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Abstract

Lymphatic filariasis (elephantiasis) is a neglected tropical disease caused by parasitic worms that impair the lymphatic
system and lead to severe swelling. To better understand its transmission and control, we formulate a deterministic mathemat-
ical model to study the transmission dynamics that incorporates treatment, quarantine, and the emergence of drug resistance.
The human population is structured into susceptible, exposed, acutely infected, chronically infected, treated, withdrawal,
and three resistance stages, while the mosquito population is divided into susceptible, exposed, and infectious classes. The
model admits two main equilibrium states: the disease-free equilibrium and the endemic equilibrium. The basic reproduction
number, Ry, is derived using the next-generation matrix method. Analytical results show that the disease-free equilibrium
is globally asymptotically stable whenever R, < 1, while the endemic equilibrium is stable when Ry, > 1. Using Ghana’s
post-MDA (MAss Drug Administration) surveillance, we estimate four key parameters and three initial conditions. Sensitiv-
ity analysis, carried out using Latin Hypercube Sampling and partial rank correlation, identifies the treatment rate, resistance
progression, and mosquito biting rate as the most influential factors affecting transmission. Numerical simulations further
demonstrate that treatment alone achieves a greater reduction in prevalence compared to quarantine alone, while a com-
bined intervention of treatment and quarantine yields the most significant impact. These findings suggest that integrated
control strategies, particularly those accounting for drug resistance, are vital for the effective and sustainable management of
lymphatic filariasis.

Keywords: lymphatic filariasis; quarantine; treatment; resistance dynamics; reproduction number; sensitivity analysis.

1 Introduction

Lymphatic filariasis, also known as elephantiasis, is an overlooked tropical condition that significantly damages the economic
and social systems in Asia, Africa, the Western Pacific, and certain regions in the United States [16]. It is the leading
cause of persistent and permanent disability [25]. Globally, the disease affects approximately 120 million people with about
36 million suffering from severe incapacity or disfigurement. It is one of the most common and underrecognized tropical
diseases, carrying significant socioeconomic burden [14, 1]. Lymphatic filariasis can affect people across all age groups,
impacting men, women and children alike. The disease is triggered by tissue-dwelling nematodes, especially Brugia malayi,
Brugia timori, and Wuchereria bancrofti [24]. Elephantiasis is a pathogenic illness created by thread-shaped worms that
affects around 1.4 billion people in 73 countries around the world [25]. In males, lymphatic filariasis may lead to chronic
complications including lymphedema, elephantiasis, and hydrocele and is transmitted between individuals through mosquito
vectors. Lymphatic filariasis is an important issue for the public in the African continent, South America, and Asia, despite
a global treatment effort and a solid understanding of the disease’s pathogenesis [25]. Microfilariae and some adult worms
can be killed with drugs such as Diethylcarbamazine plus Albendazole and Ivermectin plus Albendazole. However, there
is insufficient data to support Albendazole’s efficacy, either by itself or in combination, in killing or preventing the spread
of the worms which trigger elephantiasis [4]. Some research suggest that Doxycycline has the potential to totally eradicate
microfilariae [5].

The eradication of this disease remains a big challenge, necessitating the need for evaluations of integrated intervention
strategies such as mass treatment and clinical management of chronic cases through quarantine. Quarantining such individuals
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Figure 1: Life cycle of the roundworm that causes lymphatic filariasis (LF). Source: Centers for Disease Control and Preven-
tion (CDC), DPDx. Available at: https://www.cdc.gov/dpdx/lymphaticfilariasis/index.html.

may help to prevent the propagation of the infection [22, 25]. Bed nets treated with insecticide (ITNs) and the use of
indoor residual spraying (IRS) might limit interaction between people (particularly microfilariae carriers) and vectors of
mosquitoes [16]. Despite uncertainty over the microfilarial prevalence threshold required to sustain transmission in the
absence of medicines, therapy remains the primary means of protection against the illness [25].

Several compartmental mathematical frameworks for lymphatic filariasis are available within the scientific literature, the
deterministic model based on population EPIFIL and the stochastic model based on individuals (LYMFASIM) are two signif-
icant simulation models used to enhance decision-making in the spread and management of lymphatic filariasis . However,
these models exclude intervention approaches such as quarantine,which presents a limitation. EPIFIL employs a continual
force of infection and takes into account the effect on the people and neighborhood’s age structure , whereas LYMFASIM
examines the role of the immune system in parasite control [20].

[10] stated that mathematical modeling can help maximize the use of limited resources by analyzing the spread patterns
and the economic viability of diseases that are neglected, whereas [16] provided tools and techniques to manage lymphatic
filariasis transmission and morbidity. The compartmental model proposed by [15], although useful in providing insight into
the transmission dynamics of lymphatic filariasis, is not comprehensive and has notable limitations. In particular, it fails
to account for parasite prevalence that varies with density and species. According to [9], an increase in mosquito infection
intensity may be connected with density-dependent mosquito death. Furthermore, mass pharmaceutical delivery may raise
mosquito survival rates, potentially leading to a long-term increase transmission [9].

Resistance to antihelminthics, commonly used to treat human infections, is a major concern [7]. It has already been
reported that the widespread use of benzimidazoles (BZ) and the use of Ivermectin (IVM) in human medicine has led to the
emergence of drug-resistant strains. [17].

Given this, it is reasonable to expect that mass drug administration (MDA) in large population groups over several years
might impose a substantial selective stress on parasitic organisms, likely contributing to the evolution of resistance to medi-
cation types [8]. As the size of the population groups and the duration of the program expand, the danger of treatment failure
due to the establishment of resistance becomes increasingly obvious. Furthermore, filarial parasite genetic variation may have
a substantial impact on medication efficacy as well as the establishment and dissemination of resistance [18].

So far, there has been evidence of non-susceptibility to DEC in filarial worms [6], but complete resistance studies are
difficult due to an absence of comprehension regarding its mode of action. [13] found Onchocerca volvulus to be resistant
to IVM but no resistance in Wuchereria bancrofti has been proven. However, numerous nematode parasites are showing
resistance to BZ [19]. Despite these discoveries, the importance and mechanisms of medication resistance remain unclear.
To determine the amount of antihelminthic resistance in elephantiasis and identifying the key factors contributing to parasite
drug resistance, gaining such insight will enhance our understanding of potential treatment failures associated with mass drug
administration.
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Despite extensive research into the mechanics of lymphatic filariasis transmission, there is still a significant vacuum in
our understanding of drug resistance. This study tries to address these shortcomings by constructing a Susceptible, Exposed,
Infected, Susceptible (SEIS) mathematical model that incorporates drug resistance, determines the basic reproduction number,
executes numerical simulations of the model, and assesses both local and global stability.

