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Abstract:  This study presents a mathematical model utilizing fractal fractional-order Mittag-
Leffler (FFM) operators to investigate the transmission dynamics of the mumps virus. The model
was assessed both qualitatively and quantitatively, focusing on the existence and uniqueness of
solutions, Ulam-Hyers stability, well-posedness, and treatment sensitivity analysis related to the
Paramyxoviridae family. Fixed-point theory was used to establish solution constraints for modeling
fractional dynamics. A comparative analysis revealed that the fractional-order model outperforms
traditional integer-order approaches, offering a more robust and realistic framework for studying
mumps virus epidemiology. Synthetic data generated from the two-step Newton solver with a Mittag-
Lefller kernel was analyzed using supervised learning techniques and artificial neural networks. The
neural network predictions closely matched the numerical results, showing minimal errors, and were
validated through convergence metrics and regression analysis. This integrated framework offers a
strong method for understanding the transmission dynamics of the mumps virus.
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1. Introduction

Hearing loss is a significant global health issue characterized by a partial or complete inability to
hear due to abnormalities in the auditory system. According to the World Health Organization (WHO),
over 430 million people worldwide are affected, including about 34 million children [1]. Hearing
loss presents various symptoms, such as difficulty hearing in noisy environments, hypersensitivity to
certain sounds, and trouble participating in everyday conversations. Its causes are diverse, ranging
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from genetic mutations and congenital disorders to traumatic injuries and viral infections impacting
the outer, middle, or inner ear. Systemic conditions like diabetes mellitus and hypertension, along
with environmental factors such as sudden or prolonged noise exposure, also play a significant role.
Notably, noise-induced hearing loss is becoming increasingly common among younger populations,
primarily due to the widespread use of personal music devices. This condition can cause irreversible
damage to cochlear hair cells, which, in mammals, lack regenerative capacity . Mathematical modeling
and data-driven simulations are crucial for developing effective prevention strategies and understanding
the progression of hearing loss [2—7].

In recent decades, researchers worldwide have made significant progress in using numerical
methods to clarify complex processes and phenomena, thereby improving our understanding of
dynamic systems [8—11]. The emergence of fractional-order derivatives has introduced a new way
to model natural processes, capturing their inherent nonlocal and memory-dependent characteristics
[4,5, 12]. Notably, advances in fractal-fractional models for infectious diseases, especially those
incorporating the Mittag-Lefller kernel, can be found in [6, 7, 13, 14]. This study presents a novel
mathematical model for hearing loss associated with the mumps virus, employing fractional-order
approximations based on the Mittag-Leffler derivative. The analysis emphasizes the basic reproduction
number, a key epidemiological metric that determines whether the disease will spread or decline. By
examining how various parameters affect the reproduction number, the study aims to identify crucial
factors for effective disease control. Artificial neural networks (ANNs) will be used to effectively
manage the nonlinear, multidimensional complexities of the systems that emerge.

The following highlights describe our research:

e This study aims to use nonlinear autoregressive exogenous (NARX) networks to analyze the
dynamics of mathematical models related to the epidemiological research of mumps virus
transmission, with comparative insights from measles models.

e Synthetic data are created using Newton’s two-step method, customized for the mumps viral
model. Predictions are generated through a supervised learning approach using ANNs. The
results consistently match numerical simulations across all model variations, showing minimal
error and confirming the reliability of the proposed framework.

e Error distributions, illustrated through histograms, along with controlled measures optimizing
iterative convergence based on mean squared error and regression outcomes, effectively
demonstrate the strong performance of the proposed ANN approach in the epidemiological
analysis of the mumps viral model. Qualitative and quantitative analyses of the fractional-order
model are provided.

e Key well-posedness features of the fractional-order model for mumps viral infection, including
the existence and uniqueness of solutions and the characterization of disease-free equilibrium
points, are thoroughly established.

e A sensitivity analysis of the FFM fractional mumps model with therapeutic intervention is
performed. Both local and global dynamics of mumps virus infection are evaluated through
Ulam-Hyers (UH) stability analysis.

e In this paper, we present approximate solutions for various fractional orders when Ry < 1. The
results show that as the fractional order increases, L(f) decreases, while S (r) and R(¢) increase as
the fractional order decreases. In all cases, the system approaches a steady state as the fractional
order is lowered, indicating that the model yields more accurate results with a fractional order
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lower than that of the classical (integer-order) derivative.

e Furthermore, we present estimated solutions for various fractional orders when Ry < 1. The
results show that S (¢) and R(¢) decrease as the fractional order decreases, while L(¢) increases with
higher fractional values. Additionally, all trajectories tend toward a steady state as the fractional
order is lowered, indicating improved solution behavior when the fractional order is below that of
the classical derivative. Each compartment demonstrates convergent behavior and maintains its
relative dynamics over time, accurately reflecting the progression of mumps viral infection.

This paper is organized as follows: Section 1 introduces a general framework for fractional-order
modeling. Section 2 investigates fundamental fractional-order derivatives relevant to epidemiological
virus transmission, laying the groundwork for an updated model formulation and analysis of the
FFM model. Section 3 presents a standard well-posedness analysis of the proposed model, including
discussions on solution existence and uniqueness, sensitivity analysis, and the disease-free equilibrium.
Section 4 explores UH stability and provides a rigorous stability analysis of the model. Section 5
examines the discretized numerical scheme developed using the Mittag-Leffler kernel. Section 6
is devoted to comprehensive computational simulations. Section 7 discusses the application of
ANN procedures and the resulting implementation outcomes for modeling the dynamics of mumps
viral infection. Finally, Section 9 offers concluding remarks and outlines directions for continuing
explorations.

2. Mathematical fractional model for hearing impairment

To begin, we need several fundamental results and dynamic properties from fractional calculus that
are essential for the development of our model [15].

Definition 2.1. [15] Let y(t) be continuous for t € (0,T) for T > 0, and define the Mittag-Leffler
kernel function

o0 )Ci
E, (=Y — 0.
/(0 ; Tao 1) 7orv>

The fractal fractional derivative of y(t) of order v, with the Mittag-Leffler kernel in the fractal
dimension v, is expressed by

My o _H@D d” f’ vt =p
Pos 90 = A -v)dr J, E( 1= )t//(p)dp, (2.1)

where H(v,) is a normalization function with HO) = H(1) =1, 0 <v, < l,and 0 < v, < 1.
Further, a fractal fractional integral of Y(t) of order v, with the Mittag-Leffier kernel is

(1 = v =2y(r)

FFMyv1,v2 _ U1 ' l—vare _ yui-1
Lo, y(0) = Hop + HooTwn fo p (= )" Y(p)dp. (2.2)

We now introduce an empirically compartmentalized model to describe the transmission dynamics
of the mumps virus. To contextualize this framework, we refer to the compartmental epidemic model
developed by Mohammadi et al. [16], which helps clarify key transmission mechanisms and notable
features of viral spread. The dynamics of the mumps epidemic, including the effects of treatment
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interventions, are governed by the following system of nonlinear ordinary differential equations:

FMDYS = w — LS — ¥,
FMDU | = SLS — (y + 1)L, (2.3)
FIMDUR = Lt~ Ry,

together with initial conditions
$0)=58°>0,L0)=L">0,R0)=R">0, (2.4)

where w is the rate of population recruitment, ¢ is the rate at which the mumps virus spreads, vy is the
natural death rate of the population, and 7 is the recovery rate for infectious individuals.

