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ABSTRACT
Human African Trypanosomiasis (HAT), or sleeping sickness, transmitted by
tsetse flies, remains a major health threat in sub-Saharan Africa. This study
developed and analysed a mathematical model to better understand HAT
transmission dynamics between humans and flies. The model accounts for
potential relapse in infected individuals. Ensuring realistic predictions through
the positivity and boundedness checks. Stability analysis is determined. Central

Keywords_: to our analysis is the basic reproduction number, Ro, which tells us whether HAT
Mathematical will spread or decline. Sensitivity analysis identified key parameters influencing
model, the transmission pattern. Visual graphs illustrated these findings effectively.
Stability - : . .
analysis, Results suggest that increasing the death rate of tsetse flies can substar_ltlally
Basic curb the spread of HAT. The study emphasises that controlling the disease
reproduction requires a multifaceted approach: public health education, vector control,
number, improved healthcare access, and investment in vaccines. These strategies are
Relapse, vital for the goal of eliminating HAT and enhancing health outcomes in affected
Sensitivity regions.

analysis

1. INTRODUCTION

Human African trypanosomiasis, often called sleeping sickness, is a serious health issue in parts
of sub-Saharan Africa. It's caused by tiny parasites known as Trypanosoma brucei, which people
can catch when bitten by tsetse flies. In their study, [1] introduced a deterministic model that
examines how HAT spreads. They explored the interactions between humans, cattle, and tsetse
flies involved in transmission and provided insights into the basic reproduction number, Ro. Their
findings indicate that when Ro < 1, a stable disease-free state is achievable, suggesting potential
strategies for controlling this challenging disease.
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HAT progresses through two main stages: the hemolymphatic phase and the meningoencephalitic
phase. Research by [2] highlights the unique clinical features and pathophysiological processes of
these stages. The first stage, known as the hemolymphatic phase, often presents mild, nonspecific
symptoms, such as fever, headaches, and swollen lymph nodes. This phase can persist for several
months or even years, during which the disease may go undiagnosed due to its relatively mild
nature. Despite the subtle symptoms, individuals in this stage can still transmit the parasite to tsetse
flies, helping to sustain the cycle of infection. As the disease advances, the parasite invades the
central nervous system, leading to the second stage, known as the meningoencephalitis phase. This
critical stage is characterised by severe neurological symptoms, including psychiatric disorders
and sleep disturbances, which is why the disease is referred to as” sleeping sickness.” If left
untreated, it can lead to fatal complications. Notably, some individuals can harbour the infection
asymptomatically for 5 to 15 years, serving as long-term reservoirs that pose a significant risk for
ongoing disease transmission within affected communities.

Understanding these stages is essential for effective disease management, as early detection and
treatment can prevent long-term neurological damage and reduce transmission rates. In the
hemolymphatic stage, parasites circulate through the bloodstream and lymphatic system, causing
nonspecific symptoms. When the disease progresses to the meningoencephalitis stage, the
neurological symptoms can be life-threatening if not addressed in time. Investigations by [3]
emphasise the differences between the two stages, noting that the first stage involves systemic
infection with generalised symptoms. The second stage marks a severe progression with a
significantly increased mortality risk.

Using mathematical models has become a helpful way to understand how diseases like sleeping
sickness spread. For example, the Susceptible-Infected-Recovered (SIR) model helps researchers
see how the disease moves through populations, evaluate how different control measures might
work, and guide decisions to improve public health efforts. The pioneering work of [4] laid the
groundwork for this approach, facilitating a deeper exploration of the interactions among the host,
the parasite, and the vector.

Numerous studies have since built on this foundation. [5] emphasized the importance of the basic
reproduction number Ro for estimating a disease’s spread potential. [6] modelled disease
transmission through social connections, while [7] evaluated vaccination impacts on controlling
disease spread. Further studies, including those by [8], assessed the effectiveness of containment
measures through quarantine and isolation. [9], [10] and [11], all addressing the broader public
health challenges posed by vector-borne diseases.

Recent studies, such as those by [12], have developed optimal control models for HAT, aiming to
minimize both control costs and the prevalence of infection among humans, cattle, and tsetse flies.
Their findings suggest that an integrated strategy, combining healthcare education, effective
treatment, and targeted vector control, offers the best promise for managing the disease. Moreover,
[13] and [14], [15] explored seven-compartmental models: the SEIR model for humans and the
SEI model for vectors, evaluating the effectiveness of various intervention strategies.