The rest of the article is organized as follows: In Section 2, we present the mathematical model formulation, including
the compartments, assumptions, and governing differential equations. Section 3 provides the analysis of the model, such
as positivity, boundedness, and stability of equilibria, together with the computation of the basic reproduction number. In
Section 4, we describe parameter estimation using Ghana’s post-MDA surveillance data. Section 6 contains the numerical
simulations and sensitivity analysis to explore intervention strategies. Finally, Section 7 concludes the article with key
findings and policy implications.

2 Mathematical Model Formulation

The model is structured into twelve compartments, dividing the population into different classes. Both the human and
mosquito populations are categorized based on their lymphatic filariasis status. The human population is subdivided into
the following compartments: susceptible individuals, S,(¢), exposed individuals, E,(¢), acute infected individuals, I;,(t),
chronically infected individuals, 7,.(¢), treated acute infected individuals, 7, (f)and withdrawal of treated individuals, W;,(7)
representing individuals who have completed treatment successfully and are temporarily withdrawn from the treatment com-
partment. They may eventually lose protection and return to the susceptible class at a rate p, R; () First-stage drug resistance,
representing individuals who after treatment retain partial worm survival leading to reduced treatment efficacy, R,(f) Second-
stage drug resistance, representing individuals who have progressed to a higher level of resistance due to repeated treatment
failure or parasite adaptation, R3(f) Third-stage (advanced) drug resistance, representing individuals where the parasites are
highly tolerant to treatment, making conventional drugs ineffective . The total human population is given by:

Ni(t) = Sp(®) + Ep(t) + Ina(0) + Ine(t) + Ti(2)
+ Wi (1) + Ri(t) + Ry(t) + R3(¢). 2.1

This model is predicated on the idea that there isn’t an infection in the beginning. Additionally, we presume that indi-
viduals in the infected-acute and infected-chronic populations transmit the infection to the mosquito population, regardless
of various quarantine measures applied to infected-chronic individuals. The mosquito population is divided into three com-
partments: susceptible mosquitoes, S ,(¢), exposed mosquitoes, E,,(f), and infected mosquitoes, I,,(#). The total mosquito
population is expressed as

Nin(0) = S () + Ep() + Ln(2). 2.2

The recruitment rate of the human population is denoted by A, while A,, represents the recruitment rate of the mosquito
population. The natural death rates for the human and mosquito populations are y, and y,,, respectively. The symbol for the
mosquito bite rate on humans is 8. Susceptible mosquitoes are infected by microfilariae, which live in the lymphatic nodes
and channels, when they bite individuals in the infected-acute or infected-chronic stage during a blood meal [2 1]. This occurs

at a rate given by
ﬁﬂm(lha(t) + 61]‘160))
ﬂm(ﬂ = . (23)
Nu(0)

The vector ingests microfilariae at various rates when it bites humans in the infected-acute stage, I,,(f), and the infected-
chronic stage, I.(t). The rate at which microfilariae are discharged is ,,0 from individuals in I;,(f). Once consumed, the
sensitive mosquito transfers into the exposed class, E,,(f). The microfilariae transform into infectious filariform larvae at this
stage. The mosquito then advances into the infected class, I,,(¢), at a pace «,,. The rate at which the larvae infect a susceptible

human host during a subsequent intake of blood by the infected mosquito is determined by:

ﬂﬁh[m(t)
WG

(1) = (2.4)

Using the descriptions, assumptions, and definitions of state variables. We derive the following nonlinear system of
ordinary differential equations that characterizes the proposed SEIS model for lymphatic filariasis.
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Figure 2: Flow diagram for the transmission dynamics of lymphatic filariasis

Table 2: Model parameter descriptions and their units (Table 3 provides the values used in simulations).

Parameter Description Unit

Ap Recruitment rate of | individuals/day
humans

A Recruitment rate of | mosquitoes/day
mosquitoes

Hn Natural death rate of | 1/day
humans

Mo Natural death rate of | 1/day
mosquitoes

B Mosquito biting rate | bites/mosquito/day
on humans

I Transmission proba- | dimensionless
bility from mosquito
to human

I Transmission proba- | dimensionless
bility from human to
mosquito




Table 1: State variable description

State Variables Description

S Susceptible humans

E, Exposed humans

Ina Infected-acute humans

I Quarantined Infected
chronic humans

T, Treatment of infected-acute

Wi, Withdrawal of treated hu-
mans

Ri,R>,R; Resistance to drug

S Susceptible mosquitoes

E, Exposed mosquitoes

I, Infected mosquitoes

Rate of progression
from acute to chronic
infection in humans

1/day

Chemotherapy/ treat-
ment rate of acutely
infected humans

1/day

i, M2, 13

Immunity devel-
opment rates for
resistance classes

1/day

w1, Wy, W3

Progression rates
between resistance
classes

1/day

Rate of loss of partial
immunity

1/day

7

Rate of progression
from exposed to
acutely infected
humans

1/day

T

Rate of progression
from exposed to in-
fected mosquitoes

1/day

The rate at which
individual acquired
partial immunity

dimensionless




Using the stated assumptions and flow diagram, we derive the following nonlinear ODE system.

dS/, ﬁﬂhlmsh
B A+ pwy = B2 g

dr h T PWh N, Mho h
dE, _ BOulnSy
—_ - + up)E

7 N, (@ + pn)Ey

dlha

d = apkp — nlye — (K + )l

t
dlhc
= kI, a — Iu'

di Klpg — Hndi

dTy,

o = e = 6+ w1(1=8) + )T
daw,
d_th =0Ty + mRy + MRy + mi3R3 — (o + )Wy

2.5)
dR,
e wi(1 =0Tk — (w2 +m1 + )R,
dR
72 = Ry — (w3 + M2 + )Ry
t

dR;
— = w3R, — + R

o - ok (173 + Hr)R3

dSm ﬂﬁm(lha + 6Ihc)Sm
. = Am - - mSm
dt N, .
dEm ﬁﬂm(lha + 6Ihc)Sm
Y = — (O + pm)E
7 N, (am + pim)
dl,
E = anEy — il

From the model diagram in Figure 2. The non-linear ordinary differential equations that describe the transmission dynamics
of lymphatic filariasis With the following initial conditions: S;(0) > 0, E;,(0) > 0, I;,(0) > 0, I;,(0) > 0, T,(0) > 0, W,(0) >
0,R1(0) > 0,R,(0) > 0,R3(0) > 0,S,,(0) > 0, E,,(0) > 0, ,,(0) > 0.

