122816

The results presented in Figure 2 demonstrate that the parameters βTC, βCT , ΠB, βTB,
βBT , ΠT , ΠC, ΠB, and γB are positively correlated with the basic reproduction number,
R0. Conversely, parameters such as µB, µA, µC, ηC, ηB, dC, and dB exhibit a negative
correlation with R0. These findings suggest that effective control of ECF transmission in
cattle populations should primarily focus on reducing infection rates—by limiting disease
spread—and increasing tick mortality rates. Notably, a 10% increase in tick mortality
corresponds to approximately a 10% reduction in R0, highlighting the potential impact
of targeted tick control strategies. Overall, these insights emphasize the importance of
integrated management approaches that address both host and vector dynamics to mitigate
disease transmission effectively.

Figure 2. Simulation results on sensitivity analysis of R0 with respect to key model parameters.
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3.2. Population Level Simulation Results for the Deterministic Model

In this section, we present numerical results for the deterministic model (1)–(8).
The simulations were conducted using MATLAB R2024a (The MathWorks, Natick, MA,
USA). The parameter values used are listed in Table 1. The total cattle population was set
at NC(0) = 100, while the total populations for buffaloes and ticks were set at NB(0) = 50
and NT(0) = 1000, respectively. These total populations were maintained throughout the
simulations. For the infectious populations, four sets of initial conditions were considered
as follows:

• Initial condition 1: NC(0) = 100, IC(0) = 0, RC(0) = 0, NB(0) = 50, IB(0) = 0,
RB(0) = 0, and NT(0) = 999, AI(0) = 1.

• Initial condition 2: NC(0) = 100, IC(0) = 0, RC(0) = 0, NB(0) = 49, IB(0) = 1,
RB(0) = 0, and NT(0) = 999, AI(0) = 1.

• Initial condition 3: NC(0) = 99, IC(0) = 1, RC(0) = 0, NB(0) = 49, IB(0) = 1,
RB(0) = 0, and NT(0) = 999, AI(0) = 1.

• Initial condition 4: NC(0) = 98, IC(0) = 2, RC(0) = 0, NB(0) = 48, IB(0) = 2,
RB(0) = 0, and NT(0) = 998, AI(0) = 2.

• Initial condition 5: NC(0) = 95, IC(0) = 3, RC(0) = 2, NB(0) = 46, IB(0) = 3,
RB(0) = 1, and NT(0) = 990, AI(0) = 10.

The simulation results are depicted in Figures 3 and 4. The simulation results reveal
an inverse relationship between susceptible and infected hosts. Specifically, the number
of susceptible cattle decreases following infection events, eventually stabilizing after ap-
proximately 40 days (Figure 3a). A similar pattern is observed in susceptible buffaloes,
whose numbers decline and stabilize after about 40 days, with the exact timing depending
on initial conditions (Figure 3b). Conversely, the count of infected cattle initially increases,
reaching a peak of approximately 59 infected individuals before declining to around 20
infected cattle (Figure 3c); thereafter, the infected cattle number stabilizes after 80 days.
Infected buffaloes follow a similar trend, gradually increasing and reaching a peak after
40 days. Afterwards, the number gradually decreases and stabilizes after 60 days, again
influenced by the initial conditions (Figure 3d). Overall, these dynamics suggest that as
the populations of susceptible hosts diminish, the number of infected hosts rises to a peak,
after which it declines slightly due to factors such as disease-induced mortality and recov-
ery processes. These findings provide insight into the temporal progression of infection
within host populations and are critical for understanding disease dynamics and informing
control strategies.

Figure 4 presents the results of the deterministic model under various initial con-
ditions. The simulations reveal that the susceptible adult tick population declines over
time, eventually reaching a steady state after 60 days. Meanwhile, the infected adult tick
population initially increases, reaching a peak around day 60 before stabilizing. The car-
rier cattle population (panel (c)) exhibits an increasing trend, stabilizing at approximately
50 carrier cattle. Similarly, the carrier buffalo population follows a comparable pattern
(Figure 4b), showing a gradual increase throughout the simulation period. These find-
ings highlight the temporal dynamics of tick infection and carrier host populations,
providing insights into the progression and potential control points within the disease
transmission cycle.