This article seeks to develop and analyze a comprehensive model that reflects the complexities of
Human African Trypanosomiasis (HAT). It builds upon the work in [14] by incorporating two
stages of infection within the human population and relapse, thereby enhancing the model's
robustness and overall coverage. The model divides the human population into five groups
(SEl112R) to reflect the two different infectious stages, along with a separate SEI model for the
vector (the tsetse flies). By incorporating real-world data, we hope to identify the main factors that
influence how the disease spreads and to evaluate how effective different intervention strategies
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might be. Ultimately, our goal is to deepen the understanding of HAT's behavior and provide a
strong scientific foundation to support future efforts in disease control and public health.

Here's how the paper is organized: Section 2 explains how we built the model, ensuring that its
predictions make biological sense, that solutions stay positive and within reasonable bounds. It
also discusses the points where the disease could potentially disappear or become steady in the
population, as well as the key number (Ro) that tells us whether the disease will spread or fade
away. We also analyze the stability of these states. Section 3 looks at how sensitive the model is
to different parameters, meaning we see which factors have the biggest impact on disease spread.
Section 4 covers the results from running computer simulations using real data, along with
discussions about what these findings mean. Lastly, Section 5 wraps up with our main conclusion.

2. Materials and Methods

2.1 Model Formation

A mathematical model that describes the effect of vector-borne diseases on hosts and vectors was
developed. To better understand how the disease spreads, we divided the human population into
five groups: Susceptible humans (S},) those who can catch the disease, Exposed humans (E},) those
who have been infected but aren't infectious yet, Stage one infected humans (I,,) early-stage
infectious individuals, Stage two infected humans (I,,) individuals in the later stage of infection
and recovered humans (R},) those who have recovered and gained some immunity. Similarly, the
tsetse fly vector population is divided into three groups: Susceptible flies (S,) those that can
become infected, Exposed flies (E,) — flies that have been infected but are not yet able to transmit
the disease and Infected flies (I,,) the flies capable of spreading the disease.

We denote the total human population at time t as (N, (t)) and the total fly population as (N, (t))).
Table 1 provides details on other parameters used in the model, which are also summarized in the
schematic diagram shown in Figure 1.
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Table 1: Notation and description of variables and parameters

Notation | Description of variables and parameters
Sp(t) The total number of people who are vulnerable to infection at time t
En(t) The total number of people who are exposed to infection at time t
In1(t) The number of people in the early stage of infection at time t
I (1) The number of people in the late stage of infection at time t
Ry, (1) The total number of people who have recovered from infection at time t
S, (1) The total number of tsetse flies susceptible at time t
E(t) The total number of tsetse flies exposed at time t
1,(t) The total number of tsetse flies infected at time t
Ay The rate at which new people join the human population
A, The rate at which new people join the tsetse fly population
on Disease-induced death
Un The regular rate at which humans die naturally
Uy The regular rate at which tsetse flies die naturally.
Bn The rate at which humans become exposed to the disease.
By The rate at which the vulnerable tsetse fly becomes exposed to the disease
ap The rate at which human Progresses from exposure to the early stage of infection
ay, The rate at which the exposed tsetse fly gets infected
Ph The rate at which human Progresses from the early stage of infection to the late stage
Yh The recovery rate of humans
1) The rate at which the recovered lose their immunity and become vulnerable again.
Nh:Sh+Eh+Ih1+Ih2+Rh (2)
N,=8,+E,+1, 3)

Invariant Region of the Model

By adding the system of equations (1), we have:

ANy _ dSn  dEp | dlpy | dln ARy _ .

dat dt+ dt+ dt + dt + dt Ap — (6p+un)Ny 4)
and

ANp _ dSp  dEn | dlpp | dlm | dRp _ _

dt_dt+dt+dt+dt+dt_Ah Hp Ny (5)
Theorem 1

The basic dynamic features of these model equations (1) have solutions which are contained in the
feasible region

Q=Q,xQ,forallt>0

Proof
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Let

Q= (Sh; Ehr Ihli IhZJthSv'EvIIv)ESR?- (6)

with non-negative initial conditions using the differential inequality theorem, Birkhoff and Rota
(1978) on equation (4). When there are no deaths caused by the disease in the human population,
equation (4) becomes,

dN,,
dt

< Ap — upNy (7)