The proposed fractional-order SIR model is developed to address the treatment and control of the
mumps virus infection, incorporating the influence of high-capacity individuals and considering three
distinct population compartments. Specifically, S () indicates the susceptible population at time #, L(¢)
represents the infected population, and R(¢) corresponds to the recovered population. Therefore, the
total population at time ¢ is denoted by N(¢), and

N() =S+ L)+ R(@), t>0. (2.5)
3. Well-posedness of the model and its qualitative analysis

This section explores the period and domain in which the outcomes of our framework hold
meaningful historical significance. Throughout the analysis, we assume that all model variables and
parameters remain positive for all values of > 0. Therefore,

FMDYIN () = —yN(1), 1> 0. 3.1)

Since we expect N(7) to be positively increasing, thus,

1

PG NG > 0, MDY N() = N0, and "MDyL"N(@) < —. (3.2)
| ’ ’ Y

The inequalities in (3.2) represent a threshold population level in the study. Consequently, the set of

solutions to (2.3) should be restricted to

1
Q:{(S,L,R)eRi:S+L+R<—}. (3.3)
4

Here, Ri refers to a positive cone in R3, which also includes its lower-dimensional faces. To maintain
proper realism, we exclude the scenario where "Dy ’N(7) > 0, as it may imply that the host
population may simultaneously decline to the carrying capacity.

The system of nonlinear differential equations (2.3) is designed to enhance our understanding of

the fundamental dynamics governing mumps transmission and the influence of various parameters
on these processes. Therefore, a comprehensive qualitative analysis of this mathematical model,
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including treatment interventions, is essential. Such an analysis will not only deepen insights into
disease transmission dynamics but also help identify critical thresholds, such as the basic reproduction
number, which determines the potential for outbreaks. Furthermore, evaluating the model’s sensitivity
to parameters such as treatment efficacy and transmission rates can inform the development of
targeted strategies to control the spread of the virus and optimize resource allocation in public
health. By integrating mathematical rigor with epidemiological relevance, this study contributes to
the advancement of more effective and informed control measures for mumps.

3.1. Disease-free equilibrium
The disease-free equilibrium of the model system (2.3) may be obtained by setting
DS (1) = "MD" L = MDY R = 0, 1> 0,

as outlined in [16]. The above interprets that the equilibrium conditions are
w

S=—, L=0, R=0. (3.4)
Y

3.2. Sensitivity analysis

The reproductive number R, can be expressed as [16]

wo

= 3.5
T y+)y )

The sensitivity of the virus reproduction can thus be evaluated through

OR, )

= >0
ow (y+1)y
aRo w

= >0
a6 (y+71)y
6R0 wd
_— = —— <0,
or y(T + y)?
% _ wo(2y + 1)
dy  (y+H?

In this study, parameters w and ¢ exhibit increasing trends, while y and 7 show decreasing trends. The
sensitivity analysis results indicate that prevention remains the most effective strategy for controlling
the disease. Given the specified parameter values, we find that Ry = 0.9976958 < 1, indicating that
under these conditions, the disease is unlikely to spread widely.

Figure 1 shows that R, is highly sensitive to variations in parameter values. The results of the
sensitivity analysis suggest that prevention remains the most effective strategy for controlling the
disease.
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(@) Ro(w,9) (b) Ro(w,y)

(©) Ro(w,7) (d) Ro(6,7)

(e) Ro(6,7) () Ro(y,7)

Figure 1. A three-dimensional visualization of the basic reproduction number R, as a
function of multiple parameter variations.

R, increases with positive sensitivity indices and decreases with negative indices. The research
highlights key factors that influence transmission potential, enabling the identification of critical
variables and their implications for the spread of pink eye. Variations in the parameter significantly
affect Ry. Tables 1-2 and Figures 2-3 represent the sensitivity of various parameters for Scenario 1
(Ry < 1) and Scenario 2 (Ry > 1).
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Table 1. The sensitivity index of the suggested paradigm for Ry < 1.

Parameters Sensitivity index Index values
w o 1.9954
S e 23.0415
T ek -4.5977
y I -14.5746
Ro <1
20t
10f
E —20 1
30}
—40¢t . . . .
w 6 T L
Parameters

Figure 2. Sensitivity analysis of model parameters for Ry < 1.

Table 2. The sensitivity index of the suggested paradigm for Ry > 1.

Parameters Sensitivity index Index values

w b 66.0369

S S 23.0415

T ok -152.157

y e -482.3430
Ro>1

of I

—200F

Sensitivity Index

—300

—400

—500¢k

w 9] L Y
Parameters

Figure 3. Sensitivity analysis of model parameters for Ry > 1.
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The sensitivity analysis, therefore, indicates that prevention is the most effective approach to treating
illness.

3.3. Solution positivity

To ensure the well-posedness of the model (2.3), we verify the positivity and boundedness of its
solutions.

Theorem 3.1. For any t > 0, all solutions of (2.3) remain bounded and non-negative, provided that
the initial conditions (2.4) are non-negative.

Proof. To this end, we only need to consider any solution that starts in a non-negative direction. It is
clear that
DS ()| = w20,
DL =020,
FFMTyv1.v —
Dy 2R(t)'R:O =Lt >0.

The above confirms our theorem. O

3.4. Existence and uniqueness of the solutions

We begin by examining the existence and uniqueness of solutions to systems of equations in
fractional calculus with a particular focus on applications in survival analysis. Furthermore, we assume
that U = U(I) x U(I) x U(I) for the Banach space U(I), which consists of real-valued continuous
functions on the interval I = [0, T'], equipped with the norm

A
ICS, L, R = IS |+ LI+ NIRI,

where
(IS|I = sup [S (@), [ILI| = sup |LOI|, [IR]| = sup |R(?)I.

tel tel tel

By applying the FFM fractional integral operator defined in (2.2) to equations in (2.3), we obtain

S)-S0) = ML {0 - 6LS S},
L - LO) = MU (LS — (y + 1LY, (3.6)
R -RO) = ™ (I — Ry},

To examine the existence and uniqueness of solutions for the system of equations in fractional
survival analysis, we apply Definition 4.1 to (3.6), serving as the foundation for our analysis:

_ _ 1 Uj ! il
SH-50) = ( 1)Gl(t S()) + —( 1)F(vl) f(t ) G(s, S (s))ds,
— — . —-r vi—1
L(t)- L) = ( l)Gz(t L(t)) + @ 1)F( 5 f (t = )" Gy(s, L(s))ds, 3.7
= -l
R(®) -R0) = @ 1)G3(t ,R()) + @ 1)1_( 5 f(t ' Gs(s, R(s))ds,
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where
G(t,S() = w—-0LS —vS,
Gy(t,L(t)) = OLS —(y+171)L, (3.8)
Gs(t,R(t)) = Lt —Ry.