3.3. The CTMC Model Simulations

In this section, we analyze the dynamics of Epizootic Hemorrhagic Fever (ECF) using a
Continuous-Time Markov Chain (CTMC) model. Throughout the simulations, the total host
populations and parameter values remain constant. The initial conditions are set as follows:
IC(0) = 10, RC(0) = 5, IB(0) = 10, RB(0) = 5, and AI(0) = 10. A total of 10,000 stochastic
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sample paths are generated to capture the variability inherent in the system. For compari-
son, deterministic numerical solutions are also computed and plotted simultaneously to
illustrate the differences between stochastic and deterministic approaches.
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Figure 3. Simulation results for susceptible and infected cattle and buffalo population, showing
dynamics of the deterministic model under varying initial conditions. Initial conditions were as
follows: IC(0) = 1, RC(0) = 0, IB(0) = 1, RB(0) = 0, and AI(0) = 1. Plot (a) depicts the dynamics of
susceptible cattle. Plot (b) shows the dynamics of susceptible buffaloes. Plot (c) demonstrates the
dynamics of infected cattle, and lastly, plot (d) shows the dynamics of infected buffaloes.
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Figure 4. Simulation results for susceptible ticks, infectious tick population, and carrier cattle and
buffalo populations, showing dynamics for the deterministic model under varying initial conditions.
Plot (a) depicts the dynamics of susceptible ticks. Plot (b) shows the dynamics of infected ticks.
Plot (c) demonstrates the dynamics of carrier cattle, and lastly, plot (d) shows the dynamics of
carrier buffaloes.
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Figure 5 presents the simulation results for susceptible and infected populations of
cattle and buffalo, showcasing both the stochastic CTMC model and the deterministic
model. The dashed black curves represent the trajectories predicted by the deterministic
model, while the solid curves depict the stochastic simulation outcomes. Specifically, plot
(a) illustrates the dynamics of susceptible cattle, plot (b) shows susceptible buffalo popu-
lations, plot (c) depicts infected cattle, and plot (d) presents infected buffalo populations.
These visualizations provide insights into the variability and expected trends of disease
progression within the host populations, highlighting the influence of stochastic effects on
disease dynamics.
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Figure 5. Simulation results for susceptible and infected cattle and buffalo population showing both
the deterministic model and the stochastic model. The dashed black curves represent the population
levels for the deterministic model and the solid curves represent population levels for the CTMC
stochastic model. Plot (a) depicts the dynamics of susceptible cattle. Plot (b) shows the dynamics of
susceptible buffaloes. Plot (c) demonstrates the dynamics of infected cattle, and lastly, plot (d) shows
the dynamics of infected buffaloes.

Figure 5 illustrates the simulation results for both the deterministic and CTMC stochas-
tic models, focusing on susceptible cattle and buffaloes as well as infectious cattle and
buffaloes. The deterministic and stochastic trajectories exhibited close agreement for suscep-
tible cattle and buffaloes, infectious cattle and infectious buffalo populations, indicating that
the deterministic formulation adequately captured the average host infection dynamics.

Meanwhile, Figure 6 presents the simulation results for recovered cattle and buffaloes,
along with susceptible and infected ticks. The numerical simulations reveal that both the
deterministic and CTMC stochastic models exhibit similar patterns, with the deterministic
outputs representing the average values of disease propagation and the stochastic outputs
capturing the inherent randomness of the system during the early stages of disease trans-
mission; however, noticeable divergence emerged in the carrier cattle and carrier buffalo
compartments after approximately 50 days of simulation. This behavior is attributable
to the cumulative nature of the recovered carrier classes, which retain individuals over
prolonged periods and therefore accumulate stochastic variability arising from random
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infection and recovery events. Since the carrier populations act as long-term reservoirs
contributing to continued tick infection, small differences among stochastic realizations
become progressively amplified over time. Furthermore, the relatively strong host-to-tick
transmission rates enhance feedback interactions between hosts and vectors, thereby in-
creasing stochastic fluctuations in the carrier compartments. The observed divergence
therefore reflects the inherent demographic stochasticity associated with long-term reser-
voir dynamics in livestock-wildlife transmission systems and highlights limitations of
deterministic models in capturing variability in persistent infection states. In deterministic
models, disease outbreaks occur whenever R0 > 1, while disease extinction may occur
when R0 < 1.

0 50 100

Time (Days)

0

500

1000

S
u

s
c
e

p
ti
b

le
 t

ic
k
s

(a)

0 50 100

Time (Days)

0

500

1000

In
fe

c
ti
o

u
s
 t

ic
k
s

(b)

0 50 100

Time (Days)

0

100

200

300

C
a

rr
ie

r 
c
a

tt
le

(c)

0 50 100

Time (Days)

0

50

100
C

a
rr

ie
r 

b
u

ff
a

lo
e

s

(d)

Figure 6. Simulation results for carrier cattle and buffalo populations, susceptible ticks and infectious
tick population showing both the deterministic model and the stochastic model. The black dashed
curves represent the population levels for the deterministic model and the other curves represent
population levels for the stochastic model. Plot (a) depicts the dynamics of susceptible ticks. Plot
(b) shows the dynamics of infected ticks. Plot (c) demonstrates the dynamics of carrier cattle, and
lastly, plot (d) shows the dynamics of carrier buffaloes.

