
American Journal of Mathematical and Computer Modelling 

2026, Vol. 11, No. 2, pp. 81–97 

https://doi.org/10.11648/j.ajmcm.20261102.11  

 

 

 

Received: 19 March 2026; Accepted: 30 March 2026; Published: 24 April 2026 

 

Copyright: © The Author(s), 2026. Published by Science Publishing Group. This is an Open Access article, distributed 

under the terms of the Creative Commons Attribution 4.0 License (http://creativecommons.org/licenses/by/4.0/), which 

permits unrestricted use, distribution and reproduction in any medium, provided the original work is properly cited. 
 

Research Article 

A Mathematical Model of Helicobacter pylori Transmission 

Incorporating Antibiotic Resistance 

Vincent Kyunguti Mwanthi1, *, Stephen Karanja1, Loyford Njagi1, Mark Kimathi2 

1Department of Mathematics, Meru University of Science and Technology, Meru, Kenya 
2Department of Mathematics and Statistics, Machakos University, Machakos, Kenya 

 

Abstract 

Helicobacter pylori (H. pylori) infection remains a major public health concern, particularly in developing countries with 

inadequate sanitation. The increasing rate of antibiotic resistance complicates treatment, prolongs infections, increases household 

transmission, and raises the risk of complications like stomach ulcers, highlighting the need for improved interventions. This 

study develops and analyzes a mathematical model of H. pylori transmission that incorporates antibiotic resistance, classifying 

infectious individuals into drug-sensitive, drug-resistant, and stomach ulcer cases. Individuals with drug-sensitive infections are 

treated with first-line antibiotics, those with drug-resistant infections are treated with second-line antibiotic therapy, and patients 

infected with stomach ulcer cases undergo specialized antibiotic management. Moreover, the transition from drug-resistant to 

drug-sensitive cases occurs as treatment suppresses resistant strains, letting sensitive strains dominate. Analytical results show 

that the basic reproduction number ℜc; is the sum of two reproduction numbers ℜs and ℜr representing the contribution of the 

sensitive and resistant strains, respectively. The disease-free equilibrium is locally asymptotically stable when ℜc<1, indicating 

possible eradication under effective control measures, while the endemic equilibrium is stable when ℜc>1, implying persistent 

transmission. Sensitivity analysis identifies critical parameters that influence the persistence of H. pylori in the population. 

Numerical simulations demonstrate that improved hygiene and sanitation, together with the use of appropriate and timely 

antibiotic therapy, significantly reduce the prevalence of sensitive and resistant strains, limit stomach ulcer development, and 

lower the overall infection burden. 
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1. Introduction 

Helicobacter pylori (H. pylori) is a globally prevalent path-

ogen associated with chronic gastritis, peptic ulcer disease, 

and gastric cancer [1]. The growing emergence of antibiotic-

resistant strains, particularly resistance to clarithromycin and 

metronidazole, has become a major clinical and public health 

concern [2]. This resistance reduces the effectiveness of stand-

ard eradication regimens and contributes to persistent and re-
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current infections. Resistance mechanisms include point mu-

tations in rRNA genes, efflux pump activation, and biofilm 

formation, all of which affect bacterial fitness and transmis-

sion dynamics [5]. Understanding these dynamics is critical 

for developing effective intervention strategies and optimizing 

antibiotic use [6]. 

H. pylori is commonly transmitted from an infected indi-

vidual to a susceptible person through direct person-to-person 

contact, primarily via oral-to-oral and fecal-to-oral routes. 

This includes close interactions such as kissing, exposure to 

vomitus, oral sexual contact, and possibly breastfeeding. Ad-

ditionally, the pathogen may be spread indirectly through en-

vironmental sources, particularly through the consumption of 

contaminated food or water [8, 9]. 

Smit et al. [3] on their study on infections with H. pylori 

and challenges encountered in Africa. Highlighted that glob-

ally, Africa carries the highest burden of H. pylori infection, 

with an estimated prevalence of 70.1%, followed by South 

America (69.4%) and Western Asia (66.6%). The high preva-

lence in Africa is largely attributed to socioeconomic factors 

such as poor sanitation, overcrowding, and limited access to 

healthcare, which are common in many developing countries 

[7]. In Kenya, Smith et al. [3] highlighted that infection rates 

are higher among children (73.3%) than adults (54.8%), indi-

cating early-life acquisition and sustained transmission. These 

findings highlight the importance of implementing targeted H. 

pylori prevention and control strategies [4]. 
An increasing number of scholars have endorsed the 

“Kyoto Global Consensus Report on H. pylori Gastritis reclas-

sifying H. pylori gastritis as an infectious disease, reinforcing 

the need for systematic detection and eradication to prevent 

ulcer disease and gastric cancer [14]. The more recent and up-

to-date “Maastricht VI/Florence Consensus Report” provides 

updated international guidance, recommending treatment of 

all confirmed infections unless contraindicated and emphasiz-

ing strategies to address antibiotic resistance [11]. 

In Kenya, standard treatment combines acid suppressants, 

antibiotics, and bismuth agents [12]. However, increasing an-

tibiotic resistance has reduced eradication rates and increased 

treatment failures [8, 10]. Repeated empirical therapy and ir-

regular drug use in primary care exacerbate resistance, further 

complicating eradication. Despite recent refinements in treat-

ment strategies, cure rates have not shown substantial im-

provement [13]. 

Mathematical modeling has been increasingly applied to 

study H. pylori transmission and infection dynamics. Early 

compartmental models focused on the natural history of infec-

tion, dividing populations into susceptible, infected, and clin-

ical states, and incorporating age structure to predict preva-

lence trends and evaluate interventions such as treatment [6]. 

These models provide a foundation for incorporating drug-re-

sistant strains, allowing researchers to simulate how resistance 

impacts transmission and disease burden [25]. 

Liu et al. [7] developed a within-host model and explored 

interactions between sensitive and resistant strains under anti-

biotic therapy. They integrated immune response dynamics 

and treatment outcomes to understand persistence and eradi-

cation failure using antibiotics. 
At the population level, models incorporating resistance al-

low for the exploration of treatment effects, resistance emer-

gence, and strain competition. Malfertheiner et al. [12] did re-

search on the management of H. pylori infection and demon-

strated that an age-structured compartmental model that in-

cludes both sensitive and resistant H. pylori infections can 

project infection prevalence and resistance trends under dif-

ferent intervention strategies. Insights from antimicrobial re-

sistance modeling in other pathogens provide methodological 

guidance, emphasizing the inclusion of resistant compart-

ments, fitness costs, and treatment failure rates [6, 25]. Com-

putational and genomic studies done by [4] predict resistant 

phenotypes from sequence data, providing critical parameters 

for modeling transmission and intervention outcomes. 
Previous modeling studies have also explored alternative 

approaches. Cousins et al. [10] formulated a model on the dy-

namics of Campylobacter, considering direct and indirect 

pathways, which assumed the insect vector as a mechanical 

vector for disease transmission. Rupnow et al. [15] developed 

an SEIR compartmental model to study the dynamics of H. 

pylori infection in the United States. Their findings high-

lighted projected infection trends, although the study did not 

consider environmental-to-human pathogen transmission. 

Kirschner & Blaser [16] developed a deterministic model 

of H. pylori infection in the human stomach, focusing on 

mechanisms of bacterial persistence via an inflammation-

driven autoregulatory network. In their model, the population 

consisted of gastric epithelial cells and bacteria, and the results 

demonstrated steady-state solutions robust to biological vari-

ation. 

Malfertheiner et al. [11] reported that H. pylori infection re-

sults from complex bacterial virulence, host immune re-

sponses, and environmental factors. They noted that treatment 

combines strong acid suppressants with antibiotics and/or bis-

muth, and emphasized that rising antibiotic resistance neces-

sitates susceptibility testing, resistance monitoring, and anti-

biotic stewardship. 

Mutua et al. [9] developed a mathematical model to simu-

late H. pylori treatment and transmission and examined its im-

plications for stomach cancer dynamics. Their findings indi-

cated that increasing the treatment rate of H. pylori infections 

plays a vital role in reducing both the prevalence of the infec-

tion and the incidence of stomach cancer within the commu-

nity. However, the study did not distinguish infectious indi-

viduals into drug-sensitive and drug-resistant categories, nor 

did it account for the occurrence of stomach ulcers. In this 

study, we extend their framework by introducing compart-

ments for drug-sensitive infections, drug-resistant infections, 

and stomach ulcer cases, allowing a more comprehensive 

analysis of transmission dynamics, resistance development, 
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and intervention effectiveness. We model two antibiotic regi-

mens for the treatment of H. pylori infection: (1) first-line an-

tibiotics for individuals infected with the drug-sensitive strain, 

and (2) second-line antibiotics for individuals infected with 

the drug-resistant strain. In addition, individuals who develop 

stomach ulcers require a guided, combination-based treatment 

approach. By capturing the coexistence of sensitive and re-

sistant strains, the model explores how antibiotic strategies in-

fluence resistance emergence and overall infection dynamics, 

providing insight into controlling multidrug-resistant H. py-

lori and reducing the burden of ulcers while addressing the 

growing challenge of antimicrobial resistance. 

2. Model Formulation 

Our H. pylori model considers the human population and 

the bacterial population. The human population 𝑁(𝑡) was di-

vided into five epidemiological compartments at time, 𝑡: Sus-

ceptible individuals, S(t); Individuals infected with a drug-

sensitive strain of H. pylori, 𝐼𝑆(𝑡); Individuals infected with a 

drug-resistant strain of H. pylori, 𝐼𝑅(𝑡); Individuals infected 

with stomach ulcers, 𝑈(𝑡) and recovered individuals, 𝑅(𝑡). 