3 Analysis of Lymphatic Filariasis Model

This section presents the analysis of the lymphatic filariasis transmission of model (2.5) to establish its mathematical and
biological validity and to explore its long-term behavior. The analysis focuses on determining the conditions under which
the disease either dies out or becomes endemic, based on the basic reproduction number, Ry. It can be shown that the model
(2.5) solutions remain non-negative and bounded within a biologically feasible region. The stability of the disease-free and
endemic equilibria is then examined, as these equilibria govern the ultimate outcome of the infection dynamics.

3.1 Positivity of Solutions

Model (2.5) monitors the human population, so it is crucial that all state variables remain non-negative. Therefore, the
solutions to model (2.5) must remain non-negative for ¢ > 0. To ensure this, the following theorem is applied.

Theorem 3.1. Consider the SEIR model system 2.5 with non-negative initial conditions:
{S40), En(0), 14a(0), Inc(0), Th(0), Wi(0),R1(0), R2(0), R3(0), S,,(0), Epn(0), 1,,(0)} > 0.

Then, the solution remains in R'? for all t > 0, for every t € [0, T].

Proof. We show that all state variables remain nonnegative for all # > 0, given nonnegative initial conditions. We present the
argument for S (f); the remaining compartments, which follow similarly.



From (2.5) we consider the equation for S j():

ds

d_th = Ah =+ Wh - /lh(t)Sh _thShv
it follows that

dSh

> - At h S ’

” (A(®) + pn) Sn

dividing by S > 0 and integrating from O to ¢ gives

S p(1) ds !
f iy _ f ((s) + ) ds,
0

$,0) Sh

this yields
13
InS; () —In§,(0) = - f (An(s) + up) ds,
0
hence

S0 = SO exp( - fo (A(s) + ) ds) > 0.

Thus, all state variables remain nonnegative for all # > 0. Therefore, it S(¢) is positive for ¢ > 0.

Similarly, it can be shown that, E;(t) > 0, Lu(f) > 0, 11(t) > 0,Tu(t) > 0, Wy(t) > O,R1(f) > O,Ro() > O,R3(t) >
0,8 () >0,E,(1) 20,1,(t) 2 0. o

3.2 Invariant Region

To ensure biological realism, we consider all parameters and state variables to remain non-negative for every ¢ > 0. Suppose
the solution vector evolves from an initial condition with non-negative values. The following sets represent the biologically
feasible regions for the human and mosquito populations, respectively:

Theorem 3.2. The solutions of model (2.5) are contained in the region Q C R1%, where Q represents the set of all biologically
feasible solutions for the human and mosquito populations.

Proof. The feasible region for the human population is defined as:

Ay
Q) = {(Sh,Eh»Iha’Ihc»Ths Wi, R1, Ry, R3) - Ni(1) < Iu—;} 3.1

Similarly, the feasible region for the mosquito population is given by:

Q, = {(Sm,Em,1m>  Nolt) < 2} (32)

m

By employing the differential inequality result established by [3], it follows that as ¢t — oo, the human population N;(f)
satisfies
N;(t) < Ap = upNi(2).

Consequently, N (¢) is confined within the bounds

A
0 < Ny(t) < =2,
Mh

Therefore, the human population trajectories are restricted to the positively invariant region €, and similarly, the mosquito
population remains within €,,,. O



Basic Reproduction Number

The basic reproduction number, Ry, is determined using the next-generation matrix method [23], where Ry = p(F V1, with
F and V denote the new infection and transition matrices, respectively.

We let
ﬁﬁlxlmsh
Nj,
0
0
0
0
F= 0
0
0
BOnTna+615)S m
Nh
0
and
I 0 O 0 0 0 0 0 0 0
—-a, I, O 0 0 0 0 0 0 0
0 -« Ij 0 0 0 0 0 0 0
0O -n O Iy 0 0 0 0 0 0
|10 0 0 = Is -m -, -3 0 0
V= 0 0 0 Vb-Dw 0 Ty 0 0 0 0 3.3)
0 0O O 0 0 —-w, Iy 0 0 0
0 0O O 0 0 0 —w3 Ty 0 0
0 0O O 0 0 0 0 0 Iy 0
0 0O O 0 0 0 0 0 -a, T

where, I't = (@, + ), I = (p+k+ ), I3 = wp, Ty = =0 — Dwy + 6 + pp,I's = (o +pp),Ts = (w2 + 11 + pp),I7 =
(w3 + 12+ ), Ty = (73 + up), Lo = (@ + p), o = fim.

The basic reproduction number Ry is a spectral radius, po(FV~') and the result is given by

\/ (5’( + ,uh)ﬁhﬁmAma'ham

R ) + i+ (@ + 17+ Ky + 22 ) An(@n + )
0 =

/’l m

3.3 Disease-Free Equilibrium and Stability Analysis

The disease-free equilibrium Ej is a state where no individual is infected or transmitting the disease, given by:

A A
Ey = —h,o,o,o,o,o,o,o,o,—,o,o),
,uh /1m

where the components correspond to (S 1, Ep, Ings Inc, Thy R1s Roy Ry, Wiy S iy Eis Iy), respectively.

3.3.1 Local stability of the disease-free equilibrium

Lemma 3.1. The DFE for the lymphatic filariasis model (2.5) is locally asymptotically stable if Ry < 1 and unstable when
RQ > 1.