3.4. Probability of Disease Extinction or a Major Outbreak

Using the MATLAB fsolve function (MATLAB R2024a, The MathWorks, Natick, MA,
USA), we numerically computed the disease extinction probability, P0, by solving the fixed-
point equations of the multitype branching process given in
Equation (12). The corresponding fixed point in (0, 1)5 was found to be (x1, x2, x3, x4, x5) =

(0.03538, 0.02417, 0.01239, 0.02417, 0.02394). To assess the accuracy of this theoret-
ical prediction, P0 was compared with the approximated extinction probability, PA,
obtained from 10, 000 sample paths of the ECF CTMC model. The quantity PA was
estimated as the proportion of sample paths for which the total infected population,
IC(t) + RC(t) + IB(t) + RB(t) + AI(t), reached zero before the epidemic attained a pre-
defined minimum outbreak size. As shown in Table 5, the values of P0 and PA are in
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close agreement, indicating that the branching-process approximation provides an accurate
estimate of the probability of disease extinction.

Table 5. Probability of disease extinction P0 for ECF evaluated from the fixed point of the branching
process and numerical approximation PA estimated from 10,000 sample paths of the CTMC model.
The extinction probabilities were evaluated for different initial infectious configurations of cattle,
buffaloes, carrier hosts, and infected ticks under the parameter values listed in Table 1.

IC RC IB RB AI P0 PA

1 0 0 0 0 0.03538 0.03300
0 1 0 0 0 0.02417 0.03860
0 0 1 0 0 0.01239 0.00330
0 0 0 1 0 0.02417 0.02570
0 0 0 0 1 0.02394 0.02100
1 0 0 0 1 0.00085 0.00080
0 0 1 0 1 0.00029 0.00010
1 0 1 0 1 0.000001049 0.00000

The results in Table 5 shows that analytical extinction probabilities derived from the
probability generating function (PGF) framework were in close agreement with the stochas-
tic CTMC estimates for all initial conditions considered. This agreement demonstrates
the consistency between the theoretical branching-process approximation and the full
stochastic simulation model, particularly during the early invasion phase when the number
of infected individuals remains relatively small. The results also show that, for infectious
individuals, P0 is smaller if ECF disease is introduced by an infectious tick. Thus, a disease
outbreak is likely if infectious ticks introduce the disease in an entirely susceptible cattle
and buffalo population.

Furthermore, the probability of disease extinction is very small, indicating a high
likelihood of an outbreak when infectious cattle, buffaloes, and ticks are present at the
onset of the epidemic. Although a basic reproduction number satisfying R0 > 1 implies
that the disease can successfully invade the population, it does not guarantee persistence.
In the CTMC model, the disease may either fade out or persist during the early stages of
the epidemic. Unlike deterministic models, stochastic models permit disease extinction
even when R0 > 1 because of demographic stochasticity inherent in the transmission
process. This feature represents one of the fundamental differences between deterministic
and stochastic epidemic models [18,19,21]. These findings suggest that reducing tick
abundance could substantially increase the likelihood of disease extinction and thereby
limit ECF transmission. Consequently, intervention measures aimed at controlling tick
populations, including acaricide application and pasture management strategies (habitat
modification), may play an important role in ECF control, as reported by Walker et al. [12]
and Chinyoka et al. [5].

Overall, the results demonstrate that extinction of East Coast fever is unlikely once
infection becomes established simultaneously in hosts and vectors. The low extinction
probabilities reflect the strong epidemiological coupling between cattle, buffaloes, and ticks,
together with the contribution of carrier hosts to continued transmission. Furthermore,
the close correspondence between the branching-process predictions and CTMC simu-
lations validates the applicability of the PGF framework as a reliable analytical approxi-
mation for assessing early outbreak extinction dynamics in the ECF transmission system.
Figures 5 and 6 illustrate disease persistence and extinction, respectively, in the CTMC
model when (R0 > 1). The deterministic and stochastic solutions are plotted on the same
graphs for easy comparison.
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3.5. Finite Time Extinction

Stochastic models are unique in that the finite-time to disease extinction can be esti-
mated. This is a unique property that deterministic models do not exhibit [21]. The finite-
time extinction corresponds to the time T until the number of infectious individuals asymp-
totically approaches zero [18,19]. The length of T depends on the initial number of infected
individuals, the population size and the value of the basic reproduction number [19,21].
Table 6 illustrates the estimated finite-time extinctions for ECF, while Figure 7 shows the
approximate distribution of T. The T values in Table 6 are estimated using 10,000 sample
paths and the 95th percentile of end times as indicators of epidemic duration.