Functions G (t, S (7)), G1(t, L(t)), and G5(¢, R(t)) satisfy the Lipschitz condition if and only if S (¢), L(¢)
and R(¢) are upper bounded. Given the assumption that S(#) and S (#) are continuous functions, the
preceding analysis indicates that

IG1(t, S (1)) = Gi(t, )| = [lfw — SL +y)S} — {w — (SL+SH = | = (SL + y)(S = S)I.
Hence,
IG1(2, S (@) — G1(&, SOOI < 6L + Il - IS = STI.
L € U(I) is bounded, so we let K; = ||6L + ||, which then leads to

IG\(t, S (1) = G (£, S (DIl < KillS = SI. (3.9)

Similarly, we have
IG2(t, L(®)) = Ga(t, L) < KollL — L,
IG5, R(1)) = G3(t, Rl < K;[IR - RI|,

where K, = [|6S + (y + 7)|| and K3 = 7. Since K, K, and K3 are Lipschitz constants for functions Gy,
G,, and G3, respectively, equations in (3.7) can be expressed recursively as

(3.10)

— vi-1
Sa(t) = SO)+ H( 1) Gi(1,S (1) + He 1)F( l)f(t $)"' T Gi(s, S o1 (s))ds,

_ U] vi—1
L,() = L)+ H( I)Gz(f s Ln- 1(t))+—H( 1)F(v1)f( $)" 7 Ga(s, Lu-1(5))ds, (3.11)
R,(1) = R(0)+ H )Gz(t s Ru- 1(t))+mf(t—S)v‘ 'G3(s, R,_1(s))ds.

Under the same initial conditions as those in (2.3), resolving the discrepancies yields the following:

®S,n(t) = Sn(t) - n l(t) = H( U) [ l(t Sn 1([)) Gl(t Sn 2(0)]
oo fo (t = 9" Gi(s, S m1(5) = Ga(s. S ()] ds.
Or.(t) = L&) —L,.1(0) = H L[Go(t, L, 1 (1)) — Got, L, »(1)]
Yi v 1) (3.12)
*mfo (t = )" [Gals, Ln1(9)) = Gals, L-a(s)] ds,
Ona(t) = Ra(t) = Rya(8) = 7 1){G3(t SR-110(1) = Ga(t, Ry (1)
*W fo (t = 5)" 7 [G3(s, Ru-1(5)) = Ga(s. Rya(5))] ds.
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Consequently,

S(t) = Zl Os,(1), Ly(t) = Z} OL,(1), Ry(t) = Z} O,p(1). (3.13)
pP= pP= pP=

By applying Eqgs (3.9), (3.10), and (3.13), we derive the following set of inequalities:

1- Ui ' _aui-l
195, (DI < fl( 1)K1”®Sn 1()||+—H( 1)F(vl)f(t )" K1]1Os -1 (9)lld s,
v—1
1O, I < H 1)K2”®Ln 1O+ mf(t $)"' T KO -1 (s)llds, (3.14)
IOz (DI < H; D K;3||®Og o1 (D + W‘[‘U—S)v1 'Kl |®r -1 (5)llds.
Theorem 3.2. Assume that
_ 1- U1 k¥ : .
T = (H(Ul) + H(Ul)r(vl))Kl <1, i=1,2,3, (315)

for a positive constant k. Then the solution to the proposed fractional-order FFM model of mumps
disease transmission (2.3) is unique for t € I.

Proof. Since the functions S (¢), L(f), R(t) € U(I) are bounded, and the quantities G, G,, and G35 satisty
the Lipschitz condition, as shown in Eqgs (3.9) and (3.10) by applying a recursive approach and using
Eq (3.13), we obtain the following inequalities:

1Os. Il < [ISoMIITY,
1OL, DIl < LI, (3.16)
1Or, DI < [[RoOIIY .

As observed clearly, relations (3.16) have the property that ||@g,(?)]| — 0, [|®.,®I| — 0, and
|®r.. ()| = 0 as n — co. Moreover, by applying the triangle inequality to (3.16), we conclude that

n+j Tn+l Tn+/+1
S-S0 < ‘Y" ,
1S,0(0) = S, Z} i
n+j T"H Tn+]+1
L,..)—-L,0| < T’ = , forall j>1. 3.17
L () = Lo(O) Z} v j (3.17)
n+j T,H_] Tn+j+l
R,.i(t) — R, < ‘Y” = ,
IR (1) = Ry Zl T

Here, the constraint (3.15) always remains valid. Consequently, {S j(t)}jil, {L j(t)};;, and {R j(t)}:; are
Cauchy sequences, and they therefore converge uniformly.

By letting n approach to co in (3.11), it is clear that the limits of the resulting sequences converge to
unique solutions for the framework described in Eq (2.3). Therefore, the uniqueness of solutions for the
mumps virus transmission dynamics governed by the FFM fractional operator has been confirmed. O
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4. Stability analysis

Ulam-Hyers (UH) stability analysis has been shown to reveal valuable characteristics for the
simulation procedures used in epidemics [17]. As a result, this analysis has gained popularity among
researchers simulating complex epidemic problems. In the following study, we will perform a UH-
type stability analysis for the transmission dynamics calculated through the mumps virus model (2.3),
particularly in response to slight variations in initial conditions. We will demonstrate that (2.3) is UH
stable.

Definition 4.1. The model (2.3) is UH stable if for h; > 0,8; > 0, i = 1,2, 3, and for every (S, L,R),
(S,L,R) € U satisfy 3
IS (@) — G, SO < Iy,

IL(2) = Go(t, L))l < o, (4.1)
IR(5) = G3(1, Rl < Tis.

Then we have .
1S () = G1 (1, S| < Ny (o),

IL(1) = Gaot, LIl < By (), (4.2)
IR() = G3(1, RO)I| < TiaN3(1).

Remark 4.1. Following [17], there exists an N;(t) € U(I) such that |N;(t)|| < h;, for any t € I. The
components (S, L, R) satisfy the following relationships:

$(0) = Gi(t,S@®) + R (),

L(t) = Ga(t, L() + Na (1), (4.3)
R(1) = G5(1, R(1)) + N3(0).