Thus, 

𝑁(𝑡) =  𝑆(𝑡) + 𝐼𝑆(𝑡) + 𝐼𝑅(𝑡) + 𝑈(𝑡) + 𝑅(𝑡)  

The bacterial concentration of H. pylori 𝐷𝐻(𝑡), in the envi-

ronment are incorporated into the model as well. The formu-

lation of this work is an extension of work carried out by Mu-

tual et al. [9]. H. pylori is acquired through direct transmission 

or indirect transmission. Human-to-human transmission is di-

rect transmission, whilst environment-to-human is indirect 

transmission. An infected individual can transmit H. pylori 

bacteria through contact with a susceptible individual, result-

ing in human-to-human. A susceptible individual can acquire 

H. pylori through ingesting the bacterial H. pylori, possibly 

through contaminated food, or water or drink to achieve envi-

ronmental –to-human transmission. The force of infection 

along the direct transmission route is given by; 

𝜆𝐻1
= 𝛽(𝐼 + 𝜂1𝐼𝑅 + 𝜂2𝑈)  

Whereas the force of infection along the indirect transmis-

sion through is given by: 

𝜆𝐻2
= (1 − 𝜀)

𝜈𝐻𝐷𝐻

 𝜅+𝐷𝐻
  

The parameter 𝛽  denotes the human-to-human transmis-

sion rate between susceptible individuals and H. pylori-in-

fected individuals. The modification parameters, 𝜂1 𝑎𝑛𝑑 𝜂2, 

account for the relative infectiousness of individuals among 

individuals in 𝐼𝑅  and 𝑈  classes, respectively. We assume 

that 𝜂1, 𝜂2 < 1 to reflect the reduced infectiousness of indi-

viduals with drug-resistant H. pylori infections and those with 

stomach ulcers compared to individuals infected with the 

drug-sensitive strain. 

The parameter νH represents the ingestion rate of H. pylori 

from H. pylori-contaminated environments with susceptible 

individuals. Parameter 𝜅 denotes the concentration of H. py-

lori in food or water along the indirect route, and ε represents 

the level of hygiene, safe water, and sanitation. The term 
𝐷𝐻

𝜅+𝐷𝐻
 

represents the probability of human consuming contaminated 

foods or water containing H. pylori bacteria. 

When susceptible are exposed to H. pylori, causing bacteria, 

they either acquire a drug-sensitive strain with probability 𝛼 

or the drug-resistant strain with a 1 − 𝛼 proportional with a 

progression rate of 𝜔. Individuals,, 𝐼𝑆(𝑡) class recover fol-

lowing first-line antibiotic treatment at a rate of 𝜃𝑆 or develop 

drug-resistance and transition to the 𝐼𝑅(𝑡) class at a rate 𝛿𝑆. 

Those in IR(t) class, may revert to IS(t) after second- line 

antibiotic treatment at a rate of 𝛿𝑅 , while treatment failure 

leads to stomach ulcer complications 𝑈(𝑡)  at rate Ω.  The 

shift from drug-resistant to drug-sensitive cases reflects a pop-

ulation-level effect in which treatment suppresses resistant 

strains, allowing sensitive strains to dominate or be detected 

clinically [28]. 

Stomach ulcer patients recover at a rate 𝜃𝑈 and move to the 

recovered class 𝑅(𝑡). Natural death, 𝜇 occurs in all human 

compartments, with additional disease-induced mortality rates 

𝜅𝑆,𝜅𝑅, and 𝜅𝑈 for the 𝐼(𝑡), 𝐼𝑅(𝑡) and 𝑈(𝑡) sub-classes, re-

spectively. 

Environmental bacterial concentration increases through 

shedding from infected individuals at rates 𝜙𝑆, 𝜙𝑅  and 

𝜙𝑈 from 𝐼𝑆(𝑡) , 𝐼𝑅(𝑡), and 𝑈(𝑡)  sub-classes, respectively, 

while bacteria die naturally at rate 𝜇𝐻. The parameter Λ rep-

resents the recruitment into susceptible, while parameter 𝜇 

represents the natural death rate. It is assumed that individuals 

mix homogeneously band that they are indistinguishable in 

each of the classes. 

2.1. Assumption of the Models 

The formulation of the new model will be guided by the 

following assumptions. 
1) All susceptible individuals have an equal probability of 

infection through direct (human-to-human) or indirect 

(environment-to-human) transmission. 

2) The birth rate and natural death rate are not equal, and 

recruitment into the susceptible class occurs through 

birth or immigration. 

3) Drug-resistant individuals recover only if they respond 

to second-line antibiotic treatment, first transitioning to 

the drug-sensitive class before moving to the recovered 

class. 

4) Drug-resistant individuals who do not respond to sec-

ond-line antibiotic treatment may die from the disease or 

develop stomach ulcers. 
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5) Recovered individuals do not acquire permanent im-

munity and can become susceptible again. 

6) Infectious individuals shed bacteria into the environment, 

increasing environmental bacterial concentration. 

Based on the variables, parameters, and assumptions, the 

schematic diagram illustrating the transmission dynamics of 

H. pylori with drug resistance is presented in Figure 1. 

2.2. Schematic Diagram 

The model formulation is summarized from by the sche-

matic diagram 1 and six state dynamical system, developed 

from the diagram. 

 
Figure 1. A schematic diagram of the dynamic transmission of H. pylori with drug resistance. 

2.3. Model Equations 

From the schematic diagram presented in Figure 1, we as-

sociate the following dynamical systems. 

𝑑𝑆

𝑑𝑡
= Λ + 𝛾𝑅(𝑡) − (𝜆𝐻 + 𝜇)𝑆(𝑡)  

𝑑𝐼𝑆

𝑑𝑡
= 𝛼𝜔𝜆𝐻𝑆(𝑡) + 𝛿𝑅𝐼𝑅(𝑡) − (𝛿𝑆 + 𝜃𝑆 + 𝜅𝑆 + 𝜇)𝐼𝑆(𝑡)  

𝑑𝐼𝑅

𝑑𝑡
= (1 − 𝛼)𝜔𝜆𝐻𝑆(𝑡) + 𝛿𝐼𝐼(𝑡) − (𝛿𝑅 + Ω + 𝜅𝑅 + 𝜇)𝐼𝑅(𝑡)  

𝑑𝑈

𝑑𝑡
= Ω𝐼𝑅(𝑡) − (𝜃𝑈 + 𝜅𝑈 + 𝜇)𝑈(𝑡)          (1) 

𝑑𝑅

𝑑𝑡
= 𝜃𝑆𝐼(𝑡) + 𝜃𝑈𝑈(𝑡) − (𝛾 + 𝜇)𝑅(𝑡)  

𝑑𝐷𝐻

𝑑𝑡
= (1 − 𝜀)(𝜙𝑆𝐼𝑆 + 𝜙𝑅𝐼𝑅 + 𝜙𝑈𝑈)(𝑡) − 𝜇𝐻𝐷𝐻(𝑡)  

With initial conditions: 

𝑆(0) = 𝑆𝑂 > 0, 𝐼𝑆(0) = 𝐼𝑆𝑂 > 0, 𝐼𝑅(0) = 𝐼𝑅𝑂
> 0,𝑈(0) = 𝑈0 > 0, 𝑅(0) = 𝑅𝑂 > 0, 𝐷𝐻(0) = 𝐷𝐻𝑂

> 0.       (2) 

To ensure readability, we make use of this notation: 𝜆𝐻 =

𝜆𝐻1
+ 𝜆𝐻2

 

3. Model Analysis 

In this section, we show that the model is well posed. To 

achieve this, we prove positivity and boundedness of solutions 

of the model (1), determine the invariant region, equilibrium 

points, reproduction numbers, and stability analysis. 

3.1. Invariant Region 

We obtain the invariant region, in which model solutions 

are bounded. To do this, first divided the model system into 

two parts; Human population 𝑅𝑁  and the concentration of 

bacteria from the environment 𝑅𝐷𝐻
 such that: 

𝑅𝑁 = {𝑆(𝑡), 𝐼𝑆(𝑡), 𝐼𝑅(𝑡), 𝑈(𝑡), 𝑅(𝑡)} ∈ 𝑅+
5  and 𝑅𝐷𝐻

= {𝐷𝐻(𝑡)} ∈ 𝑅+
1  

Total human population (𝑁) at time 𝑡, given as: 
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𝑁(𝑡) =  𝑆(𝑡) + 𝐼𝑆(𝑡) + 𝐼𝑅(𝑡) + 𝑈(𝑡) + 𝑅(𝑡)      (3) 

Differentiating equation (3) w.r.t time yields: 

𝑑𝑁

𝑑𝑡
=

𝑑𝑆

𝑑𝑡
+

𝑑𝐼𝑆

𝑑𝑡
+

𝑑𝐼𝑅

𝑑𝑡
+

𝑑𝑈

𝑑𝑡
+

𝑑𝑅

𝑑𝑡
           (4) 

In the absence of mortality due to H. pylori infection equa-

tion (4) i.e (𝜅𝑆 = 𝜅𝑅 = 𝜅𝑈 = 0) reduces to: 

𝑑𝑁

𝑑𝑡
≤ Λ − 𝜇𝑁(𝑡)                 (5) 

Integrating both sides of equation (5) yields: 

∫
𝑑𝑁

Λ−𝜇𝑁(𝑡)
≤ ∫ 𝑑𝑡

𝑡

0                  (6) 

Using the method of separation of variables of inequality 

and integrating equation (6), gives: 

1

−𝜇
𝑙𝑛{Λ − 𝑁(𝑡)} ≤ 𝑡 + 𝑐              (7) 

⇒
1

−𝜇
{Λ − 𝜇𝑁(𝑡)} ≤ 𝑒𝑡 ∗ 𝑒𝐶            (8) 

Now let 𝑒−𝜇𝐶 = 𝐴 and making 𝑁(𝑡) the subject in equa-

tion (8) becomes: 

𝑁(𝑡) ≥
Λ

𝜇
−

𝐴𝑒−𝜇𝑡

𝜇
                 (9) 

Where 𝐴 is a constant. By applying the initial condition at 

𝑡 = 0 and 𝑁(0) = 𝑁𝑂 in equation (9) and re-arranging gives: 

𝑁(𝑡) ≤
Λ

𝜇
− [

Λ−𝜇𝑁𝑂

𝜇
] 𝑒−𝜇𝑡            (10) 

As 𝑡 → ∞, in equation (10) the human population size be-

comes 𝑁 →
Λ

𝜇,
 which implies that that 0 ≤ 𝑁 ≤

Λ

𝜇
. 

Therefore, the human population is bounded in the domain. 

𝑅𝑁 = {𝑆, 𝐼𝑆, 𝐼𝑅 , 𝑈, 𝑅} ∈ 𝑅+
5 : 0 ≤ 𝑁 ≤

Λ

𝜇
 

Consider the bacteria concentration population at time 𝑡. 