(a) (b)

(c) (d)

(e)

Figure 7. Approximate probability distribution for the time of disease extinction T for the
CTMC model when the disease is introduced by infectious cattle, carrier cattle, infectious buf-
falo, carrier buffalo, and an infectious tick (see histogram (a)), with initial condition (IC(0) = 1,
RC(0) = 0, IB(0) = 0, RB(0) = 0, AI(0) = 0), (b) (IC(0) = 0, RC(0) = 1, IB(0) = 0, RB(0) =

0, AI(0) = 0), (c) (IC(0) = 0, RC(0) = 0, IB(0) = 1, RB(0) = 0, AI(0) = 0), (d) (IC(0) = 0, RC(0) =
0, IB(0) = 0, RB(0) = 1, AI(0) = 0), and (e) (IC(0) = 0, RC(0) = 0, IB(0) = 0, RB(0) = 0, AI(0) = 1).
The probability of disease extinction P0 and T for each graph are presented in Table 6. This histogram
is generated using 10, 000 sample paths. All the other parameter values are as given in Table 1.
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From Table 6, the probability of extinction is very small (P0 = 0.02100) when the
disease is initiated by a infectious tick, however we note that this has the longest epidemic
duration. In contrast, when the disease is initiated by infectious cattle, the probability of
extinction is (Pext = 0.0330), which is the largest but corresponds to the shortest epidemic
duration. Thus, we note that the higher the probability of extinction, the shorter the
epidemic duration.

Table 6. Finite-time extinction T for the CTMC model when the infection is introduced by infectious
cattle, recovered/carrier cattle, an infectious buffalo, a carrier buffalo, and an infectious tick. T is
estimated based on 10,000 sample paths and the 95th percentile of end times. Parameter values are as
in Table 1 with initial total populations of hosts given as NC(0) = 100, NB(0) = 50, NT(0) = 1000.
The reproduction number R0 = 7.1623.

IC RC IB RB AI P0 1 − P0 T(Days)

1 0 0 0 0 0.03300 0.9670 1.9
0 1 0 0 0 0.03860 0.9614 3.9
0 0 1 0 0 0.00330 0.9967 4.5
0 0 0 1 0 0.02570 0.9743 2.9
0 0 0 0 1 0.02100 0.9790 9.2

The time to extinction when any one of the infectious individuals is introduced
was investigated using the Gillepie algorithm, and the results are displayed in Figure 7
as the conditional density function (pdf) of the time to extinction given that a disease
extinction happens over the investigation time of 60 days. Each histogram is generated
from 10,000 simulations of the CTMC model. From Figure 7a, it is very likely that the
extinction occurs in the first 1.9 days when the infection is generated from one infectious
cow (IC). When infection is generated from one carrier cattle (RC), extinction occurs in
the first 3.9 days. When infection is generated from one infectious buffalo (IB), extinction
occurs in the first 4.5 days. When infection is generated from one carrier buffalo (RB),
extinction occurs in the first 2.9 days. When infection is generated from one infectious tick
(AI), extinction occurs in the first 9.2 days.

3.6. Effects of Demographic Parameters on the Probability of Disease Extinction or Outbreak

Demographic processes are fundamental determinants of the long-term dynamics of
vector-borne diseases in host–vector systems. In stochastic settings, demographic parame-
ters can substantially influence whether an infection persists or becomes extinct. Quanti-
fying these effects provides important insights for the development of effective disease-
control strategies, particularly those targeting host recruitment, population turnover, and
vector survival. Accordingly, we examined the effects of initial population sizes, transmis-
sion rates, recovery rates, tick natural mortality rates, and host recruitment rates on the
probability of disease extinction.

3.6.1. Effects of Initial Infectious Population Sizes on the Probability of Disease Extinction

In this subsection, we aim to investigate how the initial sizes of infected and re-
covered host populations influence the probabilities of disease extinction and outbreak.
The probability of a disease outbreak is defined as the likelihood that the disease will spread
extensively within the host population, while the probability of extinction reflects the like-
lihood that the disease will die out before causing widespread infection [21]. In addition
to these probabilities, we will determine the mean outbreak size and the average time to
disease extinction for various initial conditions.

This analysis will be conducted by varying the initial population sizes of infected cattle,
infected buffaloes, and infected ticks across four distinct scenarios (cases 1 through 4), each
characterized by increasing numbers of infected and carrier individuals among the hosts.
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Throughout all scenarios, the total host populations will remain constant at NC = 200 for
cattle, NB = 50 for buffaloes, and NT = 1000 for ticks.