Lemma 4.1. Assume that for every hi; > 0, (S, L, R) € ¢ is a solution to the system of inequalities (4.1).
Then, the functions (S, L, R) € U must satisfy the following inequalities

S Gi(1,SO)T —vy) Ui
IS @) - (S(O) + Hwy) ) T Hor

S((l_vl)_l_ v )h]’
H(r)  Hw)I'(v)

(v1)) ]; (= )" Gi(s, S (s))dsl|

. Gt LN -v)\ vy f o
1) (L<0>+ o) ) HoTw ) (9" Gals Lsnds

(1 — U]) U1
S( H(Y™) ¥ H(vl)F(vl)) fiz (4.4)

- Gyt RO —v)\ vy SR
IR (1) (R(0)+ Hoon) ) oo fo (t = $)"7'Ga(s, R(s))ds|

_((1—v1) L u )h3.
H(r)  Hw)I'(v)
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Proof. For a given S eu(o,T]), leth; >0, i = 1,2,3. Then, the following inequalities hold

IS () — Gi(t, S|l < 7y,
IL(t) — Ga(t, L(t))|| < T,
IR(H) — G3(t, RD)|| < 3.

Recall Remark 4.1, and it follows immediately that
§(®) = G(t, S (1) + N (D),

L) = Gy(t, L(t)) + Na(2),
R(1) = G5(t, R(1)) + N5(1),

where ||[N1(0)|| < Ay, ||N2(2)|| £ Fy, and ||N5(7)|| £ 3. Thus, we have

S =50+ L=

i(t)=i<0>+(H( YD (Gt L)) - Na(D)] + o f (Ga(s, L(s)) — Na(s)] ds,

1)

(I-vy)

R(r) = R — Y _
R(1) = R(0) + Hop) [G3(1, R(D)) N3(t)]+H(Ul)r(vl)fO[Gs(s,R(S)) N3(s)]ds.

Consequently, we acquire that

~ (1 =v)Gi(,5(2) vi-1
Hsm—(smy+ oo )+Hw0Hm)jkﬁ_® GmsS@th
(I =Nl il 1-v) v

=" Huw) +Hmmmjh T Wnshids < uwm+mmmm%
o (1 = v)Galt, L) o
Hun Pﬂn+ Hwo )+Hw0nm)szs) stunmﬂ

< (I = v)|IN ()| (1-wvp) 11 )

+ f (t—s)"'~ |N2(s)|ds<( + iy
H(vy) H(v1)F(v1) H(Yv)  H(pl(vy)
HRU) B (R(O) , (L-v)Gs(r, R(t))) LY (t 9 IGas, R(s))dsH

H(,) H@w)I'(vy)
(1 - )N () o (1-v) v
=" Huw) +H(u])r(v1>f (= s INa(s)lds < (H(Tvl) +H(u])r(v1>)h3

Thus, inequalities in (4.4) are confirmed. Other inequalities can be proved similarly.

Hon) [Gl(t,S(t))—Nl(t)]+mf [G1(s5,5(5)) = Ni(s)]ds,

Theorem 4.1. Suppose that conditions (3.9) and (3.10) are satisfied. Then, the fractional model (2.3)

is HU stable, provided that the following inequality holds

1- U1 + TV
H(@w,) H@w)l'(vy)

K; <1,

AIMS Mathematics
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where K; > 0, i = 1,2,3, are the Lipschitz constants.

Proof. Since S € U(I) holds for (4.1), we let i, > 0. Additionally, assume that S(r) € U(I) is the
unique solution to the proposed fractional model (2.3). We have

(I -v)H@, S(@)

_ U1 ! il
S =850)+ Hop) + HoT @) fo(t ' H (s, S (s)) ds. 4.5)

By applying the properties of the triangle inequality and Lemma 4.1, we find that

(1 -v)H(,S (1)) n ¢ o
H(vy) +H(v1)r(v1)f(t 5) H(SsS(S))dS>

‘fHH@S@D H(k, $ )| ds

IS =5 <[|S©) - (S© +

(I-vy)
" TH)

< [(1 -vy) N T
H(w;))  H@w)lI'(vy)

et @0 = Ha. S @0l + e Sk

]Kﬁlﬁm - Sl

Following Lemma 4.1, we have

[(l—vl) Tl ]
Hw)) = Hw)l(v1)

SO -S| < =Th,
NOENGIE mET—T. L
H(vy) HwI'(vy) 1
where
[(1 vy) + T ]
H Hw)T
Tl _ (v1) wnI'(v1)

[ o .
1 [H(vn) + H(v.)r(uu]Kl

Similarly, we may obtain
IL(H) = LIl < Yol IR(2) = RO < Y3hs.
Thus, the proposed FFM model (2.3) is HU-stable. O

5. Simulation frameworks

We are particularly interested in a case problem proposed in [15]. The initial value problem is given
by

FFMTyv1-02 =Y, ,
{ RO EN () 5
¥ (0) = Yo.

We reformulate the above using the newly established fractional integral with the Mittag-Leffler kernel
to

0 1 vy f v — lfr 1- U2d
Y(1) = Y( )+ Heo 1) (1, 9(0) + —H( NYOR (t—m) () dp.

Assume the partition grid is uniform with #; = iAt,i = 0,1, --- ,n. The solution at r = 1, is expressed
as:

AIMS Mathematics Volume 10, Issue 10, 24923-24957.
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In+1

U] 1 ) [ _ vi—1 1-vy
Yltn) = $(0) + —H( ) Y(tn, Y(tns1)) + Hoolwn (tar1r = " T, Y™ dp.
For simplicity, we define the following
P(t,y(0) = T, y(e)r' ™. (5.2)

In addition, we have

lit1

_ 1- U1 U1 ¥ _ vi-1
Y(tni1) = ¢(0) + —H(Ul)‘l’(tnu,l//(tnu)) + Honlwn ;f[ W, )t — )™ dp.

Since the above function is in implicit form, we use an approximate technique as in [15]. One uses
Newton polynomial for the approximation i, to approach ¥(z,,;) and by letting the known values
Y = Y(t;) for all i,0 < i < n. This substitution enables the equation to be rewritten into a form suitable
for further analysis and calculations. This leads to

Tit1

l’//rH'] l//(O) + lP(tVH-l ’ wl’l+1) Z \Il(tl 25 l//l Z)At (ln+1 - ,u)vl_ld#

Hv,) H(v 1)F(U1)
lI’ I—19 — \I] 1—29 11— t’+l
+Z Gt o1 )At il 2)f (U = tia)(tysr — )" du
i=2 li
W, ) =291, Y1) + Yt i ! _
+Z Ll (le(Alﬂt);)-i- e 2)f (= ti) (@ = tio ) (twsr — )" 'du| . (5.3)
i=2 1

Integrals in (5.3) can be evaluated as follows:

li+1 ( )u1
Uq

(tner — )"~ dp = [(n—i+ D" = (n-)"],

14

lit+1 » (A )u1+1 . ) )
(1= 1)1 = )" = e X[ = 0 Qo+ =) = (=) Guy =i n =D,
t; 1 1
and
lit1
(= i) (= ) (tsr — )" dp
ti
(AI)U]+2

Tt D +2) [+ 1= )" (2 = i) + (n = DBvy +10) + 207 + 9 + 12)

— (n—i)""{2(n — i)* + (Su; + 10)(n — i) + 18v; + 617 + 12}].