It follows that

0< N, < ;‘—: (8)
hence
Ah - .uhNh > Ke_”ht (9)

Where K is the constant

Similarly, for the vector population equation, (5) becomes,

A, — u,N, > Ke Ht (10)
Where K is the constant

Therefore, all feasible solutions of the human and vector of the system model are in the regions:
Q = {(Sn, En, Iny, Inzs R €ERT: Spy Eny Ing, Inz, Ry = 0, Ny < A, — pp Ny} (11)
Q = {(Sy, Ev, [,)ER}: S, By, I, = O, N,y < Ay — 1N, ) (12)

Thus, the feasible set of the model is given by

Ay

A
Q= {(Sh'Ehl IhI'IhZthl Svl Evl Iv)ESRi:ShI Eh, IhllIhZ'Rh'Sv'Ev'Iv = O; Nh < H_:va < u

" (13)

This means the model is positively invariant, so the solutions stay positive at all times, and it makes
sense biologically and is mathematically well-structured.

2.2  Positivity and Boundedness of the Solutions

In this subsection, we show the positivity and boundedness of the system equation (1) above.
Lemma 1

Let the initial data be

{(51.0), E.(0), 141.(0), In2(0), R (0), $,,(0), E, (0), 1,(0)) = 0}eQ (14)

Then, the solution set
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{Sp(t) + Ep(t) + 1 (t) + Lo (t) + Ry () + S,(t) + E,(0) + I,(t)} of the system (1) is positive
forall t > 0.

proof

From the system of equations (1) above, we solve the following

ds
d—th = Ap + wRy — BrSnly — pnSn = Ap — UnSh (15)
d;th = Ap — UpSn (16)
dSh

+ upSp = Ay (17)

using integrating factors, we have

= (Sne™t) = Apetnt (18)
Sp(De™ > %e”ht +C (19)
S, (t) > + Ce hnt (20)
Hence substituting t = 0, we haveS; (0) > + C=>C<Sy(0)——= (22)
Which gives,

Sn(t) > + (5n.(0) - —)e”ht >0 (22)

From equation (1) also,

dE
—h = BnSnl, — (ap + pup)Ep = —(ap + up)Ey (23)

[ 2 = [(ay + p)dt (24)

Integrating gives:

E,(t) = E,(0)e~(@rntunt > o
(25)

Similarly, from equation (1) we have

I, (£) = 1, (0)e~(Prtenlt >
(26)

I, (t) = 1,,(0)e~¥ntdntunt > (27)

Ry (t) = R, (0)e~ (@it >
(28)
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S, (t) > ’u‘— + (S,(0) — %)e”vt >0 (29)
E,(t) = E,(0)e~(@*m)t > 0

(30)
I,(t) > L,(0)e =t > 0 (31)

Therefore, all the solutions of the system of equations (1) are positive for all t > 0.
2.3 Equilibrium Points of the Model

At equilibrium, we have

dSp, _ dE, _ dlpy _ dlp, _ dRp _ dS, _ dE, _ dl,

dt_dt_dt_dt_dt_dt_dt_dt:0
(32)
2.3.1 HAT-Free Equilibrium State
Let
(St En Ints Inzs Riy Sor Evo 1) = (Spy ER) Ina, Ina, R, S0, ED, 1Y) (33)

To find the HAT-free equilibrium (HAT-FE) of the given system of differential equations, we set
the whole compartment to zero, and since the HAT-free equilibrium, there are no infected
individuals. we setE;, = I,; = I, = E,, = I,, = 0 and then solve for the remaining compartments.

Therefore, the system (1) becomes

(S, ER, 17z, 190, RA, S2, B8, 19) = (3£,0,0,0,0,5,0,0) (34)
2.3.2 HAT-Endemic Equilibrium State