For case 1, we will calculate the probabilities of disease outbreak and extinction under
the initial conditions (SC, IC, RC, SB, IB, RB, AS, AI) = (NC − 0, 0, 0, NB − 0, 0, 0, NT − 1, 1)
using the stochastic Gillespie algorithm applied to the CTMC model over a 100-day period.
The results of this analysis are presented in Figure 8.

In the second, Case 2, we consider the initial conditions as follows: (SC, IC, RC, SB,
IB, RB, AS, AI) = (NC − 0, 0, 0, NB − 1, 1, 0, NT − 1, 1). All other parameters were taken
from Table 1.

In Case 3, the initial conditions were:
(SC, IC, RC, SB, IB, RB, AS, AI) = (NC − 1, 1, 0, NB − 1, 1, 0, NT − 1, 1). All other param-

eters were taken from Table 1.
We further analyzed Case 4 with initial conditions described as follows:
(SC, IC, RC, SB, IB, RB, AS, AI) = (NC − 10, 10, 0, NB − 10, 10, 0, NT − 10, 10). We want

to investigate the effect of having a more infectious host on the dynamics. All other
parameter values used are as given in Table 1.

Our investigation demonstrated that all four scenarios, each with varying initial
conditions, resulted in a high probability of disease outbreak. As shown in Figure 8a, both
the deterministic and CTMC models predict an outbreak that persists throughout the entire
observation period. This is evidenced by an initial increase in the number of infected cattle,
peaking around day 50, followed by a decline and stabilization after day 60. In contrast,
Figure 8b illustrates the dynamics for infected buffaloes, where the deterministic model
also indicates a continuous outbreak; however, the CTMC model suggests periods of both
extinction at the beginning and near the end of the observation period, with an outbreak
occurring predominantly between days 30 and 60.

Furthermore, Figure 9a and Figure 9b show that both models predict an outbreak
within the cattle and buffalo populations, respectively. Figure 9c illustrates the dynamics of
infectious ticks and indicates that both models predict sustained transmission throughout
the entire observation period. These results suggest that, under the current parameter val-
ues and initial conditions, disease extinction is highly unlikely and that disease persistence
is the most probable outcome. The model dynamics further indicate that ECF is likely to
spread persistently within the host–vector system, posing a significant transmission risk to
cattle, buffalo, and tick populations. A similar pattern is observed in Figure 10, where the
deterministic and stochastic simulations are in close agreement and consistently predict
disease persistence across all panels (a–e).
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Figure 8. Comparison of the deterministic model solutions (black dashed curve) and the four sample
paths of the CTMC model illustrating an outbreak or extinction when the disease is initiated by a
tick. The parameter values used are as given in Table 1. The initial conditions are IC(0) = RC(0) =
IB(0) = RB(0) = 0 and AI(0) = 1. The total population for host populations NC = 200, NB = 100
and NT = 1000. Plot (a) shows the dynamics of infected cattle (IC) and an outbreak is predicted that
lasts for the entire period under investigation. Plot (b) shows dynamics of infected buffaloes (IB),
plot (c) shows the dynamics of infected ticks (µA), plot (d) shows the dynamics of carrier cattle (RC),
and lastly, plot (e) shows the dynamics of carrier buffaloes (RB).
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Figure 9. Comparison of the deterministic model solutions (black dashed curve) and the four sample
paths of the CTMC model illustrating an outbreak or extinction when the disease is initiated by
one infectious buffalo and a tick. The parameter values used are as given in Table 1. The initial
conditions are IC(0) = RC(0) = RB(0) = 0 and IB(0) = AI(0) = 1. The total population for host
populations NC = 200, NB = 100 and NT = 1000. Plot (a) shows the dynamics of infected cattle (IC).
Plot (b) shows dynamics of infected buffaloes (IB), plot (c) shows the dynamics of infected ticks (AI),
plot (d) shows the dynamics of carrier cattle (RC), and lastly, plot (e) shows the dynamics of carrier
buffaloes (RB).
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Figure 10. Comparison of the deterministic model solutions (black dashed curve) and the four sample
paths of the CTMC model illustrating an outbreak or extinction when the disease is initiated by one
infectious cattle, an infectious buffalo and a tick. The parameter values used are as given in Table 1.
The initial conditions are IC(0) = IB(0) = AI(0) = 1 and RC(0) = RB(0) = 0. The total population
for host populations NC = 200, NB = 100 and NT = 1000. Plot (a) shows the dynamics of infected
cattle (IC). Plot (b) shows dynamics of infected buffaloes (IB), plot (c) shows the dynamics of infected
ticks (AI), plot (d) shows the dynamics of carrier cattle (RC), and lastly, plot (e) shows the dynamics
of carrier buffaloes (RB).