(U]

11 = W, and incorporating the initial value

Substituting the above in (5.3) with the initial guess
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problem (5.1), we obtain the following numerical scheme: fork = 1,2,---,

1-v _ v v (ADY! g v
Yt U M+ { D Tltia i)t 3"
i=2

(k) _
Vs =VO+ 525 1 Hw)Lwn + 1)

X (=" —(n—i+ 1"+ Z RN e (NS ]
X[n—i+1)"Qui+n—-i+ ;:)2— n=0D"GBu+3+n-10)]

+ Z |0t~ = 200t Wi + i, i) |

X [(:; — i+ 1) (200 = i + Guy + 10)(n = i) + 207 + 9, + 12)

—(n = i)" (200 = i) + (Svy + 10)(n — i) + 6v] + 18vy + 12))] }

(k) }°°

The above equations can be expressed recursively, and this generates a sequence of series {zﬂn 120

for y(t,41). This algorithm is used for evaluating the values of S (¢), L(¢), T(¢), for all £ > 0.

6. Numerical simulations and discussions

This section conducts advanced numerical simulations of nonlinear mumps virus models
with therapeutic interventions, highlighting the influence of fractional derivatives on treatment
compartments. The fractal fractional derivative provides numerical solutions of various orders that
align with the system’s steady-state equilibrium. Additionally, these derivatives give generalized
descriptions of memory effects and anomalous diffusion, which are often overlooked in classical
models. Advanced numerical techniques further examine the dynamic behavior in response to
parameter changes, offering insights into sensitivity related to fractional orders.

The new method underscores the complex relationship between therapeutic measures and the
nonlinear dynamics of the mumps virus, highlighting the importance of epidemiological studies using
fractional modeling. Figures 4—6 display estimated solutions for fractional orders where Ry < 1.
These figures demonstrate that as fractional values increase, L(f) decreases, while S (#) and R(¢) rise
as fractional values decrease. All figures suggest that lowering fractional values leads to a steady
state, indicating optimal performance when fractional values are below the classical derivative. These
simulations show how variations in fractional orders impact the model’s behavior, offering insights into
the progression of mumps virus infection and enhancing the study’s relevance for decision-making and
control strategies.
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Figure 4. Simulation of the susceptible population S (#) for various fractional-order values
under the condition Ry < 1.

Figure 5. Simulation of the infected population L(¢) for various fractional-order values under
the condition Ry < 1.

Figure 6. Simulation of the recovered population R(¢) for various fractional-order values
under the condition Ry < 1.
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Figures 7-9 show the estimated solutions for different fractional orders when Ry > 1. These figures
demonstrate that S (f) and R(f) decrease as fractional values get lower, while L(f) increases with higher
fractional values. As the fractional values decrease, the behavior approaches a steady state, indicating
that the model performs optimally when fractional values are lower than those of classical derivatives.
These simulations highlight how altering the fractional order impacts the model’s dynamics. They also
demonstrate how the condition of individuals infected with the mumps virus evolves, underscoring the

importance of this study in guiding decision-making and designing effective control strategies.
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Figure 7. Simulation of the susceptible population S (¢) for various fractional-order values
under the condition Ry > 1.
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Figure 8. Simulation of the infected population L(¢) for various fractional-order values under
the condition Ry > 1.
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Figure 9. Simulation of the recovered population R(¢) for various fractional-order values
under the condition Ry > 1.

The computer simulations in the previous sections highlight the crucial impact of the mumps
virus transmission rate on the reproduction number. When the transmission rate is 6 = 0.0433, the
reproduction number reaches Ry = 0.99769585 < 1, as shown in Figure 10, indicating that the
virus is no longer spreading. Conversely, as seen in Figure 11, increasing the transmission rate to
0 = 0.1433 raises the reproduction number to Ry = 3.30184331797 > 1, signaling ongoing disease
transmission. These results suggest that isolating infected individuals and decreasing their interactions
with susceptible individuals are very effective strategies for controlling mumps outbreaks during an

epidemic.

This study employs Mittag-Lefller-type fractional derivatives, which capture the system’s memory
effects. The simulation results demonstrate that even small variations in the fractional derivative order
can greatly influence the numerical outcomes. Therefore, determining the precise fractional order is
crucial for obtaining accurate and dependable modeling results when real-world data is available.

fed B
o IS o o

w
T

Susceptible,Infected ,Recovered penple(RU<1)
= N
- o N o
T T

e
o

Susceptible people-S(t)| |
Infected people-L(t)
Recovered peopleR(t)

40

50
Time

L
60

L L L
70 80 20 100

Figure 10. Numerical solutions for the susceptible population S (¢), the infected population
L(t), and the recovered population R(#) under the condition Ry < 1.
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Figure 11. Numerical solutions for the susceptible population S (¢), the infected population
L(t), and the recovered population R(¢) under the condition Ry > 1.

7. Artificial neural networks (ANNs)

ANNSss offer a powerful tool in bioinformatics for modeling complex biological systems that are
influenced by fractional calculus and high-dimensional data. Their flexibility makes them suitable for
advanced biomathematical simulations, including applications in fractional disease modeling. ANNs
identify patterns in fractional models based on biomathematical data, helping researchers understand
and predict biological processes, especially in epidemiology. ANN is an effective data-processing
method inspired by biological nervous systems, such as the human brain, which handle complex
information through parallel computational models that imitate brain cell functions. Additionally,
the extensive study of Al applications across various fields has been conducted, as detailed in
references [18-20].

An ANN consists of many interconnected processing nodes called “neurons”, linked by weighted
connections. Each neuron receives input signals, processes them, and produces an output signal. The
network includes weighted connections, an activation function that controls the neuron’s output, and
an aggregation function that combines input data based on connection strengths. The mathematical
representation of the ANN process with N neurons in a single hidden layer is expressed as follows:

L
S Wit Wiz Wi B,

2
Ll=0 Wo1 Wi ' Whn ) + Bz s (71)
R Wi wxn oo oway|| B;

[ L |

where

e 0 () represents the activation function (e.g., sigmoid, tanh, or ReLU),
e w;; are the connection weights from hidden neurons to output neurons,

e B; are the output bias terms,
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e L; are the latent variables from the hidden layer.

See [21, P. 168-203] for a detailed explanation of the architecture of deep feedforward networks.