Using the last equation of the model (1) and rearranging gives: 

𝑑𝐷𝐻

𝑑𝑡
+ 𝜇𝐻𝐷𝐻(𝑡) ≤ 𝑀(𝑡)            (11) 

Where 𝑀(𝑡) = (1 − 𝜀)(𝜙𝑆𝐼𝑆 + 𝜙𝑅𝐼𝑅 + 𝜙𝑈𝑈)(𝑡)  is the 

bacterial recruitment rate in the environment. Now integrating 

(11) and rearranging yields:  

𝐷𝐻(𝑡) =
𝑀(𝑡)

𝜇𝐻
− ∫

𝑀′(𝑡)

𝜇𝐻
𝑑𝑡 +

∫𝑢𝑑𝑣−𝐶

𝑒𝜇𝐻𝑡          (12) 

As 𝑡 → ∞, in equation (12), the bacterial population size in 

environment 𝐷𝐻 →
𝑀

𝜇𝐻
, which implies that: 0 ≤ 𝐷𝐻 ≤

𝑀

𝜇𝐻
. 

Hence 𝑅𝐻 = {𝐷𝐻 ∈ 𝑅+
1 }: 0 ≤ 𝐷𝐻 ≤

𝑀

𝜇𝐻
.  Therefore, the 

whole model is bounded as: 

ℚ = {𝑆, 𝐼𝑆 , 𝐼𝑅 , 𝑈, 𝑅, 𝐷𝐻 ≥ 0: 𝑁 ≤
Λ

𝜇
;  𝐷𝐻 ≤

𝑀

𝜇𝐻
}  

Therefore, the basic model is well posed epidemiologically 

and mathematically. Hence, it is sufficient to study the dynam-

ics of the basic model in ℚ. 

3.2. Positivity of the Solutions 

The model system (1) describes the dynamics of the human 

and bacterial population. We assume that the initial condition 

of the model are non-negative and its solutions must remain 

positive for all 𝑡 > 0, as demonstrated in Theorem 1. 

Theorem 1: The feasible region defined as ℚ =

{𝑆(𝑡), 𝐼𝑆(𝑡), 𝐼𝑅(𝑡), 𝑈(𝑡), 𝑅(𝑡), 𝐷𝐻(𝑡)} ∈ 𝑅+
6  with initial con-

ditions 𝑆(0) ≥ 0, 𝐼(0) ≥ 0,≥ 0, 𝐼𝑅(0) ≥ 0, 𝑈(0) ≥

0, 𝑅(0) ≥ 0, 𝐷𝐻(0) then the solutions of {𝑆, 𝐼𝑆 , 𝐼𝑅 , 𝑈, 𝑅, 𝐷𝐻} 

are positive for 𝑡 ≥ 0. 

Proof: From the system of differential equations (1), let us 

take the first equation: 

𝑑𝑆

𝑑𝑡
= Λ + 𝛾𝑅(𝑡) − (𝜆𝐻 + 𝜇)𝑆(𝑡)          (13) 

By the comparison theorem, equation (13) can be rewritten 

as: 

𝑑𝑆

𝑑𝑡
≥ −(𝜆𝐻 + 𝜇)𝑆(𝑡)               (14) 

Separating variables and integrating from 0 to 𝑡 yields:  

∴ 𝑆(𝑡) ≥ 𝑆(0)𝑒−(𝜆𝐻+𝜇)𝑡 ≥ 0            (15) 

Equation (15) proves that the solution of equation (13) re-

mains positive, provided that 𝑆(0) ≥ 0. 

Similarly, it can be shown that the solutions for the other 

model equation in system (1) are also non-negative. Thus, the 

solution set; 

{𝑆(𝑡), 𝐼𝑆(𝑡), 𝐼𝑅(𝑡), 𝑈(𝑡), 𝑅(𝑡), 𝐷𝐻(𝑡)} ≥ 0∀ t >  0   (16) 

This completes the proof of the theorem. Therefore, the so-

lution of the model is positive. 

3.3. Disease-Free Equilibrium Point (DFE) 

To determine the disease-free equilibrium point (DFE) we 

equated the right-hand side of model (1) to zero, evaluated at 

𝐼𝑆 = 𝐼𝑅 = 𝑈 = 𝑅 = 𝐷𝐻 = 0,  and solving for the noninfec-

tious state variable [5]. 

Therefore, the disease-free equilibrium  𝐵𝑂 =

(
Λ

𝜇
, 0,0,0,0,0). 
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3.4. Control Reproduction Number 

The control reproduction number is defined as the expected 

number of secondary infections produced by a single infected 

individual over their entire infectious period in a population 

that is not entirely susceptible due to control measures [18]. 

The Next-Generation Matrix method, as described by [19], is 

used to compute the control reproduction number, which is 

determined as the spectral radius of the matrix. The model 

equations are rewritten starting with newly infective classes: 

𝑑𝐼𝑆

𝑑𝑡
= 𝛼𝜔𝜆𝐻𝑆(𝑡) + 𝛿𝑅𝐼𝑅(𝑡) − (𝛿𝑆 + 𝜃𝑆 + 𝜅𝑆 + 𝜇)𝐼𝑆(𝑡)  

𝑑𝐼𝑅

𝑑𝑡
= (1 − 𝛼)𝜔𝜆𝐻𝑆(𝑡) + 𝛿𝑆𝐼𝑆(𝑡) − (𝛿𝑅 + Ω + 𝜅𝑅 + 𝜇)𝐼𝑅(𝑡)  

𝑑𝑈

𝑑𝑡
= Ω𝐼𝑅(𝑡) − (𝜃𝑈 + 𝜅𝑈 + 𝜇)𝑈(𝑡)       (17) 

 
𝑑𝐷𝐻

𝑑𝑡
= (1 − 𝜀)(𝜙𝑆𝐼𝑆 + 𝜙𝑅𝐼𝑅 + 𝜙𝑈𝑈)(𝑡) − 𝜇𝐻𝐷𝐻(𝑡)  

Then, by the principle of the next-generation matrix, we ob-

tained 

𝑓 = [

𝛼𝜔𝜆𝐻𝑆
(1 − 𝛼)𝜔𝜆𝐻𝑆

0
0

],              (18) 

𝑣 =

[
 
 
 

−𝛿𝑅𝐼𝑅 + (𝛿𝑆 + 𝜃𝑆 + 𝜅𝑆 + 𝜇)𝐼𝑆
−𝛿𝑆𝐼𝑆 + (𝛿𝑅 + Ω + 𝜅𝑅 + 𝜇)𝐼𝑅

−Ω𝐼𝑅 + (𝜃𝑈 + 𝜅𝑈 + 𝜇)𝑈
(1 − 𝜀)(𝜙𝑆𝐼𝑆 + 𝜙𝑅𝐼𝑅 + 𝜙𝑈𝑈) − 𝜇𝐻𝐷𝐻]

 
 
 

,  

The Jacobian matrices of 𝑓 and 𝑣 evaluated at DFE are 

given by 𝐹 and 𝑉, respectively, such that; 

𝐹 =

[
 
 
 
 𝛼𝜔𝛽𝑆0 𝛼𝜔𝛽𝜂1𝑆

0 𝛼𝜔𝛽𝜂2𝑆
0 𝛼𝜔𝑆0(1−𝜀)𝜈𝐻

𝜅

(1 − 𝛼)𝜔𝛽𝑆0 (1 − 𝛼)𝜔𝛽𝜂1𝑆
0 (1 − 𝛼)𝛼𝜔𝛽𝜂2𝑆

0 (1−𝛼)𝜔𝑆0(1−𝜀)𝜈𝐻

𝜅

0 0 0 0
0 0 0 0 ]

 
 
 
 

,                   (19) 

𝑉 = [

𝑡1 −𝛿𝑅 0 0
−𝛿𝑆 𝑡2 0 0
0 −Ω 𝑡3 0

−(1 − 𝜀)𝜙𝑆 −(1 − 𝜀)𝜙𝑅 −(1 − 𝜀)𝜙𝑈 𝜇𝐻

],  

Where 𝑡1 = 𝛿𝑆 + 𝜃𝑆 + 𝜅𝑆 + 𝜇, 𝑡2 = 𝛿𝑅 + Ω + 𝜅𝑅 + 𝜇, 𝑡3 = 𝜃𝑈 + 𝜅𝑈 + 𝜇 

The inverse of 𝑉 is evaluated and given by: 

𝑉−1 =

[
 
 
 
 
 
 

𝑡2

Δ

𝛿𝑅

Δ
0 0

𝛿𝑆

Δ

𝑡1

Δ
0 0

Ω𝛿𝑆

Δ𝑡3

Ω𝑡𝐼

Δ𝑡3

1

𝑡3
0

(1−𝜀)

Δ𝜇𝐻
(𝜙𝑆𝑡2 + 𝜙𝑅𝛿𝑆 + 𝜙𝑈

Ω𝛿𝑆

𝑡3
)

(1−𝜀)

Δ𝜇𝐻
(𝜙𝑆𝛿𝑅 + 𝜙𝑅𝑡1 + 𝜙𝑈

Ω𝑡1

𝑡3
)

(1−𝜀)𝜙𝑈

𝑡3𝜇𝐻

1

𝜇𝐻]
 
 
 
 
 
 

                (20) 

Where Δ = 𝑡2𝑡1 − 𝛿𝑆𝛿𝑅 

Then, 

𝐹𝑉−1 =

[
 
 
 
 
 𝛼𝜔𝑆0𝑦1 𝛼𝜔𝑆0𝑦2 𝛼𝑆0𝑦3

𝛼𝜔𝑆0(1−𝜀)𝜈𝐻

𝜇𝐻𝜅

(1 − 𝛼)𝜔𝑆0𝑦1 (1 − 𝛼)𝜔𝑆0𝑦2 (1 − 𝛼)𝜔𝛼𝑆0𝑦3
(1−𝛼)𝜔𝑆0(1−𝜀)𝜈𝐻

𝜇𝐻𝜅

0 0 0 0
0 0 0 0 ]

 
 
 
 
 

                  (21) 

Where; 

𝑦1 =
𝛽𝑡2

Δ
+

𝛽𝜂1𝛿𝑆

Δ
+

𝛽𝜂2Ω𝛿𝑆

Δ𝑡3
+

(1−𝜀)𝜈𝐻

𝜅
.
(1−𝜀)

Δ𝜇𝐻
(𝜙𝑆𝑡2 + 𝜙𝑅𝛿𝑆 + 𝜙𝑈

Ω𝛿𝑆

𝑡3
)  

𝑦2 =
𝛽𝛿𝑅

Δ
+

𝛽𝜂1𝑡1

Δ
+

𝛽𝜂2Ω𝑡1

Δ𝑡3
+

(1−𝜀)𝜈𝐻

𝜅
.
(1−𝜀)

Δ𝜇𝐻
(𝜙𝑆𝛿𝑅 + 𝜙𝑅𝑡1 + 𝜙𝑈

Ω𝑡1

𝑡3
)  
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𝑦3 =
𝛽𝜂2

𝑡3
+

(1−𝜀)𝜈𝐻

𝜅
.
(1−𝜀)𝜙𝑈

𝑡3𝜇𝐻
  

The characteristic equation of 𝐹𝑉−1 is obtained as; 

𝜆4 − 𝜆3𝑆0(𝛼𝜔𝑦1 + (1 − 𝛼𝜔)𝑦2) = 0     (22) 

The eigenvalues of 𝐹𝑉−1 are: 

𝜆1 = 𝜆2 = 𝜆3 = 0,              (23) 

𝜆4 = 𝑆0𝜔(𝛼𝑦1 + (1 − 𝛼)𝑦2),  

The dominant eigenvalue of 𝐹𝑉−1 is 𝜆4. 