In Figure 11, panels (a) and (b) show close agreement between the
deterministic and stochastic models throughout the simulation period. However, in
Figure 11d and Figure 11e, which represent carrier cattle and carrier buffaloes, respec-
tively, the two models agree during the early stages of the epidemic but begin to di-
verge after approximately 30 days. In particular, the deterministic model increasingly
deviates from the stochastic trajectories as the simulation progresses. This divergence
between the deterministic and CTMC results can be attributed to demographic stochas-
ticity and the random timing of events inherent in the CTMC framework. Because the
carrier classes are generated through probabilistic transmission and recovery processes,
stochastic fluctuations lead to variability around the average behavior predicted by the
deterministic model.
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Figure 11. Comparison of the deterministic model solutions (black dashed curve) and the four sample
paths of the CTMC model illustrating an outbreak or extinction when the disease is initiated by ten
infectious cattle, ten infectious buffaloes and ten infectious ticks. The parameter values used are as
given in Table 1. The initial conditions are IC(0) = IB(0) = AI(0) = 10 and RC(0) = RB(0) = 0.
The total population for host populations NC = 200, NB = 100 and NT = 1000. Plot (a) shows the
dynamics of infected cattle (IC). Plot (b) shows dynamics of infected buffaloes (IB), plot (c) shows
the dynamics of infected ticks (AI), plot (d) shows the dynamics of carrier cattle (RC), and lastly, plot
(e) shows the dynamics of carrier buffaloes (RB).

3.6.2. Effects of Transmission Rates on the Probability of Disease Extinction or Outbreak

In this section, we investigate the impact of variations in the transmission rates be-
tween ticks and cattle—specifically, the tick-to-cattle transmission rate (βTC) and the cattle-
to-tick transmission rate (βCT)—on the probability of disease extinction or outbreak. Our
goal is to elucidate how changes in these parameters influence the persistence and spread
of the disease within both livestock and tick populations. Understanding these dynamics is
essential for identifying threshold conditions that determine whether the disease will die
out or become endemic, thereby informing more effective control and eradication strategies.
The analysis reveals the sensitivity of disease outcomes to fluctuations in transmission
rates and highlights critical parameter ranges for successful intervention. The results of
this investigation are summarized in Tables 7 and 8, providing valuable insights into the
transmission thresholds and potential control points for managing ECF transmission.

Table 7. Probability of disease extinction (P0) estimated from 10,000 sample paths of the CTMC
model, using parameter values from Table 1 with varying initial conditions.

IC RC IB RB AI −30%(βTC(βTB) = 4.137 × 10−4) βTC(βTB) = 5.591 × 10−4 +30%(βTC(βTB) = 7.683 × 10−4)

1 0 0 0 0 0.0363 0.03300 0.0360
0 1 0 0 0 0.0368 0.03860 0.0362
0 0 1 0 0 0.0038 0.00330 0.0039
0 0 0 1 0 0.0268 0.02570 0.0231
0 0 0 0 1 0.0292 0.02100 0.0162

Our results demonstrate that decreasing transmission rates significantly enhances the
likelihood of disease extinction, whereas increasing these rates reduces the probability of
elimination. This trend can be attributed to the fundamental role of transmission dynamics
in disease persistence; specifically, lower transmission rates decrease the probability of ticks
infecting hosts, thereby reducing overall infection prevalence within host populations. This
reduction in infection prevalence diminishes the potential for sustained transmission cycles,
ultimately increasing the chances of disease extinction. These findings underscore the
importance of targeting transmission pathways in disease control strategies and provide
valuable insights into the mechanisms governing pathogen persistence and eradication.
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Table 8. Probability of disease extinction P0 calculated from the numerical approximation based
on 10,000 sample paths of the CTMC model. Parameter values are as in Table 1 with varying
initial conditions.

IC RC IB RB AI −30%(βCT(βBT) = 5.79 × 10−4) βCT(βBT) = 8.271 × 10−4 +30%(βCT(βBT) = 1.075 × 10−3)

1 0 0 0 0 0.0490 0.03300 0.0272
0 1 0 0 0 0.0493 0.03860 0.0285
0 0 1 0 0 0.0079 0.00330 0.0017
0 0 0 1 0 0.0310 0.02570 0.0178
0 0 0 0 1 0.0291 0.02100 0.0185

3.6.3. Effects of Recovery Rate of Cattle (γC) and Mortality Rate of Ticks (µA) on the
Probability of Disease Extinction or Outbreak

We investigated the impact of cattle recovery rates on tick mortality and their com-
bined effect on the probability of disease extinction or outbreak. The results, illustrated in
Figure 12, were derived using a branching process approximation to model the stochastic
dynamics of disease transmission. Across all examined parameter ranges, a consistent
pattern emerged: increasing the cattle recovery rate and tick mortality significantly de-
creases the probability of a disease outbreak. Conversely, higher values of these parameters
substantially increase the likelihood of disease eradication. These findings suggest that
interventions aimed at enhancing cattle recovery, such as effective treatment protocols,
and increasing tick mortality through targeted control measures, could serve as effective
strategies for controlling the spread of the disease and promoting its elimination. This un-
derscores the importance of integrated control approaches that focus on both host recovery
and vector mortality to mitigate disease persistence and outbreaks.