Various methodologies apply ANNs to solve fractional differential equations in disease models,
forming foundational steps for these applications. We present an ANN for solving fractional differential
equations as follows:

e Parameters and variables: Begin by identifying the known parameters and the variables to be
predicted or solved in the model.

e Data set: Develop a data set consisting of input-output pairs. The inputs should include
relevant parameters and variables from the epidemiological model, while the outputs represent
the expected results.

e Splitting data: Divide the data set into three groups: Training set, testing set, and validation set
for deep learning.

e Optimize ANN: Minimize discrepancies between actual and predicted outputs by iteratively
adjusting the weights and biases using a gradient descent optimizer or similar optimization
methods.

e Evaluate model performance: Use statistical metrics such as Mean Squared Error (MSE), Root
Mean Squared Error (RMSE), Mean Absolute Error (MAE), Coefficient of Determination (R?),
and Nash-Sutcliffe Efficiency (NSE) to assess the model’s accuracy. Adjust the ANN structure or
training parameters if performance is suboptimal.

e Validate predictions: Test the generalization ability of the ANN with new, untested data. Compare
the ANN’s predictions with known solutions or experimental results to ensure accuracy and
reliability.

e Refine the model: If the model is inaccurate or new data becomes available, iteratively refine the
ANN by revisiting some steps to enhance its accuracy and adaptability.

Effective data optimization is crucial for designing an ANN architecture that achieves outstanding
performance. In our framework, datasets are divided into three sets: training (70%), testing (15%), and
validation (15%). Our training set allows the model to learn effectively, while the validation set acts
as a checkpoint for hyperparameter tuning and preventing overfitting. Lastly, the testing set, which the
model has not encountered during training, objectively evaluates the model’s predictive accuracy.

The ANN framework utilized in our procedure is well-designed to tackle complex biomathematical
epidemiology models. These models often involve nonlinear mappings and complex dynamics, making
them challenging to manage with conventional methods. To address such complexities, the ANN model
employs a sigmoid activation function that transforms input values to a range between 0 and 1. This
function is efficient for simulating probabilities or binary outcomes. As illustrated in Figure 12, the
sigmoid activation function ensures that input values remain within the [0, 1] range, consistent with
the model structure (2.3), and alleviating gradient-related issues.

The ANN architecture incorporates several critical design elements, including specific activation
functions tailored to each layer described as

e Hidden layers: The Tan-Sigmoid activation function maps values between —1 and 1, providing
the network with a broader dynamic range. This aids in learning both negative and positive
correlations, enhancing the model’s ability to detect patterns within the dataset.
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e Output layer: A purlin activation function is utilized. This provides a straightforward linear
transformation suitable for tasks that require real-valued outputs, such as regression or predicting
continuous variables.

Further refinements of the fractional FFM model involve transfer function configurations
incorporating a transfer mean activation, adjusting activation values relative to their average. This
modification enables the model to capture subtle features in the data, thereby enhancing its adaptability
and effectiveness across the training, validation, and testing phases, ensuring reliable and consistent
performance.

Neural Metwork

x(® Hidden Layer with Delays

Output Layer

10

Figure 12. Architecture of the artificial neural network (ANN).

The sigmoid transfer function provides a powerful tool for nonlinear mapping, essential in time-
series models used in epidemiology and biostatistics. It models stochastic growth patterns, offering
insights into dynamic biological systems. By adding nonlinearity, the sigmoid function improves
the model’s ability to capture complex real-world interactions, making it vital for analyzing disease
spread and population behaviors. Evaluations demonstrate the usefulness of our ANN in tackling
real-world problems and advancing computational intelligence for public health and infectious disease
research. Using these metrics helps researchers optimize ANN performance for studying disease
patterns, boosting its role in public health initiatives. These metrics serve as guiding benchmarks
for optimization, ensuring the model reaches the desired accuracy and effectiveness with real-world
data.

8. Results and discussion

We aim to provide a comprehensive demonstration of complex self-regressive exogenous networks
(ANNSs) applied to the mumps viral model (2.3). Using the Mittag-Leffler kernel, the two-step
Newtonian solver produces reference numerical results for two distinct scenarios, each involving six
cases. The results, detailed in Tables 3—6 and Figures 13-29, highlight the effectiveness, reliability,
and efficiency of our ANN method in managing sequential inputs and producing accurate predictions.
The selection of sampling data for training and testing is crucial for maintaining the stability of the
data distribution. Here, the datasets are divided into three sets: training (70%), testing (15%), and
validation (15%), and we choose k = 5 in the k-fold cross-validation.

Figure 13 illustrates the reliability, consistency, and convergence of the aforementioned mumps
model during the neural network’s training phase. In Scenario 1 (Ry < 1), the efficiency plot shows
gradients of 9.95 x 107%,9.98 x 1078, and 9.94 x 1078 for S (1), L(¢), and R(¢), respectively, at 220, 247,
and 276 epochs. At these points, the cross-entropy error approaches zero. Similarly, in Scenario 2
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(Ry > 1), as illustrated in Figure 14, the efficiency plot displays gradients of 9.92 x 1078, 9.79 x 1078,
and 9.99x 1078 for S (¢), L(t), and R(¢), respectively, at 458, 335, and 909 epochs, with the cross-entropy

error once again approaching zero.
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Figure 13. Adjustable monitoring parameters for the epidemiological analysis of the mumps
model across all three classes in Scenario 1 (Ry < 1).
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Figure 14. Adjustable monitoring parameters for the epidemiological analysis of the mumps
model across all three classes in Scenario 2 (Ry > 1).

The ANN framework effectively addresses the mumps viral model with minimal variation in key
parameters. As the model reduces MSE during training, it enhances prediction accuracy, demonstrating
reliability for complex epidemiological tasks. Figure 15 shows the converging learning curves of our
ANNs for the proposed mumps viral model (2.3). In scenario 1 (Ry < 1), MSE decreases for all
classes, S (), L(t), and R(¢), indicating improved accuracy as forecasts align more closely with actual

data. MSE values for Scenario 1 are approximately 6.96E-11, 8.99E-11, and 1.06E-11 for S (), L(¢),
and R(¢) at 220, 247, and 276 epochs, respectively.
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Best Validation Performance is 8.9909¢-11 at epoch 247 Best Validation is 1.061e-11 at epoch 276

Best Validation is 6.9623e-11 at epoch 220
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Figure 15. Learning curve plots showing the mean squared error (MSE) during training of
the mumps epidemiological model for all three classes under Scenario 1 (Ry < 1).

Similarly, Figure 16 shows converging curves for Scenario 2 (R, > 1). MSE values for the three
classes in this scenario were approximately 2.41E-10, 1.13E-10, and 3.21E-11 at 458, 335, and 909
epochs, respectively. These MSE graphs highlight the importance of advanced computational methods
in model optimization. Lower MSE indicates the model’s better ability to capture underlying data
patterns, demonstrating the effectiveness of the computational intelligence approach used.

Best Validation is 2.4189¢-10 at epoch 458 Best Validation Performance is 1.1307e-10 at epoch 335
2 Best Validation Performance is 3.2164e-11 at epoch 909
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Figure 16. Learning curve plots showing the mean squared error (MSE) during training of
the mumps epidemiological model for all three classes under Scenario 2 (Ry > 1).