The dominant eigenvalue, corresponding to the spectral ra-

dius 𝜌(𝐹𝑉−1), gives the control reproduction number [17], 

ℜ𝑐 , after substituting back 𝑦1, 𝑦2, 𝑆
0, 𝑡1, 𝑡2,  and Δ in equa-

tion (24) yields: 

ℜ𝑐 =
Λω

𝜇[(𝛿𝑆+𝜃𝑆+𝜅𝑆+𝜇)(𝛿𝑅+Ω+𝜅𝑅+𝜇 )−𝛿𝑆𝛿𝑅]
 {𝛼 [𝛽(𝛿𝑅 + Ω + 𝜅𝑅 + 𝜇) + 𝛽𝜂1𝛿𝑆 +

𝛽𝜂2Ω𝛿𝑆

(𝜃𝑈+𝜅𝑈+𝜇)
+

(1−𝜀)2𝜈𝐻

𝜅𝜇𝐻
(𝜙𝑆𝑡2 + 𝜙𝑅𝛿𝑆 +

𝜙𝑈
Ω𝛿𝑆

(𝜃𝑈+𝜅𝑈+𝜇)
)] + (1 − 𝛼) [𝛽𝛿𝑅 + 𝛽𝜂1(𝛿𝑆 + 𝜃𝑆 + 𝜅𝑆 + 𝜇 ) +

𝛽𝜂2Ω(𝛿𝑆+𝜃𝑆+𝜅𝑆+𝜇,)

(𝜃𝑈+𝜅𝑈+𝜇)
+

(1−𝜀)2𝜈𝐻

𝜅𝜇𝐻
(𝜙𝑆𝛿𝑅 + 𝜙𝑅(𝛿𝑆 + 𝜃𝑆 + 𝜅𝑆 + 𝜇) +

𝜙𝑈
Ω(𝛿𝑆+𝜃𝑆+𝜅𝑆+𝜇)

(𝜃𝑈+𝜅𝑈+𝜇)
)]} (24) 

Therefore, the control reproduction number (ℜ𝑐)for the H. Pylori system is expressed as: 

ℜ𝑐
∗ = ℜ𝑜𝑆 + ℜ𝑅𝑜                                           (25) 

Thus, (ℜ𝑜𝑆) is the contribution of the drug-sensitive strain, given as; 

ℜ𝑆 =
𝛼𝜔Λ

𝜇[(𝛿𝑆+𝜃𝑆+𝜅𝑆+𝜇)(𝛿𝑅+Ω+𝜅𝑅+𝜇 )−𝛿𝑆𝛿𝑅]
{𝛽 [𝛿𝑅 + Ω + 𝜅𝑅 + 𝜇 + 𝜂1𝛿𝑆 +

𝜂2Ω𝛿𝑆

(𝜃𝑈+𝜅𝑈+𝜇)
] +

(1−𝜀)2𝜈𝐻

𝜅𝜇𝐻
(𝜙𝑆𝑡2 + 𝜙𝑅𝛿𝑆 + 𝜙𝑈

Ω𝛿𝑆

(𝜃𝑈+𝜅𝑈+𝜇)
)} (26) 

Likewise, (ℜ𝑅𝑜) is the contribution of the drug-resistant strain is given as: 

ℜ𝑅 =
(1−𝛼)𝜔Λ

𝜇[(𝛿𝑆+𝜃𝑆+𝜅𝑆+𝜇)(𝛿𝑅+Ω+𝜅𝑅+𝜇 )−𝛿𝑆𝛿𝑅]
{𝛽 [𝛿𝑅 + 𝜂1(𝛿𝑆 + 𝜃𝑆 + 𝜅𝑆 + 𝜇 ) +

𝜂2Ω(𝛿𝑆+𝜃𝑆+𝜅𝑆+𝜇,)

(𝜃𝑈+𝜅𝑈+𝜇)
] +

(1−𝜀)2𝜈𝐻

𝜅𝜇𝐻
(𝜙𝑆𝛿𝑅 +

𝜙𝑅(𝛿𝑆 + 𝜃𝑆 + 𝜅𝑆 + 𝜇) + 𝜙𝑈
Ω(𝛿𝑆+𝜃𝑆+𝜅𝑆+𝜇)

(𝜃𝑈+𝜅𝑈+𝜇)
)}                                 (27) 

3.5. Local Stability of Disease-Free Equilibrium 

The local stability of the disease-free equilibrium is a criti-

cal aspect of analyzing the dynamics of infectious diseases 

within a population. This stability analysis helps determine 

whether small perturbations around the disease-free state 

cause the system to return to equilibrium or diverge towards 

disease prevalence [23]. The following theorem illustrates the 

stability of the disease-free equilibrium point: 

Theorem 2. The disease-free equilibrium point is locally as-

ymptotically stable if ℜ0 < 1 and unstable if ℜ0 > 1. 

Proof. To prove local stability of the disease-free equilib-

rium, we obtained the Jacobian matrix of the system (1) at the 

disease-free equilibrium 𝐸𝑂: 

𝐽(𝐸𝑂) =

[
 
 
 
 
 
 
 
 −𝜇 −

Λ𝛽

𝜇
−

Λ𝛽𝜂1

𝜇
−

Λ𝛽𝜂2

𝜇
𝛾 −

Λ(1−𝜀)𝜈𝐻

𝜅𝜇

0
Λα𝛽𝜔

𝜇
− 𝑘1

Λα𝛽𝜂1𝜔

𝜇
+ 𝛿𝑅

Λα𝛽𝜂2𝜔

𝜇
0

Λαω(1−𝜀)𝜈𝐻

𝜅𝜇

0 −
Λ𝛽𝜔(1−𝛼)

𝜇
+ 𝛿𝑆 −

Λ𝛽𝜂1𝜔(1−𝛼)

𝜇
− 𝑘2

Λ𝛽𝜂2𝜔(1−𝛼)

𝜇
0 −

Λω(1−𝛼)(1−𝜀)𝜈𝐻

𝜅𝜇

0 0 Ω −𝑘3 0 0
0 𝜃𝑆 0 𝜙𝑈 −𝑘4 0

0 (1 − 𝜀)𝜙𝑆 (1 − 𝜀)𝜙𝑅 (1 − 𝜀)𝜙𝑈 0 −𝜇𝐻 ]
 
 
 
 
 
 
 
 

                (28) 

Where 𝑘1 = 𝛿𝑠 + 𝜃𝑆 + 𝜅𝑠 + 𝜇 , 𝑘2 = 𝛿𝑅 + Ω + 𝜅𝑅 +

𝜇 𝑘3 = 𝜃𝑈 + 𝜅𝑈 + 𝜇 and 𝑘4 = 𝛾 + 𝜇 

From the Jacobian matrix of (28), we obtained a character-

istic polynomial. 

𝜆2 + (𝜇 + 𝑘4)𝜆 + 𝜇𝑘4 = 0             (29) 

By Routh –Hurwitz criteria equation (29) has strictly nega-

tive roots, some of which are: 𝜆 = −𝜇 and 𝜆 = −𝑘4 

http://www.sciencepg.com/journal/ajmcm


American Journal of Mathematical and Computer Modelling http://www.sciencepg.com/journal/ajmcm 

 

88 

The remaining part of the characteristic polynomial in equa-

tion (28) is: 

𝜆4 + 𝑎1𝜆
3 + 𝑎2𝜆

2 + 𝑎3𝜆 + 𝑎4 = 0         (30) 

Where 𝑎1, 𝑎2, 𝑎3 and 𝑎4 are determined as follows: 

𝑎1 = 𝑘1 + 𝑘2 + 𝑘3 + 𝜇𝐻 −
Λα𝛽𝜔

𝜇
+

Λ𝛽𝜂1𝜔(1−𝛼)

𝜇
  

𝑎2 = 𝑘1𝑘2 + 𝑘1𝑘3 + 𝑘2𝑘3 + 𝜇𝐻(𝑘1 + 𝑘2 + 𝑘3) + 𝑘3𝜇𝐻 −
Λα𝛽𝜔

𝜇
(𝑘2 + 𝑘3 + 𝜇𝐻)  +

Λ𝛽𝜂1𝜔(1−𝛼)

𝜇
(𝑘1 + 𝑘3 + 𝜇𝐻) − 𝛿𝑅𝛿𝑆 −

Ω(1 − 𝜀)𝜙𝑅  

𝑎3 = 𝑘1𝑘2𝑘3 + 𝜇𝐻(𝑘1𝑘2 + 𝑘1𝑘3 + 𝑘2𝑘3) −
Λα𝛽𝜔

𝜇
(𝑘2𝑘3 + 𝑘3𝜇𝐻) +

Λ𝛽𝜂1𝜔(1−𝛼)

𝜇
(𝑘1𝑘3 + 𝑘3𝜇𝐻) − 𝛿𝑅𝛿𝑆(𝑘3 + 𝜇𝐻) −

Ω(1 − 𝜀)(𝜙𝑅𝑘1 + 𝜙𝑈Ω)  

𝑎4 = 𝑘3𝑘2𝑘1𝜅𝜇𝐻 − 𝑘3𝛿𝑆𝛿𝑅𝜅𝜇𝐻 +
Λ

𝜇
𝜔𝛼𝛽𝑘3𝑘2𝜅𝜇𝐻 +

Λ

𝜇
𝜔𝛼𝛽𝜂1𝛿𝑆𝑘3𝜅𝜇𝐻 +

Λ

𝜇
𝜔𝛼𝛽𝜂2Ω𝛿𝑆𝜅𝜇𝐻 + (1 − 𝛼)