(a) (b)

(c) (d)

Figure 12. Cont.
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(e) (f)

Figure 12. The plots show the effect of varying recovery rate γC against tick mortality rate µA on the
probability of disease extinction. Plot (a) shows the probability of extinction with initial conditions
set as ((IC, RC, IB, RB, AI) = (1, 0, 0, 0, 0)). Plot (b) shows the probability of extinction with initial
conditions (IC, RC, IB, RB, AI) = (0, 1, 0, 0, 0)), plot (c) shows the probability of extinction with initial
conditions given as ((IC, RC, IB, RB, AI) = (0, 0, 1, 0, 0)), plot (d) shows the probability of extinction
with initial conditions given as ((IC, RC, IB, RB, AI) = (0, 0, 0, 1, 0)), plot (e) shows the probability of
extinction with initial conditions given as ((IC, RC, IB, RB, AI) = (0, 0, 0, 0, 1)), and plot (f) shows the
probability of extinction with initial conditions given as ((IC, RC, IB, RB, AI) = (1, 0, 1, 0, 1)).

3.6.4. Effects of Recovery Rate of Buffaloes (γB) and Mortality Rate of Ticks (µA) on the
Probability of Disease Extinction or Outbreak

In a manner similar to Figure 12, we examined the influence of buffalo recovery on
the mortality of ticks and its subsequent effect on the probability of disease extinction or
outbreak. The results of this analysis are illustrated in Figure 13. Multiple initial condi-
tions for the infectious classes were considered, and six distinct scenarios were evaluated.
Consistent with the observations in Figure 12, the analysis indicates that the probability
of an outbreak increases as the buffalo recovery rate (γB) and the natural mortality rate
of ticks (µA) decrease. Furthermore, the surface plots in Figure 13 distinguish whether an
outbreak is initiated by the host (buffalo or cattle) or by the tick vector. A comparison with
Figure 13a–e highlights this distinction: when an outbreak is initiated by a single infected
cow (Figure 13a), increasing the cattle recovery rate (γB) is particularly effective in reducing
the probability of an outbreak, especially when the tick mortality rate is low. Conversely,
when the outbreak originates from the tick vector (Figure 13e), enhancing the tick mortality
rate (µA) proves to be a more effective strategy for decreasing the likelihood of disease
emergence. These findings suggest that tailored control strategies may be necessary de-
pending on the initial source of infection, emphasizing the importance of identifying the
primary origin of outbreaks to optimize intervention efforts.

(a) (b)

Figure 13. Cont.
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(c) (d)

(e) (f)

Figure 13. The plots show the effect of varying the recovery rate of buffaloes (γB) against tick mortal-
ity rate (µA) on the probability of disease extinction. Plot (a) shows the probability of extinction under
the initial conditions ((IC, RC, IB, RB, AI) = (1, 0, 0, 0, 0)). Plot (b) shows the probability of extinction
as γB and µA vary with initial conditions ((IC, RC, IB, RB, AI) = (0, 1, 0, 0, 0)). Plot (c) shows the
probability of extinction with initial conditions ((IC, RC, IB, RB, AI) = (0, 0, 1, 0, 0)). Plot (d) shows
the probability of extinction under the initial conditions ((IC, RC, IB, RB, AI) = (0, 0, 0, 1, 0)).
Plot (e) shows the probability of extinction with initial conditions ((IC, RC, IB, RB, AI) = (0, 0, 0, 0, 1)).
Plot (f) shows the probability of extinction with initial conditions ((IC, RC, IB, RB, AI) = (1, 0, 1, 0, 1)).