The serial correlation graphs for our ANN approach applied to the mumps viral model in both
Scenario 1 (Rg < 1) and Scenario 2 (Ry > 1) across all three classes S (¢), L(¢), and R(¢), are shown in
Figures 17 and 18, respectively. These graphs illustrate the gradual increase in connections between
forecasting errors over time. The correlation ratios for all models, except at zero latency, fall within
a 95% confidence interval, confirming the model’s applicability and reliability.
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Figure 17. Serial correlation plots for the three epidemiological classes under Scenario 1
(Ry < 1).
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Figure 18. Serial correlation plots for the three epidemiological classes under Scenario 2
(Ro > 1).

Additional validation of the system’s network efficiency is shown in Figure 19 for Scenario 1
(Ryp < 1) and Figure 20 for Scenario 2 (Ry, > 1), highlighting the enhanced network efficacy across
all three classes: S(7), L(¢), and R(t). The error values are depicted through error histogram plots.
Specifically, Figure 21 illustrates the error histogram for the mumps viral model in Scenario 1 (Ry < 1),
while Figure 22 displays the error histogram for Scenario 2 (Ry > 1). In these histograms, the
vertical axis represents the frequency of error occurrences, while the horizontal axis indicates the error
values at each instance. Our study utilizes a 20-bin error histogram to demonstrate that the proposed
system achieves nearly 0% error. The histograms demonstrate the accuracy of the ANN computational
technique, indicating that almost all error occurrences are concentrated in bars near the zero-error
line. For Ry < 1, the error magnitudes for S(¢), L(¢), and R(¢) are approximately -8.9E-06, -7E-06,
and 4.19E-06, respectively. Likewise, for Ry > 1, nearly all error occurrences for S(#), L(t), and
R(t) are located near the zero-error line, with error magnitudes of approximately -1.7E-06, -5.5E-06,
and 2.05E-06, respectively. Error histograms are used to evaluate the effectiveness of the proposed
ANN method in modeling mumps viral dynamics.

AIMS Mathematics Volume 10, Issue 10, 24923-24957.



24947

. 10"Correlation between Input 1 and Error 1 = Target 1 - Output 1 10-Correlation between Input 1 and Error 1= Target 1 - Output 1

between Input 1 and Error 1 = Target 1 - Output 1

08
08
05 0s 05
< < <
K] s 2
5 s 5
i B T T .
¢ [T 5 :
8 302 8
05 04 05
05
08 4
4
4
w45 w5 o 5 10 15 > w45 5 o 5 1 15 2 0 a5 w0 5 o 5 0 15 >
Lag Lag Lag

(a) S0 (b) L(n) (©) R(»)

Figure 19. Input error correlation plots for all three epidemiological classes under Scenario 1
(Ry < 1).
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Figure 20. Input error correlation plots for all three epidemiological classes under Scenario 2
(Rp > 1).

Error Histogram with 20 Bins

Error Histogram with 20 Bins Error Histogram with 20 Bins
4500 1800 3000
4000 1600
2500
3500 1400
g 3000 g 120 g 2000
8 8
£ 2500 £ 1000 £
£ £ G 1500
£ 2000 £ 800 £
1500 1000
1000
500
500
R o e . S RN = s st b b 5
g g gsc 8383888883838 8883
14 : SEREEREIEIEREREEREE
Errors = Targets - Outputs Errors = Targets - Outputs Errors = Targets - Outputs

(@ SO (b) L(») (c) R()

Figure 21. Error histogram plots for all three epidemiological classes under Scenario 1
(Ry < 1).
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Figure 22. Error histogram plots for all three epidemiological classes under Scenario 2
(R() > 1)

The regression analysis for the mumps viral model in Scenario 1 (R; < 1) and Scenario 2
(Rp > 1), across all three classes, S (), L(t), and R(?), is presented in Figures 23 and 24, respectively.
This analysis underscores the importance of forecasting, yielding a correlation coefficient R value
approaching 1, indicating the model’s success in identifying the underlying data patterns. This
correlation reflects the alignment between the model’s predictions and the actual observations,
confirming the accuracy and reliability of the forecasts.
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Figure 23. Regression analysis plots for all three classes under Scenario 1 (Ry < 1).
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Figure 24. Regression analysis plots for all three classes under Scenario 2 (Ry > 1).
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Figures 25 and 26 present the time series response plots for Scenario 1 (Ry < 1) and Scenario 2
(Ryp > 1) across all three classes: S (), L(t), and R(¢). These plots illustrate an even distribution of
outputs on both sides of the response curve, with minimal errors observed in the training, testing,
and validation subsets. This pattern indicates that the model accurately reflects the data. The graphs
provide a comprehensive overview of the ANN’s behavior and results across various setups and training
algorithms. They also demonstrate how changes in model parameters, such as the number of neurons
or layers, impact the model’s performance and efficiency. Additionally, these plots track the model’s
progress throughout the training process, ensuring consistency and convergence over the epochs. The
comparison of the current results for the mumps viral model in Scenario 1 (Ry < 1) and Scenario 2
(Ryp > 1), using Newton’s two-step method, Mittag-Leffler Kernel, and numerical solutions with ten
neurons, is displayed in Figures 27 and 28 for all three classes: S (¢), L(¢), and R(#). The results highlight
the reliability and accuracy of the proposed approach, as demonstrated by the close alignment between
the current outcomes and the Mittag-Leffler numerical solutions. The proposed method consistently
matches the results, establishing it as a dependable, accurate, and effective technique.
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Figure 25. Time series outcomes for all three classes under Scenario 1 (Ry < 1).
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Figure 26. Time series outcomes for all three classes under Scenario 2 (Ry > 1).

Further evaluation of the ANN results is conducted using the absolute error metric for the mumps
virus model in both scenarios. The numerical results of solving the fractional-order mumps virus model
was obtained using the process of a sigmoid-based neural network. The overlapping of the outcomes
is observed for each class of the mumps virus model. The precisely identical results designate the
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correctness of the designed nonlinear sigmoid basis neural network procedure for solving the nonlinear
mumps virus model. The corresponding results for Scenario 1 (Ry < 1) and Scenario 2 (R, > 1) are
shown in Figures 27 and 28, respectively. The results for all three classes, S (¢), L(¢), and R(t), reveal
that the maximum and minimum absolute error values fall within the range of approximately 1072
to 107!, indicating negligible discrepancies between predicted and actual results values.
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Figure 27. Comparison of the errors corresponding to various fractal fractional-orders v,

under Scenario 1 (R, < 1) for the model (2.3).
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Figure 28. Comparison of the errors corresponding to various fractal fractional-orders v;
under Scenario 2 (Ry > 1) for the model (2.3).