Proof. The Routh-Hurwitz criterion is employed to analyze the local stability of model 2.5 by evaluating the Jacobian matrix
at the disease-free equilibrium (DFE) as shown below:



ry-a 0 0 0 0 0 0 0 0 0
-, Ip-A4 0 0 0 0 0 0 0 0
0 -« Iz-2 0 0 0 0 0 0 0
0 -n 0 Iy-2 0 0 0 0 0 0
0 0 0 -0 F5 -A —m —m k) 0 0
V= 0 0 0 (0 — Dw; 0 [g—A4 0 0 0 0 3-4)

0 0 0 0 0 -wy TI7-24 0 0 0
0 0 0 0 0 0 —w3 TIg—4 0 0
0 0 0 0 0 0 0 0 Iy—-2 0

0 0 0 0 0 0 0 0 -, Tip-A4

where, I't = (@, + ), I = (p+k+ ), I3 = wp, s = =0 = Dwy + 6 + pp,I's = (o +up),Ts = (w2 + 11 + pp),I7 =
(W3 +m +up), Tg = (3 + pp), Lo = (@ + pn), 1o =

The following characteristics polynomials are obtained:

0=—(ap+up)—Aa (3.5)
0 = —6nAd — Sy + A + qup + kA + Ky, + A2 + 2Au +,ui, 3.6)
0=A% 42w + dw; + A + Ap + ,u,zl + w1 + e + ppp + w1 + dp, 3.7
0= aud + apuy, + 2+ Ay + Ay + (3.8)

0 = —mimans — mmad = mimaptn — M3 = Minsptn — Mzws — |A” = 2 Ay — M Aws — 0145 — M3
— M3 A = mapn — M3 wa — A = 2 Ay, — M Aw) — Moty — Maptpws — 34>
= 2034y — 3wy — M3AW3 — T30, — M3ppW2 — N3pw3 — P3wrw3 — A
- 3/12/1h - /12w2 - /12w3 - 3/1/1% = 2Aupwr = 24upw3 — Awrws — /Ji - p%wz - piw3 — UpWrWs3. (3.9)

From the characteristic polynomials, it is easy to see that the eigenvalues are negative. O

3.3.2 Global stability of the disease-free equilibrium

With all state variables shown to remain nonnegative for ¢+ > 0, we now examine the long-term behavior of the system at
the disease-free equilibrium (DFE), where no infection persists. Positivity and boundedness ensure the variables remain
biologically meaningful, forming the basis for stability analysis. We aim to prove that the DFE is globally asymptotically
stable when the basic reproduction number Ry < 1, using Lyapunov functions to demonstrate that the disease will ultimately
be eradicated regardless of initial conditions.

Lemma 3.2. The DFE of model (2.5) is globally asymptotically stable if Ry < 1 and unstable when Ry > 1.
Proof. The system of equations (2.5) can be divided into two subsystems:
X, =(Sy,Sm), representing the susceptible compartments of humans and mosquitoes,

Y1 = (En, Inas Ine, Ty Wi, R1, Ry, R3, E, 1y),  representing the exposed, infected, treated, and recovered compartments

accordingly, the model (2.5) can be rewritten in the reduced form:

dX
d_tl =F(X,, 1),
v where X; € R2, ¥, e R (3.10)
1
— =G(X3, 7Y,
. (X1, Y1)
Further simplification by identifying X; with (X;,0) and ¥; with (0, ¥;) in R2 x R!%, The reduced system is obtained as
dX
d_tl = F(X4,0) follows: o
d_th = Ap = MnS hs
s (3.11)
— = Am - mSm
dt a



However, there

An An
Xﬁwmsm=ti—ﬁ
Mh Mm
is a globally asymptotically stable equilibrium for the reduced system
dX,
— = F(X1,0).
7 (X1,0)

This is verified by integrating the first equation of the reduced system 3.11 from O to . We obtain
A A
nm=l+@@—lyw,
Hn Hn

A
which approaches Zhoast — oo, Similarly, integrating the second equation of the reduced system 3.11 from O to ¢ gives
Hh

A Am)\ _
Spt) = — + (Sm(()) - _)e /lml’

m m

AlTl .. . . . . .
which approaches — as t — oo. In addition, it G (X1, Y;) applies to the two criteria in [! 1] thus G(X;,0) = 0 and
ﬂm

G(X1, Y1) =AY - G(Xl, Y1) where G(Xl, Y1) > 0 the system of differential equation 2.5 is written as,

dX

E¥H&H)

oy (3.12)
1

— =GX,,Y

7 X1, 1)

These criteria are created as,

170.¢
e Scenario [T;] : For d_tl = F(X1,0), X7 is globally asymptotically stable.
e Scenario [T>] : G(X4,Y,) =AY, — G(Xl, Yy) with G(X,, Yy) > O for (X;,Y;) > 0,

where A = DY,G(X7,0) is an (M-matrix). Using the properties of the M-matrix, the disease-free equilibrium (DFE) of
the lymphatic filariasis model, denoted by Ej, is globally asymptotically stable provided that the basic reproduction number
R < 1 and conditions T ,T» hold. O

Theorem 3.3. Then the lymphatic filariasis at disease-free equilibrium is globally asymptotically stable if Ry < 1 and only
if the scenario T\ and T, are satisfied.

Proof. We therefore focus on the infected subsystem (Ey, Ing, Inc, Tn, Wi, R1, Ro, R3, Ey, I,) as defined in (3.12).

BIWLS 1 /Ny — (a + ) Ep,
arEp — 16 — Dlpg — (k + pp)lpa,
KIha _,uhlhc:
76 — Dlpg — (¢ + w1 + )T,

| Th + MRy + 2Ry + m3R3 — (0 + up) W,
= w1 Ty — (w2 + 11 + up)Ry, (3-13)

WaRy — (w3 + 12 + up)Ry,

W3Ry — (73 + up)R3,
ﬁﬁm(lha + 6Ih(')Sm/Nm - (am + ,um)Em,
anEy, — iy

10



Equation (3.13) can be represented in matrix form as follows:

T, 0 0 0 0O 0 0 0 0 0)\(E Buln (1 - 34)
@ -T» 0 0 0 0 0 0 0 0 ||l 0
0 «x -Iy 0 o 0 0 0 0 0 || 0
O 5 0 -4, 0 0 0 o0 0 0| 0
, | O 0 0 6 -Is m m m 0 0 [|Wa|_ 0
"=lo 0o 0 wi-® 0 -, 0 0 o 0|~ 0 (.14
0 0 0 0 0 w -I;y 0 0 0 ||’ 0
0 0 0 0 0 0 w -Ty 0 0 ||&s 0
0 0 0 0 0 0 0 0 T 0 ||En| |80l +6l0 (2ot - 32)
0 0 0 0 0 0 0 0 apy _Fl() Im 0

which is in the form Y{ =AY, - G(X 1, Y1), as in condition T, we have,

- 0 0 0 0 0 0 0 0 0
a, -Ip O 0 0 0 0 0 0 0
0 k I3 0 0 0 0 0 0 0
0 n 0 —TIy 0 0 0 0 0 0
A= 0 0 0 0 -Is m m n 0 0
10 0 0 w(d-6 0 -y 0 0 0 0
0 0 0 0 0 w, -I; 0 0 0
0 0 0 0 0 0 w3 -Tg 0 0
0 0 0 0 0 0 0 0 -Iy 0
0 0 0 0 0 0 0 0 an —Tho
and
poutn(1-%)