Let

(Sw Eny Int In2, Ry Sv, Evy 1) = (Sky Epy Inzs Inas Ry S, Ev, 1) (35)
and

Ay = (ap +up), Ay = (pp + ), Az = (¥p + 0p + up), Ay = (@ + pp), Ay = (ay, + 1)
Then,
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S;: = A, A,A Asﬂv( A1A243A4 1y +A3A4BrAnAn+AsPrByARAR— WP RY AR )’\
(A142A3A4Asplylin+A1A2A3A4 Bryay—PrWPrAyanyYh) Bran(Az+pp)
E;{ = A.A ASAU'U( A1 Az Az Ay up g+ As BrBuArDp@nay+ppBrByAniyanay )’
(A142A3A4As Uyl +A142A3A4 P ay—BrwppByanayyn)Byan(A1+pn)
I;;l — A A4( A1 Ay Az A pip i3 +A3 B By AnSyn @yt pr B PoApAvp ay ),
(A14243A4AsUyplin+A142A3A4 Bty —BrwprByanayyn)By(Az+pn)
I = Azph ( A1 Ay Az Ay up G +As B BoAniy@pay+pp BrBoAnAvandy ),
(A14243A4 A5 Uppp+A142A3A4 Py —BrwppByanayyn)Byan(A1+pn) | (36)
R; = Aypn ( A145A3 A4 n G +A3 BrByArDyn v+ PhBrByARAy ARy )
(A14243A4Aspyp+A1A2A3A4 PRy Ay — Brwprly@h QY n) Byah (A1+PR)
( A1A2A3A4AsUply+A142A3A4 Brdyvay— PR YRR BrAv Oy )
Bnay(A1A2A3A4y+A3 A4 ByApan+AspnBuAnan—ywPpAp®XpYh)
( A1 Az Az Asup g +As By An BrAvay+prBrByAniyanay )
4\ Broy (414243 Auiip+ Az Aa By an+AspiBondn—Hyw PrAv@nYh)As
I = ( A1AzA3AsAsip s +A1A2 A3 Ay Brlpay+prBrByAnAyandy )
Briy(A1A2A3A4 0y +A3A4 ByAnan+AsppPrAnan—y@PhAy@rYh)As

II
e

2.4  The Basic Reproduction Number

The basic reproduction number, known as Ro, is a key idea in studying how infectious diseases
spread. It helps us understand whether a disease is likely to take hold and spread through a
population or die out on its own.

To calculate Ro, scientists often use a method called the next-generation matrix approach, which
was first introduced by [5] and subsequently refined by[16]. Ro is very important for predicting the
stability of a disease-free state, meaning when no one is infected. If Ro is less than 1, the disease-
free state is stable, and the infection is unlikely to spread. But if Ro is greater than 1, the disease
can invade and potentially become endemic in the population.

Mathematically, Ro is defined as the spectral radius (i.e., the dominant eigenvalue) of the matrix
product FV~1, expressed as:

Ro = p(FV™)
(37)

where p denotes the spectral radius.

BhSh Iv
0
fitx) = BuSy (Un1 + In2) (38)
0
0

A Ep
—apEp + Azlp,

vi(x) = | —pnlpy + Aslp, (39)
ASEv
_ava + ﬂvlv
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Figure 2: How Some Parameters Affect the Basic Reproduction Number

This figure shows how changes in certain parameters influence the basic reproduction number
(Ro).
Graphs (a) and (b) reveal that when the contact rate increases, Ro also goes up for both humans

and tsetse flies. This suggests that more contact between the flies and humans leads to higher
exposure to the parasite, increasing the chances of disease spread in both populations.

In graph (c), we see that when the exposure rate rises, the reproduction number also increases. This
indicates that the more often humans are exposed to infected vectors, the higher the chance of
infection spreading. Graph (d) shows the progression of infection, moving from the early stage to

the late stage.

Graph (e) demonstrates that when the recovery rate improves, the reproduction number decreases.
This suggests that faster recovery from Human African Trypanosomiasis (HAT) helps reduce its
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spread. Conversely, graph (f) shows that if more individuals lose their immunity, the reproduction
number rises, making it more likely for the disease to stay circulating within the population.

2.5  Stability Analysis
2.5.1 Local Stability of Disease-Free Equilibrium Point

The disease-free equilibrium (DFE) is generally stable when small disturbances die out over time,
which happens when all the eigenvalues of the Jacobian matrix at that point are negative—that is,
when the basic reproduction number Ro is less than 1. However, if any eigenvalue turns out to be
positive, then the DFE becomes unstable, meaning the disease can potentially spread.