Λ

𝜇
𝜔𝛽𝛿𝑅𝑘3𝜅𝜇𝐻 +

(1 − 𝛼)
Λ

𝜇
𝜔𝛽𝜂1𝑘1𝑘3𝜅𝜇𝐻 +

Λ

𝜇
𝜔(1 − 𝛼)𝛽𝜂2Ω𝑘1𝜅𝜇𝐻 +

Λ

𝜇
𝜔𝛼(1 − 𝜀)2𝜈𝐻𝑘3 (𝜙𝑆𝑘2 + 𝜙𝑅𝛿𝑆 + 𝜙𝑈

Ω𝛿𝑆

𝑡3
) +

Λ

𝜇
𝜔(1 − 𝛼)(1 −

𝜀)2𝜈𝐻𝑘3 (𝜙𝑆𝛿𝑅 + 𝜙𝑅𝑘1 + 𝜙𝑈.
Ω𝑘1

𝑘3
)  

We applied the Routh–Hurwitz criteria. By the principle of 

Routh-Hurwitz criteria equation (30) has strictly negative real 

roots if and only if 𝑎1 > 0, 𝑎2 > 0, 𝑎3 > 0 and 𝑎4 > 0, 

By the Routh-Hurwitz criteria, 

𝑎1 > 0 Means that, 

𝑘1 + 𝑘2 + 𝑘3 + 𝜇𝐻 > −
Λα𝛽𝜔

𝜇
(α − (1 − 𝛼))  

Also 𝑎2 > 0, mean that, 

𝑘1𝑘2 + 𝑘1𝑘3 + 𝑘2𝑘3 + 𝜇𝐻(𝑘1 + 𝑘2 + 𝑘3) + 𝑘3𝜇𝐻 >
Λ𝛽𝜔

𝜇
[α(𝑘2 + 𝑘3 + 𝜇𝐻) − (1 − 𝛼)𝜂1(𝑘1 + 𝑘3 + 𝜇𝐻)] + 𝛿𝑅𝛿𝑆 +

Ω(1 − 𝜀)𝜙𝑅  

Also 𝑎3 > 0, mean that, 

𝑘1𝑘2𝑘3 + 𝜇𝐻(𝑘1𝑘2 + 𝑘1𝑘3 + 𝑘2𝑘3) >
Λα𝛽𝜔

𝜇
[α(𝑘2 + 𝜇𝐻) − (1 − 𝛼)𝜂1(𝑘1 + 𝜇𝐻)] + Ω(1 − 𝜀)(𝜙𝑅𝑘1 + 𝜙𝑈Ω)  

Also 𝑎4 > 0, which means that, 

On rearranging 𝑎4 yields: 

𝑘3𝜅𝜇𝐻(𝑘2𝑘1 − 𝛿𝑆𝛿𝑅) >
Λ𝜔

𝜇
{𝛼 (𝛽𝑘3𝑘2𝜅𝜇𝐻 + 𝛽𝜂1𝛿𝑆𝑘3𝜅𝜇𝐻 + 𝛽𝜂2Ω𝛿𝑆𝜅𝜇𝐻 + (1 − 𝜀)2𝜈𝐻𝑘3 (𝜙𝑆𝑘2 + 𝜙𝑅𝛿𝑆 + 𝜙𝑈

Ω𝛿𝑆

𝑘3
)) +

(1 − 𝛼)(𝛽𝛿𝑅𝑘3𝜅𝜇𝐻 + 𝛽𝜂1𝑘1𝑘3𝜅𝜇𝐻 + 𝛽𝜂2Ω𝑘1𝜅𝜇𝐻 + (1 − 𝜀)2𝜈𝐻𝑘3 (𝜙𝑆𝛿𝑅 + 𝜙𝑅𝑘1 + 𝜙𝑈.
Ω𝑘1

𝑘3
))} (31) 

On rearranging, the expression of equation (31) yields: 

Λ𝜔

𝜇(𝑘2𝑘1−𝛿𝑆𝛿𝑅)
{𝛼 (𝛽𝑘2 + 𝛽𝜂1𝛿𝑆 +

𝛽𝜂2Ω𝛿𝑆

𝑘3
+

(1−𝜀)2𝜈𝐻

𝜅𝜇𝐻
(𝜙𝑆𝑘2 + 𝜙𝑅𝛿𝑆 + 𝜙𝑈

Ω𝛿𝑆

𝑡3
)) + (1 − 𝛼) (𝛽𝛿𝑅 + 𝛽𝜂1𝑘1 +

𝛽𝜂2Ω𝑘1

𝑘3
+

(1−𝜀)2𝜈𝐻

𝜅𝜇𝐻
(𝜙𝑆𝛿𝑅 + 𝜙𝑅𝑘1 + 𝜙𝑈.

Ω𝑘1

𝑘3
))} < 1                                   (32) 

However, the left-hand side of equation (32) defines the 

control reproduction number: 

⇒ ℜ𝑐 < 1                      (33) 

Thus, the disease-free equilibrium is locally asymptotically 

stable if and only if ℜ𝑐 < 1. 

From equation (33), the disease-free equilibrium is locally 

asymptotically stable if ℜ𝑐 < 1. This implies that each infec-

tious individual infects, on average, less than one susceptible 

individual during the infectious period, leading to the eventual 

elimination of the disease. 
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3.6. The Endemic Equilibrium 

The steady state at which H. pylori infection persists within 

the community is referred to as the endemic equilibrium of 

system (1). At this equilibrium, the rate of change of the pop-

ulation in each class is zero. Hence, the model system (1) can 

be represented as: 

0 = Λ + 𝛾𝑅∗ − (𝜆𝐻1
+ 𝜆𝐻2

+ 𝜇)𝑆∗  

0 = 𝛼𝜔(𝜆𝐻1
+ 𝜆𝐻2

)𝑆∗ + 𝛿𝑅𝐼𝑅
∗ − (𝛿𝑆 + 𝜃𝑆 + 𝜅𝑆 + 𝜇)𝐼𝑆

∗  

0 = (1 − 𝛼)𝜔(𝜆𝐻1
+ 𝜆𝐻2

)𝑆∗ + 𝛿𝑆𝐼𝑆
∗ − (𝛿𝑅 + Ω + 𝜅𝑅 + 𝜇)𝐼𝑅

∗   

0 = Ω𝐼𝑅
∗ − (𝜃𝑈 + 𝜅𝑈 + 𝜇)𝑈∗          (34) 

0 = 𝜃𝑆𝐼𝑆
∗ + 𝜃𝑈𝑈∗ − (𝛾 + 𝜇)𝑅∗  

0 = (1 − 𝜀)(𝜙𝑆𝐼𝑆
∗ + 𝜙𝑅𝐼𝑅

∗ + 𝜙𝑈𝑈∗) − 𝜇𝐻𝐷𝐻
∗   

Now the steady state expressed  𝑆∗, 𝐼𝑆
∗, 𝐼𝑅

∗ , 𝑈∗ , 𝑅∗  and 

𝐷𝐻
∗ from equation (34) to get: 

The endemic steady-state solution for system is given by:  

𝐵∗ = (𝑆∗, 𝐼𝑆
∗, 𝐼𝑅

∗ , 𝑈∗, 𝑅∗, 𝐷𝐻
∗ )              (35) 

where 

𝑆∗ =
Λ+

𝛾

𝛾+𝜇
(𝜃𝑆𝐼𝑆

∗+𝜃𝑈𝑈∗)

𝜆𝐻1+𝜆𝐻2+𝜇
, 𝐼𝑆

∗ =
𝛼𝜔(𝜆𝐻1+𝜆𝐻2)𝑆∗+𝛿𝑅𝐼𝑅

∗

𝑘1
, 𝐼𝑅

∗ =

(1−𝛼)𝜔(𝜆𝐻1+𝜆𝐻2)𝑆∗+𝛿𝑠𝐼𝑠
∗

𝑘3
, 

𝑈∗ =
Ω𝐼𝑅

∗

𝑘4
, 𝑅∗ =

𝜃𝑠𝐼𝑠
∗+𝜃𝑈𝑈∗

𝑘5
, 𝐷𝐻

∗ =
(1−𝜀)(𝜙𝑆𝐼𝑆

∗+𝜙𝑅𝐼𝑅
∗ +𝜙𝑈𝑈∗)

𝜇𝐻
 

Where 𝑘1 = 𝜇 + 𝜔 ,  𝑘2 = 𝛿𝑠 + 𝜃𝑠 + 𝑘𝑠 + 𝜇 ,  𝑘3 = 𝛿𝑅 +

Ω + 𝑘𝑅 + 𝜇, 𝑘4 = 𝜃𝑈 + 𝑘𝑈 + 𝜇 and 𝑘5 = 𝛾 + 𝜇 

3.7. Global Stability of the Endemic 

Equilibrium 

In epidemiological modeling, the global stability of an en-

demic equilibrium implies that the disease will persist at a 

constant level over time, regardless of the initial state of the 

population, provided the initial conditions lie within a realistic 

and meaningful range [26]. This concept is crucial for under-

standing the long-term dynamics of disease transmission and 

for designing effective public health strategies. To prove the 

global asymptotic stability of the endemic equilibrium, the 

method of Lyapunov functions is employed. A logarithmic 

Lyapunov function used for this purpose is defined as follows: 

𝐿(𝑆, 𝐼𝑆 , 𝐼𝑅 , 𝑈, 𝑅, 𝐷𝐻) = (𝑆 − 𝑆∗ + 𝑆∗𝑙𝑛
𝑆∗

𝑆
) + (𝐼𝑆 − 𝐼𝑆

∗ + 𝐼𝑆
∗𝑙𝑛

𝐼𝑆
∗

𝐼𝑆
) + (𝐼𝑅 − 𝐼𝑅

∗ + 𝐼𝑅
∗ 𝑙𝑛

𝐼𝑅
∗

𝐼𝑅
) + (𝑈 − 𝑈∗ + 𝑈∗𝑙𝑛

𝑈∗

𝑈
) +

(𝑅 − 𝑅∗ + 𝑅∗𝑙𝑛
𝑅∗

𝑅
) + (𝐷𝐻 − 𝐷𝐻

∗ + 𝐷𝐻
∗ 𝑙𝑛

𝐷𝐻
∗

𝐷𝐻
)                                  (36) 

The derivative of 𝐿 along the solution trajectories of system (1) is given by: 

𝑑𝐿

𝑑𝑡
= (

𝑆−𝑆∗

𝑆
)

𝑑𝑆

𝑑𝑡
+ (

𝐼𝑆−𝐼𝑆
∗

𝐼𝑆
)