0

0

0

G(X,.Y)) = 8

0

0

Bt nTha + S1he) (3252 - 32)
0

A
where, N;, = ~" is the total human population and N,,, = %,Fl = (ap+u)En Ty =+« + w)lha, Ts = wpdpe, Ty = (0 +
Hn "
w1 (1=8)+up)Th,T's = (0+up)Wi,Te = (w2 +m1 +up)R1, U7 = (w3 + 2+ wp)Ro, T's = (113 +n)R3, T = (@ + ) B, Tro = pindin
Specifically if, ¥;(0) > O then Y;(¢) > 0 V¢ > 0. Applying the variation of the constant formula, we have

0<Y,(0) = eMY,(0) - f AIGX (), Yi() dr < €47Y1(0),
0

since A; is M-matrix ,Ry < 1 then A; had a negative dominant eigenvalues,
lim || @] = 0
—oo

tlim Y11))=0

These prove that model 2.5 is globally stable.
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Figure 3: Global stability of lymphatic filariasis at disease-free equilibrium when (a) and (b) Ry = 1. All simulations were
conducted using the baseline parameter values provided in Table ??

The global stability of the disease-free equilibrium (DFE), Ey, of the lymphatic filariasis model is validated under two
scenarios. First, when Ry is less than unity (Ry < 1), using all parameter values as indicated in Table 3, except for § = 1.322
and Ry = 0.05. Secondly, as shown in 4(b), the global stability of the DFE is demonstrated when R, = 1 is obtained with
B =26.445 and Ry = 1.0, while all other parameters remain as listed in Table 3.

3.4 Endemic Equilibrium

The endemic equilibrium state of model 2.5 is determined if disease persists in a population at a constant level over time,
without dying out or leading to an outbreak however, the endemic equilibrium is given as:

T = (SLELL T:, Wi R R R, St En 1)

ha’ hc’

. BWLS, )

0=Ay +pWh N /thh
BOWLLS .
= N, — (o + /Jh)Eh

0=anE; —nl; — (k+upl;,
0= Ky, ~ ],
0=nl,—(n+wi(1-96)+w)T,
0= 6T + MR} + MR, + MR — (o + u) W,
0= wl(l =0T} — (w2 + 1 + pp)R]
0=wiR| — (w3 + M2 + up)R;
0=wsR; - (113 t#h)R§*
0= A, - B, + oI )S,, S
B, + 0T )§

= i

0=auE, — unl,

(3.15)

m

—(ap + ,um)E:n

Solving the system 3.15 when it is in a general steady state, the following results are obtained:

§* = An(ap + pr)(n + k + pp)(n + w11 = 6) + pp)(p + pp) (W2 + 1 + pp) (W3 + 72 + pp)(3 + pip)
a3 A, wrw3péi + apteA,w2p€11 &8 + e A, p&11§78s + andnd, péeér&s — (A + ) 11

MO+ ke )+ 0l = 6) + ) (o + pp) (@2 + 1+ ) (w3 + 12 + ) (73 + )
a3 A,wrw3péi + aplmA,w2p811&s + e A, pEn§1és + andnd; péeérés — (An + ) 11

Apapd;(n + wl(1 = 0) + )P + ) (W2 + nl + pp) (W3 + 02 + pp)(3 + pn)
a3 A, wrw3péi + apti A w2p€11&8 + apnm A, 11 E788 + @ndnd; péeérés — (A + ) 11

s

Iha -

Apapkd;(n + ol(1 = 06) + w)(p + wp)(W2 + 1 + wp)(W3 + 12 + wp) M3 + pn)
(CWITIM wrw3p€11 + apa AL wrp€11€s + apnni A, pE11E7E8 + andnA; péeérés — (An + up) H)

* —
Ihc -
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Apapmdy (o + pp) (w2 + 1l + pp) (w3 + 02 + w3 + )

T; =
" ama Ay wawspény + anmaAjwapénés + apmm ALpénérés + anondpéeérés — (A + pn) [1
— (p3waw3811 + Mmwrénés + ménérés + 6668268) Anannd,,
" ama Ay wawspény + e Ajwapénés + apm ALpéniérés + anond;péeérés — (A + pn) [1
7 - Ananywl(1 = 6)(p + pp)(W3 + 02 + pp)(n3 + pn)
U ama A wawspénn + A wapénés + anmm A pénérés + anond;péeérés — (A + pn) I
B - Apapn w0 1(1 = 0)(o + un)(m3 + wp)
2 amdywawspéin + ey wapéniés + amm Apénéaés + apondipéeéaés — (A + ) T1
R = ApapmAywrwswl(1 = 6)(p + wy)
P s wawspény + e Ajwapénés + anm AL pénérés + andndipéeérés — (A + ) I1
. _ An
AR+

m =

(@ + ﬂm)(/l;% + ,um)

Ama’m/lfn
(@m + ) () + M )
where, & = (g + pn), &3 = M+ Kk + up), & = (7 + W11 = 6) + up), & = ( + pn), &6 = (W2 + 1 + pp), &7 = (W3 + 172 + pp),
&8 = (3 + pp), én = wl(1 = 6), and [] = £,636465E66783.

Lemma 3.3. A unique endemic equilibrium exists in the lymphatic filariasis model 2.5 whenever Ry > 1; otherwise, no
endemic equilibrium is present.

* —_—
m =

Proof. To establish the global stability of the endemic equilibrium, we construct a logarithmic Lyapunov function following
the approach proposed by [12] given as:

.|

J=1 J

where w; represents the j-th feasible state variable, and u)j. denotes its corresponding endemic equilibrium value principle.