Proof:
The Jacobian matrix for the system of equations is:

Proof: The Jacobian matrix of the system of equations is:

—4, O 0 ) ) ) 0 -S.5
0 -A 0 ) 0 ) 0  S.8
0 a -A o) ) ) ) 0
S| © 0 o —A, O 0 0 0
) 0 ) v —-A, O ) 0
) o -s,B O 0 —u, O 0
) o spB O ) 0o -A 0
o) 0 0 ) ) ) ) — 1,

Reducing the matrix (45) to an upper triangular matrix and the characteristic equation gives

_Shﬂh
S

T

|
R 00 00O
cooooo

<

OOOOOOJLO

OOOOO'\POO
|

OOOOJ,OOO

©O O0OO0OO0O0O0OoOY

o O
!
°»

The determinant of equation (46) gives:
(=t = 2) (A= 2) (A= 2o ) (A = A) (<A = A6) (-t = 26) (=As = 20 ) (=11, = 25) =0

Jy =4, OF 2, =~ A OF 1, =~A,0F 2, =~A, 0 Jy =~ A, OF Jy =4,
or 7, =—AOF &y =44,

A==, Ay =—N, ==A, A, =—A, L =—A, Ay=—p,, 1 =A, =4,
A s s Ay sy Ay Ag s Ag <O

Since all the eigenvalues of J(E®) of the DFE are negative, it shows that the system is locally
asymptotically stable.
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2.5.2 Global Stability

To show that the system tends to settle into a stable state, we use Lyapunov function theory to
analyze both the disease-free state and the endemic (disease-present) state.

Global Stability of Disease-Free Equilibrium

Let's start with the disease-free state, labelled as E°. When the basic reproduction number Ro is less
than or equal to 1, this state is globally stable—that means, no matter where the system begins, it
will eventually settle into disease-free conditions.

Theorem 2: The disease-free equilibrium E° is globally asymptotically stable (meaning the system
will always settle there over time) within the considered region if Ro < 1. If Ro is greater than 1,
then this stability does not hold, and the disease can persist or spread.

Proof

Using the Castillo-Chavex theorem [17]. Let X(t) denotes the uninfected population X =
(Sh,Rn, Sy), and Y (t) represents the infected, = (Ey, In1, In2, Ev, I,).  Thus, system (1) can be
written as

fi_): = F(X, Y),% = G(X,Y);G(X,0) = 0. (50)

Where F and G are the corresponding right-hand sides of the system (1). According to [17], to
establish the global asymptotic stability of the disease-free equilibrium, the following two
conditions (D1) and (D2) must be satisfied for Ro < 1.

« (D1) X° = (1,0,1)Tis globally asymptotically stable for Z—}t{ = F(X,0).

« (D2) G=0 where G(X,Y) =AY —G(X,Y)and A = D,G(X° 0) is Metzler matrix
V(X,Y)eQ

The first Condition is the global asymptotic stability of X°, we have

ix Ap + WRy — UpSh

- - FX,0) = ( —(w + pp)Rp ) (51)

Av - .quv

By solving the above system, we have the behaviour of each compartment as follows
Sh 1+ Sh(O)e_“ht

X° (Rh) = | R,(0)e~(@Frn)t (52)
Sy 1+ 5,(0)e Ht

Now since lim X(t) = X° satisfying the first condition. For the second condition (D2)
X—00

—-A 0 0] 0] 0]
o, —A 0] 0] 0]
A= 0 Ph —A, 0] 0
0 SVﬂv Svﬁv _A5 0
0 0 0] o, —py (53)
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Then we compute

0

0
GX,Y) =AY —-G(X,Y) =0 (54)

l0

0

It is obvious that G(X,Y) =0, thus G(X,Y) > 0 in (D2) is satisfied. Hence, E° is globally
asymptotically stable, provided that R, < 1. This completes the proof.

2.5.3 Global Stability of the HAT-present Equilibrium.
The result of the global stability of E* in this section is as follows.

Theorem 3 The HAT-present equilibrium point E* is globally asymptotically stable (GAS) if R, >
1.

Proof.
Consider the Lyapunov function
L = ClSh + Cth + C3Ih1 + C4Ih2 + CSRh + C6Sv + C7Ev + CSIU (55)

Where ¢; for i =1,2,3,...... 8 are constants to be chosen during the proof are defined. The
derivative of L along the solution of (1) is given by

dL asy dEp dlpq dlp, dRp daSy dE, dal.