3.6.5. Effects of Recruitment Rates (ΠC) and (ΠB) on the Probability of Disease Extinction
or Outbreak

We examined the influence of recruitment rates of both cattle and buffaloes on the
probability of disease extinction or outbreak. The results of this analysis are illustrated
in Figure 14. Multiple initial conditions for the infectious classes were considered, and
six distinct scenarios were evaluated. The results show that increasing recruitment of both
hosts (cattle and buffaloes) results in lowering the probability of disease extinction and
reducing recruitment of host populations increases the probability of disease extinction.
This finding has important implications for the control and long-term management of
East Coast fever in stochastic settings. Biologically, recruitment continuously introduces
new susceptible hosts into the population, thereby sustaining the host-tick transmission
cycle. Consequently, high recruitment rates enhance disease persistence, while reduced
recruitment increases the likelihood of stochastic fade-out and eventual extinction of the
disease. Overall, the findings suggest that sustainable control of East Coast fever requires
not only reducing transmission through tick control and treatment, but also managing host
population dynamics, especially the recruitment and movement of cattle and buffaloes.
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(a) (b)

(c) (d)

(e) (f)

Figure 14. The plots show the effect of varying the recruitment rate of buffaloes (ΠB) against recruit-
ment rate of cattle (ΠC) on the probability of disease extinction. Plot (a) shows the probability of
extinction under the initial conditions ((IC, RC, IB, RB, AI) = (1, 0, 0, 0, 0)). Plot (b) shows the proba-
bility of extinction as γB and µA vary with initial conditions ((IC, RC, IB, RB, AI) = (0, 1, 0, 0, 0)). Plot
(c) shows the probability of extinction with initial conditions ((IC, RC, IB, RB, AI) = (0, 0, 1, 0, 0)). Plot
(d) shows the probability of extinction under the initial conditions ((IC, RC, IB, RB, AI) = (0, 0, 0, 1, 0)).
Plot (e) shows the probability of extinction with initial conditions ((IC, RC, IB, RB, AI) = (0, 0, 0, 0, 1)).
Plot (f) shows the probability of extinction with initial conditions ((IC, RC, IB, RB, AI) = (1, 0, 1, 0, 1)).

4. Conclusions
This study investigated the transmission dynamics of East Coast fever (ECF) in cattle

and buffalo populations within a livestock-wildlife interface, employing both deterministic
differential equation models and stochastic continuous-time Markov chain (CTMC) frame-
works. Initially, we calculated the basic reproduction number, R0, within the deterministic
model and examined its relationship to key parameters, such as tick mortality rate and
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transmission coefficients. Consistent with prior research [5], our findings demonstrate that
increasing the tick mortality rate significantly diminishes the transmission potential of ECF,
highlighting its role as a critical control parameter.

Subsequently, we extended the deterministic model into a stochastic CTMC formula-
tion, which incorporates inherent uncertainties and random fluctuations in the transmission
process. This stochastic approach provides a more nuanced and realistic depiction of dis-
ease dynamics, capturing variability that deterministic models may overlook. Comparative
analysis revealed that both modeling frameworks produced similar solution patterns,
thereby validating the robustness of our deterministic analysis while emphasizing the
stochastic model’s ability to account for randomness in outbreak trajectories.

To assess disease persistence versus extinction, we utilized the next-generation matrix
approach and multitype branching process theory to compute R0 and the spectral radius
ρ(M), respectively. The deterministic model predicts that ECF will tend to die out if
R0 < 1 and may result in an outbreak if R0 > 1. Moreover, when both R0 < 1 and
ρ(M) < 1, the probability of disease extinction becomes high. Conversely, parameters
exceeding these thresholds suggest a greater likelihood of disease persistence. Compared
to previous deterministic models [5–13], our stochastic framework offers a more realistic
representation of transmission dynamics in shared grazing environments. Importantly,
it allows for exploration of how variations in host and vector populations, as well as
transmission rates, influence outbreak or extinction probabilities—factors that deterministic
models cannot adequately capture.

Our analysis further revealed that the probability of ECF outbreak or extinction is
highly sensitive to host and vector population sizes, tick feeding behavior, and the mode
of disease introduction. Specifically, increased tick feeding activity elevates transmission
rates and consequently the risk of outbreaks, whereas reduced feeding behavior diminishes
this risk. These findings are aligned with Horton and Robertson [14], who demonstrated
that vector feeding rates, host abundance, and vector density critically influence disease
persistence and outbreak potential in multi-host systems. Notably, we observed that the
introduction of a single infected cow results in a high probability of disease extinction,
whereas introductions via infected buffalo or ticks substantially lower this probability—a
pattern consistent with their findings.

Despite these insights, our framework could be further refined by incorporating sea-
sonal effects. Prior research indicates that climatic factors such as rainfall and temperature
significantly influence tick population dynamics [34]. These environmental variables affect
vector persistence and, consequently, disease transmission potential. Investigating seasonal
variations could therefore enhance understanding of how environmental fluctuations im-
pact the likelihood of ECF extinction or emergence, providing valuable information for
optimizing timing and strategies of control interventions.
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