𝑑𝐼𝑆

𝑑𝑡
+ (

𝐼𝑅−𝐼𝑅
∗

𝐼𝑅
)

𝑑𝐼𝑅

𝑑𝑡
+ (

𝑈−𝑈∗

𝑈
)

𝑑𝑈

𝑑𝑡
+ (

𝑅−𝑅∗

𝑅
)

𝑑𝑅

𝑑𝑡
+ (

𝐷𝐻−𝐷𝐻
∗

𝐷𝐻
)

𝑑𝐷𝐻

𝑑𝑡
                    (37) 

Substituting the expressions for 
𝑑𝑆

 𝑑𝑡
,
𝑑𝐼𝑆

𝑑𝑡
,
𝑑𝐼𝑅

𝑑𝑡
,
𝑑𝑈

𝑑𝑡
,
𝑑𝑅

𝑑𝑡
,
𝑑𝐷𝐻

𝑑𝑡
 from model system (1) into equation (38) and simplifying yields: 

𝑑𝐿

𝑑𝑡
= 𝑄 − 𝐾                                                   (38) 

Where  

𝑄 = Λ + 𝛾𝑅 +
𝛾𝑅∗𝑆∗

𝑆
+ 𝛼𝜔(𝜆𝐻1

+ 𝜆𝐻2
)𝑆 +

𝛼𝜔(𝜆𝐻1+𝜆𝐻2)𝑆∗𝐼𝑆
∗

𝐼𝑆
+ 𝛿𝑅𝐼𝑅 +

𝛿𝑅𝐼𝑅
∗ 𝐼𝑆

∗

𝐼𝑆
+(1 − 𝛼)𝜔(𝜆𝐻1

+ 𝜆𝐻2
)𝑆+

(1−𝛼)𝜔(𝜆𝐻1
+𝜆𝐻2

)𝑆∗𝐼𝑅
∗

𝐼𝑅
  

+𝛿𝑆𝐼𝑆 +
𝛿𝑆𝐼𝑆

∗𝐼𝑅
∗

𝐼𝑅
+ Ω𝐼𝑅 +

Ω𝐼𝑅
∗ 𝑈∗

𝑈
+𝜃𝑆𝐼𝑆 + 𝜃𝑈𝑈 +

𝜃𝑆𝐼𝑆
∗𝑅∗

𝑅
+

𝜃𝑈𝑈∗𝑅∗

𝑅
+ (1 − 𝜀)(𝜙𝑆𝐼𝑆 + 𝜙𝑅𝐼𝑅 + 𝜙𝑈𝑈) +

(1−𝜀)(𝜙𝑆𝐼𝑆
∗+𝜙𝑅𝐼𝑅

∗+𝜙𝑈𝑈∗)𝐷𝐻
∗

𝐷𝐻
 

𝐾 =
Λ𝑆∗

𝑆
+ 𝛾𝑅∗ + 𝛼𝜔(𝜆𝐻1

+ 𝜆𝐻2
)𝑆∗ +

𝛼𝜔(𝜆𝐻1+𝜆𝐻2)𝑆𝐼𝑆
∗

𝐼𝑆
+ 𝛿𝑅𝐼𝑅

∗ +
𝛿𝑅𝐼𝑅𝐼𝑆

∗

𝐼𝑆
+ 𝜃𝑈𝑈∗ +

𝜃𝑆𝐼𝑆𝑅∗

𝑅
+ 𝜃𝑆𝐼𝑆

∗ + (1 − 𝛼)𝜔(𝜆𝐻1
+ 𝜆𝐻2

)𝑆∗ +

(1−𝛼)𝜔(𝜆𝐻1+𝜆𝐻2)𝑆𝐼𝑅
∗

𝐼𝑅
+ 𝛿𝑆𝐼𝑆

∗ +
𝛿𝑆𝐼𝑆𝐼𝑅

∗

𝐼𝑅
+ Ω𝐼𝑅

∗ +
Ω𝐼𝑅𝑈∗

𝑈
+

𝜃𝑈𝑈𝑅∗

𝑅
+ (1 − 𝜀)(𝜙𝑆𝐼𝑆

∗ + 𝜙𝑅𝐼𝑅
∗ + 𝜙𝑈𝑈∗) +

(1−𝜀)(𝜙𝑆𝐼𝑆+𝜙𝑅𝐼𝑅+𝜙𝑈𝑈)𝐷𝐻
∗

𝐷𝐻
+

(𝑆−𝑆∗)2

𝑆
(𝜆𝐻1

+ 𝜆𝐻2
+ 𝜇) +

(𝐼𝑆−𝐼𝑆
∗)

2

𝐼𝑆
(𝛿𝑆 + 𝜃𝑆 + 𝜅𝑆 + 𝜇) +

(𝐼𝑅−𝐼𝑅
∗ )2

𝐼𝑅
(𝛿𝑅 + Ω + 𝜅𝑅 + 𝜇) +

(𝑈−𝑈∗)2

𝑈
(𝜃𝑈 + 𝜅𝑈 + 𝜇) +

(𝑅−𝑅∗)2

𝑅
(𝛾 + 𝜇) +

𝜇𝐻(𝐷𝐻−𝐷𝐻
∗ )2

𝐷𝐻
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Thus if 𝑄 < 𝐾 , then 
𝑑𝐿

𝑑𝑡
= 0  if and only if 𝑆 = 𝑆∗, 𝐼𝑆 =

𝐼𝑆
∗, 𝐼𝑅 = 𝐼𝑅

∗ , 𝑈 = 𝑈∗, 𝑅 = 𝑅∗, 𝐷𝐻 = 𝐷𝐻
∗  Therefore, the largest 

compact invariant set in {(𝑆∗, 𝐼𝑆
∗, 𝐼𝑅

∗ , 𝑈∗, 𝑅∗, 𝐷∗) ∈ Ω: 
𝑑𝐿

𝑑𝑡
= 0 } 

is the singleton 𝐵∗, where 𝐵∗ is the endemic equilibrium of 

the system (1). 

By LaSalle’s invariant principle [21], it follows that as 𝑡 →

∞, the solution of the model system (1) approaches the en-

demic equilibrium 𝐵∗ when the control reproduction number 

ℜ𝑐
∗ > 1. 

Therefore, the endemic equilibrium point 𝐵∗  is globally 

asymptotically stable in the invariant set 𝛺 if 𝑄 < 𝐾. 

3.8. Global Stability of Disease-Free 

Equilibrium 

To investigate the global stability of disease free equilib-

rium in the model (1). The model is shown that it is globally-

asymptotically stable of the (DFE). It is analyzed using the 

Castillo–Chavez method [20]. First the model (1) is re-written 

as: 

𝑑𝑋

𝑑𝑡
= 𝐹(𝑋, 𝑍)  

𝑑𝑍

𝑑𝑡
= 𝐺(𝑋, 𝑍), 𝐺(𝑋, 0) = 0             (39) 

Where 𝑋 = (𝑆, 𝑅) and 𝑍 = (𝐼𝑠 , 𝐼𝑅 , 𝑈, 𝐷𝐻)𝑇 , with the com-

ponents of 𝑋 ∈ 𝑅2+  representing the uninfected population 

and the components of 𝑍 ∈ 𝑅4+  representing the infected 

population. Theorem 3. The disease- free equilibrium of the 

system (1) is globally asymptotically stable in ℚ if and only 

if ℜ𝑐 < 1 and the condition (𝑇1) and (𝑇2) are satisfied: 

(𝑇1). For 
𝑑𝑋

𝑑𝑡
= 𝐹(𝑋, 0), 𝑋∗ is globally asymptotically stable. 

(𝑇2 ).  𝐺(𝑋, 𝑍) = 𝐴𝑍 − 𝐺̂(𝑋, 𝑍), 𝐺̂(𝑋, 𝑍) ≥ 0  for (𝑋, 𝑍) ∈

ℚ. 

To verify condition (𝑇1) consider, the first and fifth equa-

tion of system (1) expressed as: 

𝑑𝑆

𝑑𝑡
= Λ + 𝛾𝑅(𝑡) − (𝜆𝐻 + 𝜇)𝑆(𝑡)  

𝑑𝑅

𝑑𝑡
= 𝜃𝑆𝐼(𝑡) + 𝜃𝑈𝑈(𝑡) − (𝛾 + 𝜇)𝑅(𝑡)       (40) 

If there is no infection in the population, equation (40) re-

duces to: 

𝑑𝑋

𝑑𝑡
= 𝐹(𝑋, 0) = Λ − 𝜇𝑆(𝑡)             (41) 

By use method of separation of variables and integrate 

equation (42) gives; 

𝑆∗(𝑡) =
Λ

𝜇
+ (𝑆∗(0) −

Λ

𝜇
) 𝑒−𝜇𝑡           (42) 

It follows that, as 𝑡 → ∞, 𝑆(𝑡) → 𝑁  which establishes 

global asymptotic stability of the equilibrium 𝑆∗ =
Λ

𝜇
 corre-

sponding to the disease-free equilibrium point 𝑆∗ =

(
Λ

𝜇
, 0,0,0,0,0,0). 

Thus, 𝑋∗ is globally asymptotically stable, hence condition 

one is satisfied. 

Next, to verify second condition (𝑇2) by linearizing of the 

infected subsystem. 