E=€1E+C2E+C3 o + ¢y ot +C5?+C6E+C7E+CSE (56)
gives

dL

pri c1(Ap + Ry — BpSpl, — upSp) + c2(BpSn 1, — (an + pp)Ep) + c3(anEn — (pp +
tn)ln1) + ca(prlps — (Yn + 8n + tp)lnz) + cs(Ynlnz — (@ + up)Rp) + cs(Ay — BySy Ups +
IhZ) - #vsv) + C7(IBUSU (Ihl + IhZ) - (ah + .uv)Ev) + CS(ava - .uvlv) (57)
dL

= = c1(Ap = unSp) + (c2 = c1)BnSn Iy + (c3 = c)anEp = counEn + (Ca = €a)pnln1 —
C3tplpy + (¢s — Ca)lpnilng — Ca¥nlnz — Ca6plpz — pnlpz + (cs — c1)WRy + c6(Ay — 1ySy) +

(C7 + C6)ﬂv5v (Ihl + Ihz) - CS.Mth + (CS - C7)(ava - C7.quv - C8:uUIU (58)
Taking ¢y, ¢y, C3,C4,Cs5,C6,C7 and cg such that ¢; =c, =c3=c,=c¢c5=c¢co =¢cy =cg, Ay —
HpSp =0

And A, — u,S, = 0 gives

dL

— = C2lnEn — c3pinlnt — CaBnlpz — Cattnlnz — CspnRy — CoptyEy — Caityply (59)

Since L is positive definite and its time derivative, dL/dt, is negative definite, L acts as a valid
Lyapunov function for the system (1). According to Lyapunov's stability theorem [18], the
endemic equilibrium E* is globally asymptotically stable within the invariant region Q.

2.6 Sensitivity Analysis of the Basic Reproduction Number
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In this section, we present a brief discussion on the sensitivity analysis of the basic reproduction
number Ro. Sensitivity analysis helps identify parameters that significantly influence the threshold
ratio Ro. A change in a highly sensitive parameter results in a substantial quantitative shift in Ro
and may even lead to qualitative changes in the system dynamics. These parameters should be
prioritized for management strategies and the development of effective control measures.

To quantify sensitivity, we employ the forward sensitivity index, alsogreferred to as the elasticity
index Rodrigues, Monteiro, and Torres (2013). This index measures the relative change in Ro
concerning a relative change in a given parameter and is mathematically defined as: R} and RY
since they are the basic reproduction numbers for humans and tsetse flies, respectively. The
sensitivity analysis of Ro to each of its parameters will be evaluated via the sensitivities of each R{
and R,

The general sensitivity index is given by:

OR
YRy =22 x = (60)

Where p is the parameter under consideration
For each component, we compute:

RN ARY
YR =2x2L gnd YR} =22x22 (61)
6p1 RO 6p2 RO

Table 2: Model Parameters, Baseline Values, and Sources

Parameter Description Baseline Source
value

Ay Recruitment rate of the human population 0.0215 Assumed

A, Recruitment rate of the tsetse fly population 0.007 Assumed

on Disease-induced death 0.0755 Sanda et al,

2024

Un Natural death rate of humans 0.0156 Assumed

Uy, Natural death rate of the tsetse fly 0.034 Assumed

Bn Contact rate of susceptible humans with 0.62 Ndondo et al.,
infected flies 2016

B Contact rate of susceptible tsetse fly with an 0.01 Ndondo et al.,
infected human 2016

an The rate at which the exposed human gets 0.0013 Assumed
infected

a, The rate at which the exposed tsetse fly gets 0.0252 Sanda et al,
infected 2024

Ph Infection progression from stage 1 to stage 2 0.07 Assumed

Yn Rate of recovery from HAT via treatment 0.0125 Assumed

w The rate of human loss of immunity and return 0.0140 Sanda et al,
to susceptibility 2024

where p; and p, denote the parameters related to R? and R{, respectively. Using the baseline
parameter values in Table 2, the computed sensitivity indices are presented in Table 3.

110



Dotia et al. - Transactions of NAMP 22, (2025) 97-114

Parameter R} Ye, [Parameter R{ Ye,
Sign Sign

By +ve  1.0000 B +ve 1.0000
Ay +ve  0.9999 A, +ve  0.9999
ap +ve 1.0000 a, +ve 1.0000
Yh +ve 0.1224 Uy -ve  0.9999
s ve  0.8472
Pn +ve 0.6856
On +ve  0.0392

The values of the sensitivity indices of R} and R¥, corresponding to the human population and the
tsetse fly population, respectively, are determined based on their magnitudes and signs, as
presented in Table 3. The table shows that the sensitivity indices reveal whether an increase in
each parameter leads to an increase or decrease in the basic reproduction number R,. In general,
positive indices suggest that increasing the parameter increases Ro, while negative indices indicate
the opposite. These indices reflect the relative significance of each parameter in influencing the
spread of the disease in the human and tsetse fly populations. Among all the parameters, the most
influential ones on the basic reproduction number are B;, Ay, o, By, Ay, and a,, for both human
and tsetse fly. This implies that the population sizes, the contact rates of humans and tsetse flies
with the infection, and the progression rates to becoming infected with HAT are the most sensitive
factors and are directly proportional to HAT transmission.