The comparison of population simulation results in Figure 29 shows that in Scenario 1 (Ry < 1),
the mumps virus has stopped spreading, and the proposed method closely matches the actual results.
Conversely, in Scenario 2 (R, > 1), the virus keeps spreading, and the model’s predictions remain
closely aligned with the observed data. These results highlight the importance of isolating infected
individuals to prevent further transmission, which remains one of the most effective strategies for
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controlling mumps outbreaks. Our ANN evaluation results, presented using the absolute error metric,
confirm the effectiveness of the proposed techniques in both scenarios, as shown in Figure 29. Both
scenarios of the mumps virus model produce very similar outcomes. The identical results confirm the
accuracy of the nonlinear sigmoid basis neural network method for solving the nonlinear mumps virus
model.
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Figure 29. Comparison of the simulation results for the S, L, and R populations under both
Ry < 1 and Ry > 1 for the model (2.3).

The outcomes mentioned above are further assessed using a variety of evaluation metrics, including
MSE, RMSE, MAE, R?, and 1 — R?, with results summarized in Tables 3—6 for all three classes under
Scenario 1 (Ry < 1) and Scenario 2 (Ry > 1). These results demonstrate the advantages of using ANN
to enhance accuracy in predicting mumps spread. It is clear that near-perfect modeling outcomes
are achieved across all performance metrics, and these statistical analyses demonstrate that well-
constructed ANNSs, simulations, and computational approaches can effectively process both numerical
and experimental data. These findings confirm the models’ accuracy and encourage innovation in
creating systems that can identify complex patterns within intricate datasets. Intelligent computing has
great potential to tackle real-world issues, such as disease control.
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Table 3. Outcomes of ANN under Scenario 1 (Ry < 1).

Class  Mean square error ~ Performance Mu Gradient Epochs Time
Training  Testing (sec.)
S(t) 6.69E-11 6.62E-11 6.96E-11 1.00E-08 9.95E-08 220 5
L(r)  7.35E-11 1.55E-10 8.99E-11 1.00E-08 9.98E-08 247 5
R(t) 198E-12 5.62E-12 1.06E-11 1.00E-08 9.94E-08 276 6

Table 4. Outcomes of ANN under Scenario 1 (Ry < 1).

Class MSE MAE RMSE R? 1-R?

S(@)  6.96E-11 8.6754E-08 8.3427E-06 0.9999 1.4271E-09
L(x) 8.99E-11 7.1240E-09 9.4816E-06 0.9999 1.0789E-09
R()  1.06E-11 1.7717E-08 3.2558E-06 0.9999 1.8811E-10

Table 5. Outcomes of ANN under Scenario 2 (Ry > 1).

Case  Mean square error ~ Performance Mu Gradient Epochs Time
Training  Testing (sec.)
S 1.82E-10 1.61E-10 2.41E-10 1.00E-08 9.92E-08 458 10
L(r) 9.29E-11 1.53E-10 1.13E-10 1.00E-08 9.79E-08 335 108
R() 5.33E-11 S5.57E-11 3.21E-11 1.00E-08 9.99E-08 909 19

Table 6. Outcomes of ANN under Scenario 2 (Ry > 1).

Class MSE MAE RMSE R? 1-R

S(t) 241E-10 8.7979E-09 1.5524E-05 0.9999 8.4144E-09
L(r) 1.13E-10 2.0930E-09 1.0630E-05 0.9999 3.1519E-10
R(t) 3.21E-11 5.8242E-10 5.6657E-06 0.9999 1.2691E-09

Integrating numerical modeling with experimental data provides exceptional accuracy in simulating,
predicting, and analyzing disease behavior. This computational strategy delivers crucial insights for
understanding, preventing, and managing epidemics, effectively connecting theoretical models with
real-world health measures. These methods are essential for driving scientific progress, informing
public health policies, and enhancing global health outcomes. All performance metrics validate the
use of ANN:Ss, as they reliably show precision in analyzing our fractional mumps viral model.

9. Conclusions

The transmission dynamics of the mumps virus have been more effectively understood through a
novel nonlinear compartmental model, in which each of the three components operates independently
within the proposed framework. The model accounts for the numerous infections and fatalities
associated with the virus by addressing disease progression and incorporating individual replacement
mechanisms. By integrating mathematical modeling that captures both rapid and slow disease
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progression cases, the model allows for evaluation of the mumps virus’s impact on individuals and
communities within any given country. Furthermore, essential mathematical techniques, such as
artificial neural networks (ANNs), have been utilized to perform computations within the fractal
fractional-order framework.

The fractional-order differential equations governing the model are analyzed for well-posedness to
ensure both mathematical rigor and robustness. Ulam-Hyers (UH) stability analysis further confirms
the stability of the fractional-order mumps model under therapeutic interventions. The existence and
positivity of solutions are guaranteed by applying the Banach fixed-point theorem from nonlinear
functional analysis. Comprehensive quantitative and qualitative analyses have been carried out to
verify the equilibrium states of the proposed fractional-order mumps viral model.

An advanced numerical method is employed to analyze the epidemic dynamics of mumps,
effectively capturing the behavior of such outbreaks. A derivative operator with a nonsingular,
nonlocal kernel is utilized to enhance the model’s accuracy. The results demonstrate that during
the decay phase, particularly at lower fractional orders, the model maintains both effectiveness and
consistency with outcomes observed during the growth phase. These findings highlight the critical role
of fractional-order parameters in simulations, offering a more realistic and nuanced representation of
disease dynamics.

In comparison to traditional methods, the following statements underscore the capability of ANNs
to capture complex patterns in the dynamics of mumps virus transmission, offering valuable insights
into its spread and behavior.

e ANNs have demonstrated significant potential in modeling and managing human infectious
diseases. By leveraging advanced computational techniques, ANNs can simulate and analyze
infection dynamics within patient populations, presenting a transformative opportunity for the
integration of artificial intelligence in healthcare.

e The accuracy of the proposed model has been validated through comparisons with established
benchmarks. These comparisons confirm the precision and robustness of ANNs in modeling
and analyzing dynamic behaviors, thereby demonstrating their reliability for the systems under
investigation.

e The performance and reliability of ANNs are evaluated using advanced validation metrics,
including correlation coefficients, mean squared error (MSE), error histograms, regression
diagnostics, time-series analysis, and input-residual cross-correlation. Together, these metrics
establish a robust framework for assessing the precision, stability, and predictive effectiveness of
the model.

e A reduction in MSE signifies enhanced predictive accuracy, underscoring the effectiveness of
the model. The results demonstrate that a well-designed ANN can reliably forecast the dynamic
behavior of the mumps virus with minimal errors. The near-zero absolute error further highlights
the model’s precision in minimizing deviations from observed data, reinforcing its suitability for
accurate epidemiological prediction.

These findings confirm that the ANN technique yields accurate and consistent predictions,
outperforming traditional methodologies. As such, the ANN framework emerges as a powerful tool
in predictive modeling, demonstrating significant potential to surpass conventional approaches in both
precision and reliability.
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Based on the results obtained, our forthcoming research and applications include simulations for
several of the most dangerous viral infections, including those due to the latest COVID variants. Decent
mathematical analysis and deep learning strategies will be explored and developed.
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