‘We obtained:

*

s: s
V=y-S)-S; ln(S )+h1(S s:;,)-s;;ln(s'"

E; I
)+h2(Eh_EZ) Ehll’l(E )+h3(1ha I;a) Ihal (1 )
ha

L T; W; R;
+ hy(Ipe — ) Ihcl + hs(T), — T ) — T In + he(W), — ) Wh In + h7(Ry — RT) - RT In{—
Ih T W Rl

*

R; R; E
+ hg(Ry — 2) - R In + ho(R3 — 3) R In{ =]+ hio(E, — E ) E:n In n
R2 R E

m

*

I
)+ h“(lm - I;kn) — I;:,L IH(I—m

m

). (3.16)

We calculate the time derivative of V(X). For a logarithmic Lyapunov function, this can be expressed as:
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*

Vo= (1= 5 [+ oW = (Sl + (1= 2 | [4 0 = (@ + ) ]
_lha
Iy

I
[anEn — (7 + & + p)]pa] + (1 - I_) [€Tha = tandhe)
he

T W
) [(7pa — (6 + wi(1 = 6) + up)Ty] + (1 - Wh) [6T), + mRy + MRy + n3R3 — (o + ) Wi ]

i
h
" (3.17)

1

R: R,

R w1 (1 =8)Ty — (wy + 11 + )R] + (1 - R [w2R) — (w3 + 12 + )Ry ]
)

R

W E =

[
S:/l *
[w3Ry — (73 + pn)R3] + ( 3 )[Am — (A, + wn)S ]

m

o5 |

*

E* I
+( _ m)[/l S (a,m+/lm)Em]+(1—I—)[QmEm_/JmIm].

m

By expanding and simplifying the expression we have,
v * S;kl * *® * EZ * *
V=A +pWh - (/lh +/,lh)Sh - S—(Ah +pWh) + Sh(/lh +,uh) + /thh —(ay +/1h)Eh - E—/thh + Eh(ah +/,lh)
h h

+anEn — (n+ k+ wn)lha — I]ﬂahEh + Ly, (7 + k + w) + kg — pindpe = f’(]ha + Lyoptn
na C

T

+11la = 6+ 01(1 = 0) + )Ty = =l + T + wi (1= 8) + )

h

W, .
+ 6Ty + MRy +mRy + 73Rz — (o + )Wy, — W(5Th + MRy + MRy + m3R3) + W, (0 + up)
h

Ry .

+wi(1 =0)Ty — (w2 + 11 + )R — ITwl(l =0Ty + Rj(w2 + 11 + up)
1

R
+ wrRy — (w3 + 12 + )Ry — ITZCUZRI + Ry (w3 + 12 + pp) + w3Ry — (73 + )Rz — 173603132 + R;(n3 + i)
> 3

S*
- (/l:; + ,um)Sm - S_mAm + S:;,(/l;, + ﬂm) + /l:(nSm - (a'm +/lm)Em

s *

* * I’ *
= 20 Sm+ E (@ + ) + @nEy — iy — = amEp + Lot
Em Iln

Let
V=Vi-V,

where V| and V, are given by

Vi =S, + pn) + Ep(an + pp) + L+ k + ) + Lo + T30 + wi(1 = 0) + pp) + Wy(o + up)
+R{(wy +m1 + )+ Ry (w3 + 10+ ) + R5(p3 + i) + S ,(4, + )
+ Ep(@m + tm) + Dot + Ay + oW + 4,8y + nEp + kg + g + 6T, + MRy + MRz + 13R3
+ w1(1 = 6Ty + waRi + W3Ry + Ay + XS + amEn (3.18)

and

* * *

S
Vo= (4 +w)Sh + S—Z(Ah +pWi) + (@n + u)En  + E—Zazsh + (0 + K+ )l + h’:—“ahEh

I T wr
+ tnlpe + I’fklha + (6 + (1 =8) + )Ty + T—’;nlha + (o + u)Wy + W’;(an + 1Ry + MRy + 13R5)

+ (w2 + 11+ )Ry + R—1w1(1 —O)Th+ (w3 +m+pup)Ry  + R—2w2R1 + (3 + pp)Rs + R—3w3R2
1 2 3

* *

S E 1
+ (4, + n)Sm + S—’"Am + (@ + ) Ep + E—"’/l;‘nSm + il + I’—"amEm. 3.19)

m m m

If Vi < Vs, then V < 0. Based on LaSalle’s invariant principle, the endemic equilibrium 7* achieves global asymptotic
stable, where V = 0 hold if and only if Q = T*. where
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Q = (Sh, Eh’ Ihaa Ihw Th? Wh’Rl ,RZ,R3’ Sma Em’ Im)
T =S, E 1 . L. T, , W, R, R, R;, S, B 1)

m?

Hence, the largest compact invariant set is contained within.

{(Sh, Ens Iias Ines Tos Wi, R, R2, R3, S s Eypy 1) € R 1V = 0} (3.20)
We deduce that T* is globally stable in R!?, provided Ry > 1. O
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Figure 4: Global stability of infected humans at Equilibrium when Ry > 1. All simulations were conducted using the baseline
parameter values provided in Table 3.

The global stability of the infected humans at equilibrium when (Ry > 1) of the lymphatic filariasis model is validated
when Ry is greater than unity (Ry > 1), using all parameter values as indicated in Table 3, except for 8 = 39.666803 and
Ro = 1.5. while all other parameters remain as listed in Table 3.

4 Parameter Estimation

To quantify the dynamics of lymphatic filariasis (LF) transmission in Ghana, we calibrated the proposed model using empir-
ical data extracted from the national monitoring reports published in [2]. The dataset consists of yearly aggregated counts
of individuals who tested positive for microfilariae (mf) from 2010 to 2014 across selected endemic districts. These data
were collected as part of Ghana’s post-MDA (Mass Drug Administration) surveillance efforts during the country’s transition
toward elimination.

4.1 Fitting Strategy

The model was fitted to the observed cumulative m f-positive cases using a nonlinear least squares method implemented via
MATLAB’s 1sqcurvefit optimizer. A Savitzky-Golay filter was first applied to the differenced infection counts to smooth
local fluctuations while preserving the overall trend. The fitting objective was to minimize the sum of squared residuals
between observed values yos(f) and model-predicted values ymoqei(£; 6), given by:

min Z‘ [yobs () = Yinode (13 )]

This optimization yielded parameter values 6 that best describe the observed progression of LF in the target population.

Next, we present the estimated parameters and initial conditions. The estimation focused on four key biological parame-
ters—progression rate to chronic infection (x), worm recovery rate (p), first-stage recovery rate (w; ), and transmission/contact
rate (8)—as well as three initial conditions: susceptible population (S ), acute infections (40), and chronic infections (/).
The fitted values are provided in Table 3.
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Figure 5: (a) Observed total number of individuals testing positive for microfilariae (mf) per survey year across Ghana’s
endemic districts. The data, drawn from [2], reflects year-to-year fluctuations during the post-MDA surveillance phase. (b)
Model fit to the cumulative m f-positive cases. Red circles represent observed data, while the blue curve denotes the model
prediction. The fitted model captures the upward trajectory of cumulative infections over time with high accuracy (R?> = 0.98),

supporting its utility for evaluating LF elimination progress.