3.0 Numerical Simulation

To better understand the behavior of Human African Trypanosomiasis (HAT) transmission
between humans and tsetse flies, we used graphical methods to explore how the infection evolves
in both populations.

(0) The effect of aanamission dysamics § v on exposad veosee (b) The effect of vanemsnos Syslesacs D b oa expoted human

Figure 4. (1a) and 4. (1b) Graphs of the contact rate of human and tsetse fly with infection.
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Figure 4. (1c) and 4. (1d) Graphs of transmission dynamics tsetse fly and human

g | pB=333 — = p k=666 — p b= a:«t«\

p— =373 == p =127

(e) The tave &t windh the discace Progresses from stage | of infecrion to stage 2 ) The offiecr of infoced bumas Progresaon sage 1
Figure 4.(1e) and 4.(1f) Graphs of diseases progression in human and tsetse fly
| x B=37S —— y&=3% =12 | M. e [y
() The Rate o wisch ::;;.4455.-;--..-1.7:;,-«1.‘_:': &seme (h) The 25act of nromcy Jlois ageasy xr..ﬂ‘;', = the populasen 31 umet

Figure 4. (1g) and 4. (1h) Graphs of human recovery rate and the effect of immunity loss
DISCUSSION OF RESULTS

From Figures 4(a) and (b), we observe a clear pattern as people are increasingly exposed to the
parasite, the rate of disease transmission accelerates significantly. For tsetse flies, this means that
the more infected flies there are, the more likely it is for humans to become infected. This finding
highlights the urgent need for strategies that reduce contact between humans and infected vectors.
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Figures 4(c) and 4(d) show that both humans and tsetse flies transition to the infectious stage at
similar rates. This suggests a tightly linked cycle of transmission between the two groups,
underscoring the importance of breaking this cycle through early intervention in both human and
vector populations.

Figures 4(e) and 4(f) show how the disease progresses through different stages. In Figure 4(f), we
see that during the early (acute) stage, symptoms may be mild, and diagnosis can be delayed, yet
the disease remains transmissible. Figure 4(e), on the other hand, represents the later (critical) stage
of the disease, where symptoms are severe and, without timely and appropriate treatment, can lead
to fatal outcomes. This reinforces the need for increased awareness, early detection, and rapid
response systems in endemic areas.

Figure 4(g) provides hope: With proper treatment, recovery from Human African trypanosomiasis
(HAT) can be fast and effective. However, Figure 4(h) shows a concerning trend of recovered
individuals quickly losing immunity and becoming susceptible to infection again. This highlights
a key policy gap: the urgent need to invest in vaccine research and development to provide long-
term or permanent immunity, which could dramatically reduce the burden of HAT.

CONCLUSION

Mathematical Modeling of Human African Trypanosomiasis (HAT) Transmission Dynamics with
Two Stages of Infection was considered. The findings highlight the dynamics of transmission
between humans and tsetse flies. We investigate the solutions of the model to make sure they make
biological and mathematical sense, specifically, that they stay positive and within reasonable
limits. We calculated both the disease-free and disease endemic equilibrium points and analyzed
their stability. Additionally, we derived the basic reproduction number, Ro, which acts as a key
threshold: if Ro is less than 1, the disease is likely to die out; if it's greater than 1, the disease may
persist. Our sensitivity analysis also identified which parameters have the biggest influence on the
system's stability, highlighting the importance of the transmission rate of HAT and the rate at
which people relapse. Numerical simulations were carried out, and the graphs were plotted and
discussed. However, the need for some control measures to be put in place, such as timely
diagnosis, prompt treatment, and effective vector control, is essential to reducing the HAT burden.
The rapid loss of immunity after recovery points to a critical need for long-term solutions,
particularly vaccine development. These insights call for a coordinated policy response that
includes public health education, vector control, improved healthcare access, and investment in
vaccine development to reduce the long-term impact of Human African Trypanosomiasis (HAT)
on affected communities.
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