𝐺(𝑋, 𝑍) = 𝐴𝑍 − 𝐺̂(𝑋, 𝑍), 𝐺̂(𝑋, 𝑍) ≥ 0 for (𝑋, 𝑍) ∈ Ω 

Where 𝐴 = 𝐷𝑍𝐺(𝑋, 𝑍) which is a Metzler. Thus, 

𝐴 =

[
 
 
 
 
−(𝛿𝑆 + 𝜃𝑆 + 𝜅𝑆 + 𝜇) 𝛿𝑅 0 0 0

𝛿𝑆 −(𝛿𝑅 + Ω + 𝜅𝑅 + 𝜇) 0 0 0

0 Ω −(𝜃𝑈 + 𝜅𝑈 + 𝜇) 0 0

𝜃𝑆 0 𝜃𝑈 −(𝛾 + 𝜇) 0
(1 − 𝜀)𝜙𝑆 (1 − 𝜀)𝜙𝑅 (1 − 𝜀)𝜙𝑈 0 −𝜇𝐻]

 
 
 
 

                (43) 

𝐴𝑍 =

[
 
 
 
 

−(𝛿𝑆 + 𝜃𝑆 + 𝜅𝑆 + 𝜇)𝐼𝑆 + 𝛿𝑅𝐼𝑅
𝛿𝑆𝐼𝑆 − (𝛿𝑅 + Ω + 𝜅𝑅 + 𝜇)𝐼𝑅

Ω𝐼𝑅 − (𝜃𝑈 + 𝜅𝑈 + 𝜇)𝑈

𝜃𝑆𝐼𝑆 + 𝜃𝑈𝑈 − (𝛾 + 𝜇)𝑅
(1 − 𝜀)(𝜙𝑆𝐼𝑆 + 𝜙𝑅𝐼𝑅 + 𝜙𝑈𝑈) − 𝜇𝐻𝐷𝐻]

 
 
 
 

                                  (44) 

𝐺(𝑋, 𝑍) =

[
 
 
 
 

−(𝛿𝑆 + 𝜃𝑆 + 𝜅𝑆 + 𝜇)𝐼𝑆 + 𝛿𝑅𝐼𝑅 − 𝛼𝜔𝜆𝐻𝑆

𝛿𝑆𝐼𝑆 − (𝛿𝑅 + Ω + 𝜅𝑅 + 𝜇)𝐼𝑅 − (1 − 𝛼)𝜔𝜆𝐻𝑆

Ω𝐼𝑅 − (𝜃𝑈 + 𝜅𝑈 + 𝜇)𝑈

𝜃𝑆𝐼𝑆 + 𝜃𝑈𝑈 − (𝛾 + 𝜇)𝑅
(1 − 𝜀)(𝜙𝑆𝐼𝑆 + 𝜙𝑅𝐼𝑅 + 𝜙𝑈𝑈) − 𝜇𝐻𝐷𝐻 ]

 
 
 
 

                              (45) 

So that 
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𝐺̂(𝑋, 𝑍) =

[
 
 
 
 
 
𝐺̂1(𝑋, 𝑌)

𝐺̂2(𝑋, 𝑌)

𝐺̂3(𝑋, 𝑌)

𝐺̂4(𝑋, 𝑌)

𝐺̂5(𝑋, 𝑌)]
 
 
 
 
 

=

[
 
 
 
 
 𝛼𝜔 [𝛽(𝐼𝑆 + 𝜂1𝐼𝑅 + 𝜂2𝑈) + (1 − ε)

νH𝐷𝐻

 𝜅+𝐷𝐻
] (𝑆𝑜 − 𝑆)

(1 − 𝛼)𝜔 [𝛽(𝐼𝑆 + 𝜂1𝐼𝑅 + 𝜂2𝑈) + (1 − ε)
νH𝐷𝐻

 𝜅+𝐷𝐻
] (𝑆𝑜 − 𝑆)

0
0
0 ]

 
 
 
 
 

                  (46) 

Thus, if 𝐺̂(𝑋, 𝑍) ≥ 0, then DFE is asymptotically stable 

and unstable otherwise. The susceptible is bounded as 𝑆 ≤ 𝑆𝑜. 

Therefore 𝐺̂1(𝑋, 𝑌) ≥ 0 , 𝐺̂2(𝑋, 𝑌) ≥ 0 , 𝐺̂3(𝑋, 𝑌) = 0 , 

𝐺̂4(𝑋, 𝑌) = 0 and 𝐺̂5(𝑋, 𝑌) = 0. Thus, DFE is globally as-

ymptotically stable when ℜ𝑜
∗ < 1. This demonstrates that, ir-

respective of the initial population of infected individuals, H. 

pylori infection can still be controlled. 

3.9. Sensitivity Analysis of the Control 

Reproduction Number 

In this section, a sensitivity analysis of the control repro-

duction number is presented to assess the relative importance 

of various parameters influencing the transmission and preva-

lence of H. pylori infection within the population. The nor-

malized forward sensitivity index, as described in [23], is em-

ployed for this analysis. This index measures the relative 

change in the control reproduction number ℜ𝐶  with respect 

to a given parameter 𝑚 and is defined as: 

Υ𝑚
ℜ𝐶 =

𝜕ℜ𝐶

𝜕𝑚
×

𝑚

ℜ𝐶
                   (48) 

The parameter values in Table 1 are used to calculate the 

sensitivity indices of ℜ𝑐 with respect to the parameters 

Λ, 𝛽,𝛼,𝜔, 𝜂1, 𝜂2, 𝜀,𝛿𝑆, 𝛿𝑅, Ω, 𝜇, 𝜇𝐻, 𝜃𝑆, 𝜃𝑈, 𝛾, 𝜅𝑆, 𝜅𝑅 and 

𝜅𝑈. 

Table 1. Baseline parameter values used in the H. pylori model. 

Parameter Symbol Value Source 

Λ 10 month−1 [9] 

𝛽 0.825 month−1 [9] 

𝜀 0.5 [9] 

𝜆𝐻1
 0.2 month−1 [9] 

𝜆𝐻2
 0.1075 month−1 [9] 

𝛼 0.65 Assumed 

𝜔 0.0075 [23] 

𝜂1 0.0286 [9] 

𝜂2 0.0125 [9] 

Ω 0.0025 month−1 [12] 

𝜃𝑆 0.615 month−1 [6] 

Parameter Symbol Value Source 

𝜃𝑈 0.175 month−1 Assumed 

𝛿𝑆 0.0839 month−1 [22] 

𝛿𝑅 0.0978 month−1 [22] 

𝜅𝑆 0.00264 month−1 Assumed 

𝜅𝑅 0.00134 month−1 [6] 

𝜅𝑈 0.0012 month−1 Assumed 

𝜇 0.000019 month−1 [9] 

𝜇𝐻 0.001 month−1 [9] 

𝛾 0.002485 month−1 [9] 

Φ𝑆 0.0008 month−1 Assumed 

Φ𝑅 0.0004 month−1 Assumed 

Φ𝑈 0.0839 month−1 [9] 

The computed sensitivity indices are presented in Table 2. 

A positive sensitivity index indicates that the reproduction 

number increases with an increase in the corresponding pa-

rameter, while a negative sensitivity index indicates that the 

reproduction number decreases as the parameter increases [9]. 

From Table 2, it is observed that the parameters 

Λ, 𝛽, 𝜂1, 𝜂2 𝑎𝑛𝑑 Ω have positive sensitivity index values, indi-

cating that an increase in these parameters leads to a corre-

sponding increase in the number of infected individuals. On the 

other hand  𝛿𝑅, 𝛿𝑆, 𝜇, 𝜇𝐻 , 𝜅𝑆, 𝜅𝑅 , 𝜅𝑈 , 𝜃𝑈 , 𝜃𝑆 and 𝛾  have nega-

tive sensitivity index values, meaning that increasing these pa-

rameters results in a decrease in the number of infected individ-

uals. For instance, if the transmission rate 𝛽 increases by 10%, 

the reproduction number also increases by 10%. Conversely, in-

creasing the rate developing antibiotic resistance 𝛿𝑆 for drug 

resistant individuals by 10% reduces ℜ𝐶  by approximately 

0.44314%, while increasing the antibiotic treatment efficacy 𝜃𝑆 

by 10% decreases ℜ𝐶  by approximately 0.25438%. 

Table 2. Sensitivity indices of the control reproduction number rela-

tive to selected model parameters. 

Parameter Sensitivity index 

Λ  +1 

𝛽  +1 
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Parameter Sensitivity index 

𝜂1  +0.40281  

𝜂2  +0.129267  

𝜀  +0.250130 

Ω  +0.066953  

𝛿𝑆  +0.031342  

𝛿𝑅  +0.0420135 

𝛿𝑆  −0.044314  

𝜃𝑆  −0.025438  

𝜃𝑈  −0.332071  

𝛾  −0.074734  

Parameter Sensitivity index 

𝜅𝑆  −0.074734  

𝜅𝑅  −0.092307  

𝜅𝑈  −0.0823450 

4. Model Simulations 

Numerical simulations of the system of model equation (1) 

were conducted to predict the epidemic behavior of H. pylori 

infection. These simulations were performed utilizing 

MATLAB’s built-in ordinary differential equation solver, 

ode45. The parameter values used are provided in Table 1, and 

the initial state values are as follows: 

S(0) = 10000, 𝐼𝑆(0) = 7000,IR(0) = 3000,𝑈(0) = 1500, R(0) = 6000, 𝐷𝐻(0) = 5000. 

These values were obtained from literature review [9, 12, 

22, 23] and published Kenyan data [2, 3, 5, 27]. The simula-

tions are conducted over a time span of 0 to 20 months, taking 

into account that H. pylori infections with drug-resistant 

strains often take a long time to reactivate into a drug-resistant 

strain disease and eventually be cured. The simulation results 

are presented graphically in Figures 2–4. 
We display a graphical trend of the model with some pa-

rameter values remaining unchanged, while others are varied. 

 
Figure 2. Shows the simulation population on trajectories of susceptible, infected with drug-sensitive, infected with drug-resistant, and recov-

ered individuals over time, presented in (a), (b), (c), and (d), respectively. 
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Figure 2(a) examines the simulation of the susceptible pop-

ulation to H. pylori infection with time in months. The result 

indicates that initially susceptible individuals is very high, but 

it decreases rapidly as people get infected. Steep decline of the 

curve indicates strong transmission in the early phase of the 

epidemic, and after a few months, the curve levels off and ap-

proaches a constant value. The plateau represents a steady 

state (equilibrium) where new susceptible individuals (e.g., 

through recruitment or recovery) are balanced by infections 

and natural death. At this stage, the infection persists in the 

population at an endemic level, and the susceptible population 

no longer changes significantly with time. 
Figure 2(b) illustrates the dynamics of individuals infected 

with the drug-sensitive strain of H. pylori over time. At first, the 

number of infected individuals increases, showing rapid trans-

mission and an increase of the infection in the community. Trans-

mission rate mainly depends on contact rate with infective indi-

viduals and also when ones does not observe hygiene and sanita-

tion, especially when one is handling food, water, and drinks. Af-

ter reaching a peak, the curve declines gradually, indicating that 

treatment, recovery, and natural removal reduce the infection rate 

in the population. 

Figure 2(c) depicts the dynamics of drug-resistant H. pylori 

infections with time, which at the start increase and when 

reaches the peak, it starts gradually declining. The increase 

shows the emergence and spread of a resistance strain, while 

the consequent reduction indicates the combined effects of ef-

fective treatment, recovery, and minimized transmission of 

the bacteria. Administering appropriate antibiotics to infected 

individuals leads to a decline in the curve, which in turn im-

proves recovery rates and the use of good hygiene practices, 

such as safe handling of food and drinking water. 