In addition, to reduce model complexity and improve identifiability, several parameters were fixed based on estimates
from the literature and biological assumptions. The fixed parameters include demographic rates, transition probabilities, and
transmission-related constants. Table ?? summarizes their values.

Table 3: Estimated parameters and initial conditions for the LF model fit to Ghana data.

Parameter Description Estimated Value
K Progression to chronic infection 0.5368

P Worm recovery rate 0.0101

w First-stage recovery rate 1.1211e-05

B Transmission/contact rate 43.8166

Sho Initial susceptible population 2,000,000

Lo Initial acute m f-positive individuals 50

I Initial chronic m f-positive individuals 492

The total initial human population was assumed to be N, = 1 x 10°. Initial conditions for human compartments were
derived as proportions of Nj: exposed individuals E,(0) = 107°N;, treated individuals 75,(0) = 0.0002N}, chronic stage
individuals W;,(0) = 0.00001N}, and recovered compartments R;(0) = R,(0) = R3(0) = 0. The remaining population was
assigned to the susceptible class S(0) such that mass balance was preserved:

Sn(0) = Ni = (Ep(0) + 15a(0) + 14 (0) + Th(0) + Wy, (0) + R, (0) + R2(0) + R3(0)),

where 1;,,(0) and 1,.(0) were estimated from data fitting. The initial mosquito population was set to 1 x 10*, distributed as
follows: susceptible S,,(0) = 0.9 x 10*, exposed E,,(0) = 0.005 x 10*, and infectious 1,,(0) = 0.005 x 10*.

4.2 Confidence Intervals and Goodness-of-Fit

Using the Jacobian returned by the optimizer, we computed 95% confidence intervals for each parameter. The model demon-
strated a strong agreement with the observed data, yielding a coefficient of determination of R> = 0.9797. This indicates
that the model explains nearly 98% of the variability in the cumulative m f-positive case counts, underscoring its ability to
reproduce LF dynamics during Ghana’s elimination phase.
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4.3 Residual Diagnostics and Model Adequacy

While the R? value of 0.98 (Figure 5) indicates that the model reproduces the general trend in the cumulative mf-positive data,
a high value R? alone does not guarantee that the model fully captures the underlying transmission dynamics. To assess the
adequacy of the fitted model, we conducted a detailed residual analysis (Figure 6) using standardized residuals, distributional
checks, autocorrelation analysis, and normal Q-Q plots.
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Figure 6: Residual diagnostics for the calibrated LF model: (a) standardized residuals vs. time with +20 and +30 reference
lines; (b) histogram of residuals with fitted normal density; (c) residual autocorrelation function (ACF) with 95% confidence
bounds; (d) normal Q-Q plot.

We present the standardized residuals vs. time in Figure 6(a). Most deviations fell within the +20 bounds, suggesting
no extreme outliers. However, distinct temporal clusters of positive and negative residuals were observed, notably in mid-
2010 to early 2011 (overestimation) and mid-2011 to early 2012 (underestimation). Such clustering suggests that unmodeled
time-dependent processes such as seasonality, variations in intervention coverage, or localized outbreak effects may influence
transmission dynamics. In Figure 6(b), we present the residual distribution analysis. The histogram exhibited a left-skew
relative to the fitted normal density, with heavier negative tails. This indicates that the model occasionally underestimates the
observed prevalence by a substantial margin, particularly at the beginning of the time series. The Autocorrelation function
(ACF) as seen in Figure 6(c) displayed statistically significant short-lag correlations, implying that residuals are not fully
independent and may contain unmodeled temporal structure. This is consistent with the possibility of serial correlation
arising from environmental or programmatic factors operating at annual or sub-annual timescales. Finally, the Normal Q-Q
plot is seen in Figure 6(d) where deviations from the 45° line were most pronounced in the lower tail, where large negative
residuals occurred more often than expected under Gaussian assumptions. This suggests potential structural mismatches
during specific years, possibly linked to un-accounted shocks in transmission.

5 Sensitivity Analysis

The impact of model parameters on the basic reproduction number (Ry) of lymphatic filariasis was assessed using sensitivity
analysis to identify parameters that most influence disease transmission. Parameters related to mosquitoes, transmission,
treatment, infection progression, and immunity were analyzed using values from Table 3. Latin Hypercube Sampling (LHS)
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was used, varying each parameter by +20% around its baseline value over 5000 simulation runs. Partial Rank Correla-
tion Coeflicients (PRCCs) quantified the monotonic relationship between each parameter and Ry, controlling for all others.
Statistical significance was determined using a two-tailed test for correlation coefficients. The results are summarized in
Figure 7. Mosquito-related parameters strongly influenced Ry. The natural death rate of mosquitoes (w,,) was negatively cor-
related (PRCC = -0.958, p < 0.001), while mosquito recruitment (A,,, PRCC = 0.789, p < 0.001), progression to infectious
stage (a,,, PRCC = 0.568, p < 0.001), and human-to-mosquito transmission probability (#,,, PRCC = 0.789, p < 0.001)
were positively correlated. Transmission parameters, including mosquito biting rate (5, PRCC = 0.934, p < 0.001) and
mosquito-to-human transmission probability (:3,, PRCC = 0.792, p < 0.001), also strongly affected Ry. Treatment rate of
acutely infected humans (17, PRCC = -0.623, p < 0.001) reduced Ry, while partial immunity acquisition (6, PRCC = 0.782,
p < 0.001) and progression from acute to chronic infection (xk, PRCC = 0.615, p < 0.001) increased it. Moderately influ-
ential parameters included human death rate (i, PRCC = -0.050) and progression from exposed to acutely infected humans
(ay, PRCC = 0.042). Other parameters, such as immunity development and loss rates, had negligible effects. These results
suggest that control strategies should prioritize mosquito mortality, recruitment, biting rate, transmission probabilities, and
treatment effectiveness, while less influential parameters can be deprioritized. The use of 5000 LHS samples ensures robust
and reliable ranking of parameter importance for guiding interventions.
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Figure 7: Tornado plot of Partial Rank Correlation Coefficients (PRCCs) values for some significant parameters on Ry.