Figure 2(d) illustrates a simulation of the recovered popu-

lation from H. pylori with time in months. A steady increase 

in the recovered population over time reflects improved health 

outcomes. This is achieved through the use of appropriate an-

tibiotics, which enhances treatment effectiveness, alongside 

good hygiene and sanitation practices, which greatly minimize 

further infection transmission in the population. Moreover, re-

duced contact rate with infected individuals lowers new infec-

tions, allowing more individuals to recover progressively until 

the system reaches a stable state. 

 
Figure 3. Shows the effects of varying the parameter (𝜀) on the population trajectories of individuals with drug-sensitive infection, drug-

resistant infection, stomach ulcers, and the environmental bacterial population, using the parameter values in Table 1. Results are presented 

in (a), (b), (c), and (d), respectively. 
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Figure 3(a) illustrates the effect of varying hygiene and san-

itation levels (ε) on an individual’s sensitive H. pylori with 

time. The results show that those infected with the drug-sen-

sitive H. pylori strain initially rise, and when it reaches the 

peak starts declining over time. It is clear that increasing the 

hygiene and sanitation level on a set of values (𝜀 =

0.3, 0.6, 0.9). The results show an increase of hygiene and 

sanitation levels leads to a gradual reduction in individuals in-

fected with the drug-sensitive strain of H. pylori bacteria. This 

effectively reduces transmission of H. pylori and enhances 

control of drug-sensitive H. pylori in the entire community. 

Figure 3(b) examines the impact of varying parameter (ε) 

on a set of values (ε = 0.3, 0.6, 0.9) of individuals infected 

with drug-resistant H. pylori with time under different levels 

of hygiene and sanitation. The results show that increasing hy-

giene and sanitation levels significantly reduces and controls 

drug-resistant H. pylori infections over time in the community. 

Figure 3(c) illustrates the effect of varying parameter (ε) 

on a set of values (ε = 0.3, 0.6, 0.9) of individuals infected 

with stomach ulcers with time under different levels of hy-

giene and sanitation. The infection of stomach ulcers in indi-

viduals contributed due persisted infection caused by a drug-

resistant strain of H. pylori from the three trajectories, it is ev-

ident that poor hygiene levels at 𝜀 = 0.3 produce the highest 

peak and sustained stomach ulcer burden, while moderate hy-

giene 𝜀 = 0.6  yields an intermediate reduction. Enhanced 

hygiene and sanitation at 𝜀 = 0.9 significantly reduce the in-

fections and minimize long-term prevalence. These results un-

derscore the critical role of improved hygiene and sanitation 

in reducing stomach ulcer complications associated with drug-

resistant H. pylori infections in the community. 

Figure 3(d) examines effects of varying hygiene and sani-

tation levels (ε) on environmental concentration of H. pylori 

bacteria with time on progressive set values (ε =

0.3, 0.6, 0.9). 

In all the trajectories, the bacteria concentration shows a 

sharp initial decline, followed by a more gradual decrease as 

time progresses. Higher hygiene and sanitation effectiveness 

𝜀 = 0.9 results in a consistently lower bacterial burden and 

faster reduction compared to moderate 𝜀 = 0.6 and low 𝜀 =

0.3 hygiene conditions. These results demonstrates that the 

use of improved hygiene and sanitation plays a critical role in 

accelerating the reduction of H. pylori concentration and lim-

iting its long-term environmental survival. 

 
Figure 4. Shows the effects of varying the parameter (𝜃𝑠) on the population trajectories of individuals with drug-sensitive and drug-resistant 

infections, presented in graph (a) and (b), respectively. Graph (c) shows the population trajectory of individuals with stomach ulcers when the 

parameter (𝜃𝑈) is varied. 
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Figure 4(a) illustrates the effect of varying treatment effi-

cacy(𝜃𝑠) on a progressive set of (𝜃𝑠 = 0.4, 0.6, 0.8) individ-

uals infected with drug-sensitive H. pylori over time. The re-

sults show that an increase in 𝜃𝑠 indicates more effective use 

of first-line antibiotic treatment, which can reduce the dura-

tion of infectiousness and lower the transmission potential of 

the sensitive strain. However, a decrease in 𝜃𝑠 would result in 

longer infectious periods and higher transmission rates, in-

creasing the burden of the infection. High treatment level at 

𝜃𝑠 = 0.8 leads to the quickest reduction and the lowest long-

term infection level in the community. This demonstrates that 

increasing treatment using the first-line dose of antibiotics ac-

celerates the control of drug-sensitive H. pylori infections and 

reduces the infection burden in the community. 

Figure 4(b) illustrates the effect of varying treatment effi-

cacy(𝜃𝑠) on progressive set (𝜃𝑠 = 0.4, 0.6, 0.8) individuals 

infected with drug-resistant H. pylori over time. The results 

indicate that increasing 𝜃𝑠 reveals more effective use of first-

line antibiotic treatment, which decreases the infectious period 

and reduces the transmission potential of the resistant strain. 

Conversely, a decrease in 𝜃𝑠 leads to longer infectious peri-

ods and higher transmission rates, thereby increasing the dis-

ease burden. When the antibiotics used in the first-line antibi-

otic regimen fail, second-line treatment is applied. If the H. 

pylori bacteria causing the infection are resistant to first-line 

antibiotics, those drugs become less effective or ineffective in 

eliminating the infection. In such cases, second-line antibiotic 

treatments are administered, which are usually stronger and 

designed to treat resistant strains. This demonstrates that sec-

ond-line antibiotic treatment is more effective and helps re-

duce both the magnitude and persistence of drug-resistant H. 

pylori. Therefore, improving treatment effectiveness can sig-

nificantly suppress resistant infections in the community. 

Figure 4(c) illustrates the effect of varying treatment effi-

cacy parameter (𝜃𝑈)  on a progressive set of (𝜃𝑈 =

0.4, 0.6, 0.8) on individuals infected with stomach ulcers with 

time. In all the trajectories, the number of infected individuals 

initially increases, and when it reaches the peak, it then de-

clines as treatment effects take hold. It is observed that higher 

treatment effectiveness 𝜃𝑈 = 0.8  results in reduced preva-

lence and enhanced faster reduction in ulcer infections com-

pared to lower values such as 𝜃𝑈 = 0.6 and 𝜃𝑈 = 0.4. This 

points out that increasing treatment effectiveness for individ-

uals with stomach ulcers significantly reduces the burden and 

persistence of stomach ulcer infections in the community. 

5. Discussion and Conclusion 

H. pylori infection continues to be a major public health 

concern, particularly in developing regions where sanitation 

infrastructure is inadequate, with children, low-income com-

munities, and densely populated areas being most prone to in-

fection [9]. The rise of antibiotic resistance has made treat-

ment increasingly challenging, leading to prolonged recovery, 

more severe complications, and facilitating wider transmis-

sion within communities. This growing resistance underscores 

the urgent need for improved treatment strategies and public 

health interventions [27]. 

In this study, we developed and analyzed a mathematical 

model to investigate the dynamic transmission of H. pylori 

that incorporates both antibiotic-sensitive and antibiotic-re-

sistant strains, providing a detailed understanding of infection 

dynamics, treatment outcomes, and transmission potential. 

The model incorporates the progression of individuals through 

various stages of infection and treatment, as well as the con-

tamination of the environment by resistant and sensitive 

strains of bacteria. Timely and appropriate use of first-line an-

tibiotics can effectively control infection when resistance lev-

els are low. However, when resistant strains become prevalent, 

second-line therapies are required to prevent further spread of 

the disease. Second-line antibiotics are specifically designed 

to treat infections that persist following the failure of first-line 

treatment. The shift from drug-resistant to drug-sensitive 

cases does not mean the bacteria have genetically lost their 

resistance. Instead, it reflects a population-level effect: treat-

ment suppresses resistant strains, allowing existing sensitive 

strains to become more dominant or detectable in clinical tests 

[28]. 

Our analysis identified the basic reproduction number (ℜ0) 

as a key threshold parameter, determining the potential for 

outbreaks of disease. When ℜ0 < 1, the disease-free equilib-

rium is globally asymptotically stable, indicating that the in-

fection will die out in the long run. Conversely, if ℜ0 > 1, the 

endemic equilibrium becomes stable, leading to persistent in-

fection within the population [25]. Sensitivity analysis was 

performed to help identify which parameters have the greatest 

impact on disease dynamics and control. The results showed 

that first-line treatment rates for drug-sensitive patients played 

a crucial role in a lower prevalence of infection, while for high 

prevalence, second-line treatment was associated with a 

higher prevalence of infection [28]. 

Effective control of H. pylori also requires preventive 

measures such as observing good hygiene practices and im-

proving sanitation, which are essential in reducing infection 

prevalence and limiting community transmission [3, 9]. Con-

trolling the infection is crucial not only to prevent transmis-

sion but also to reduce severe clinical complications, includ-

ing chronic gastritis and stomach ulcers. Overall, these find-

ings underscore the need for integrated strategies combining 

antibiotic stewardship, routine resistance monitoring, opti-

mized treatment protocols, and public health interventions fo-

cused on hygiene and sanitation, while guiding future research 

into adaptive therapies and community-level control measures 

to mitigate the growing burden of H. pylori infections The 

shift from drug-resistant to drug-sensitive cases does not mean 

the bacteria have genetically lost their resistance. Instead, it 

reflects a population-level effect: treatment suppresses re-

sistant strains, allowing existing sensitive strains to become 
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more dominant or detectable in clinical tests [24, 26]. 

The results also highlight the critical role of environmental 

contamination in the transmission dynamics of H. pylori in-

fection, suggesting that public health interventions must ad-

dress both human and environmental factors to successfully 

eradicate the infection. Similarly, excretion rates 𝜙𝑆, 𝜙𝑅, and 

𝜙𝑈 were found to substantially influence the environmental 

bacterial load, further contributing to transmission. These 

findings highlight the importance of focusing on both human–

environment interactions and effective treatment to control, 

especially H. pylori, with the challenge of antibiotic resistance. 

Numerical simulations further demonstrated the potential 

impact of various control strategies, including improving 

treatment efficacy and reducing environmental contamination. 

These insights can inform public health policies and strategies 

to reduce the burden of H. pylori, particularly in regions with 

high rates of antibiotic resistance [27]. The limitations of this 

study, which could be addressed in future research, include 

applying a stochastic approach to investigate the impact of 

randomness on the transmission dynamics of the diseases con-

sidered; utilizing a fractional-order model to enhance the ac-

curacy of the results; and employing artificial intelligence 

techniques to improve the detection of infected individuals 

within the population. 
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