6 Numerical Simulations

The simulations of the model 2.5 are carried out using python. The parameter values utilized in the model simulations are
presented in Table 3 to exemplify some analytical findings. The total initial human population was assumed to be N, = 1x10°.
Initial conditions for human compartments were derived as proportions of Nj,: exposed individuals E;(0) = 10~°Nj,, treated
individuals 77,(0) = 0.0002N},, chronic stage individuals W;(0) = 0.00001N,, and recovered compartments R;(0) = R,(0) =
R3(0) = 0. The remaining population was assigned to the susceptible class S ,(0) such that mass balance was preserved:

S1(0) = Ni = (Ep(0) + L5a(0) + 14 (0) + Th(0) + Wi, (0) + R1(0) + R2(0) + R3(0)),

where 1,,(0) and 7,.(0) were estimated from data fitting. The initial mosquito population was set to 1 x 10, distributed as
follows: susceptible S,,(0) = 0.9 x 10*, exposed E,,(0) = 0.005 x 10*, and infectious 1,,(0) = 0.005 x 10*.

Figure 8(a) presents a graphical representation of the disease dynamics within the human population following the intro-
duction of the pathogen without intervention. It is observed that the exposed population undergoes a significant and rapid
increase, driven by vector-to-human transmission, reaching a peak of approximately 1,200 individuals around day 15. Sub-
sequently, this population declines and stabilizes at a persistent endemic level of about 70 individuals. While acute infections
are transient, the chronic infection compartment shows a gradual accumulation, peaking at over 1,100 individuals near day 75.
This chronically infected group diminishes slowly, establishing itself as the primary long-term reservoir for sustained trans-
mission. The epidemic progresses through an initial outbreak phase (Days 0-25), a transition phase (Days 25-100), and
culminates in an endemic equilibrium where chronic cases perpetuate new exposures. The critical role of the vector pop-
ulation is illustrated in Figure 8(b). Although the initial number of infected mosquitoes decreases due to natural mortality,
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the population does not vanish. Instead, a low-level endemic mosquito population is maintained through transmission from
chronically infected humans, creating a stable cycle that links the two populations.
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Figure 8: Simulation of disease dynamics without public health interventions. (a) Human populations. (b) Vector population.

The influence of the treatment rate (77) on the dynamics of Lymphatic Filariasis is depicted in Figure 9. The simulations
show a clear inverse relationship between the rate of treatment and the magnitude of the disease outbreak. A lower treatment
rate (7 = 0.10) corresponds to a higher basic reproduction number, Ry = 2.48, and results in a more severe infection peak,
reaching nearly 160 acute cases. As the treatment rate is increased, the infection curves are observed to flatten considerably,
an indication that fewer individuals are acutely infected. This suggests that effective treatment implementation is crucial for
reducing the infectious period of acute cases, thereby limiting subsequent transmission.

Dynamics of Lymphatic Filariasis

Infected Acute Compartment

Years
Figure 9: The impart of treatments on infected acute individuals For various treatment rate n values

Figure 10(a) illustrates the effect of treatment efficacy (6) on the number of individuals who recover. The results indicate
a direct and positive correlation; higher treatment efficacy leads to a greater number of recoveries. A high efficacy value
(6 = 1.50) results in the most favorable outcome, with the recovered population peaking at over 1,750. Conversely, a
low efficacy (6 = 0.10) signifies less effective treatment, leading to a substantially lower peak of around 1,100 recovered
individuals. This demonstrates that poor treatment efficacy reduces positive patient outcomes. Furthermore, the impact of
drug efficacy on the development of resistance is shown in Figure 10(b). It is noted that low drug efficacy is a primary driver of
resistance, resulting in the highest peak of resistant infections. As treatment efficacy is enhanced, the emergence of resistance
is significantly suppressed. This indicates that highly effective drugs are vital for preventing the spread of resistance, even
when disease transmissibility is high.

The effect of varying the transmission rate (8) and the mosquito mortality rate (u,,) on infection dynamics is presented
in Figure 11. As shown in Figures 11(a), (b), and (c), a higher transmission rate (8) amplifies the outbreak’s intensity and
accelerates its progression. The exposed, acute, and chronic compartments all exhibit larger peaks that occur earlier in the
simulation. This shows that increased transmission not only creates a more severe initial outbreak but also establishes a larger,
sustained reservoir of chronic infections, which poses a long-term public health challenge. In Figure 11(d), it is observed that
there is a strong inverse relationship between the mosquito natural death rate (u,,) and the basic reproduction number, Ry. A
low mortality rate (w,, = 0.10) leads to the highest Ry (1.96) and a sustained endemic state. As mosquito mortality increases,
Ry is reduced. When Ry falls below unity, the outbreak fails to persist, and the exposed population trends toward zero. This
finding underscores that even modest increases in vector mortality can shift the disease dynamics from endemic persistence
to eventual elimination.
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Figure 11: Dynamics of human infection compartments under varying transmission rates (). on human populations

7 Conclusion and Recommendations

Lymphatic filariasis (LF) remains a substantial global public health challenge, causing chronic physical impairments and
imposing significant socioeconomic costs. This study advanced the understanding of LF dynamics through a proposed
SEIS mathematical model that uniquely integrates the latent phase, medical treatment, quarantine strategies, and the evo-
lution of drug resistance, assessed using real-world post-MDA surveillance data from Ghana. The comprehensive approach
through the lens of the basic reproduction number Ry, revealed critical insights for effective disease control. Our findings
strongly advocate for integrated intervention strategies. While medical treatment of acutely infected individuals was demon-
strated to be more effective than quarantine in isolation, the most profound impact on reducing disease prevalence occurred
when both medical treatment and quarantine of chronically infected patients were combined. The analysis also highlighted
the paramount importance of vector control, with parameters such as mosquito natural death rate, recruitment, biting rate,
and human-to-mosquito and mosquito-to-human transmission probabilities identified as the most influential factors on Ry.
Specifically, even modest increases in mosquito mortality were shown to be capable of shifting the disease dynamics from an
endemic state towards eventual elimination. Furthermore, the study revealed the critical role of treatment efficacy, showing
its direct correlation with patient recovery rates and its vital role in suppressing the emergence and dissemination of drug
resistance, a growing challenge in antihelminthic treatments. While the model showed strong agreement with observed data
(R* = 0.98), residual diagnostics suggested that future refinements could incorporate unmodeled temporal structures such as
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seasonality or fluctuations in intervention coverage to further enhance predictive accuracy. In conclusion, effective control
and elimination of lymphatic filariasis necessitate a multi-pronged approach that strategically combines high-coverage and
highly efficacious medical treatments with robust vector control measures. Continuous monitoring for and mitigation of drug
resistance are also essential components for the long-term success of LF elimination programs. These insights are crucial for
informing public health policy, optimizing resource allocation, and guiding future research towards the global eradication of
this debilitating disease.
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