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the intensity of virus dynamics

Saima Rashid?, Ayesha Siddiqa®, Fekadu Tesgera Agama?"‘, Nazeran Idrees* &
Mohammed Shaaf Alharthi3

Differential equations-based epidemiological compartmental systems and deep neural networks-
based artificial intelligence can effectively analyze and combat monkeypox (MPV) transmission with
Poisson random measure noise into a stochastic SEIQR (susceptible, exposed, infected, quarantined,
recovered) model human population and SEI (susceptible, exposed, infected) for rodent population.
Compartmental models have estimates of parameter complications, whereas machine learning
algorithms struggle to understand MPV’s progression and lack elucidation. This research introduces
Levenberg Marquardt backpropagation neural networks (LMBNNS) in training, a new approach that
combines compartmental frameworks with artificial neural networks (ANNSs) to explain the complex
mechanisms of MPV. Meanwhile, a model description proves the existence and uniqueness of a global
positive solution. A threshold parameter is determined and employed to identify the factors that

lead to infection in the general public. Furthermore, other criteria are developed to eliminate the
infection within the entire population. The MPV is eliminated if Ry, < 1, but continues if Rg;, > 1.
The study depends on two functional scenarios to quantitatively clarify the theoretical results. An
adapted dataset is generated employing the Adam algorithm to minimize the mean square error
(MSE) by setting its data effectiveness to 81% for training, 9% for testing, and 10% for validation.
The solver’s accuracy is validated by minimal absolute error and complementing responses to every
hypothetical situation. In order to verify the adaptation’s reliability and precision, productivity is
measured using the error histogram, changeover state, and prediction for addressing the MPV model.
Visual representations are used to illustrate the investigation and compare results. Utilizing this hybrid
approach, we want to increase our comprehension of disease propagation, strengthen forecasting
competencies, and influence more efficient public health actions. The combination of stochastic
processes and machine learning approaches creates a powerful tool for capturing the inherent
uncertainties in infectious disease dynamics, as well as a more accurate framework for real-time
epidemic prediction and prevention.

Keywords Epidemiological modeling, Poisson random measure noise, Monkeypox virus, Neural network,
State-space models

Recently, the viral infection identified as monkeypox was caused by the MPV, an element of the Orthopoxvirus
family. This infection is primarily present in Central and West African countries, with isolated instances
documented in other nations such as the United States and the United Kingdom!'~>.

MPV is most commonly transmitted to individuals by intimate interaction via sick animals or pathogenic
objects, including urine, blood, wounds, or mattingl’“. Transmission from one individual to another
is additionally probable, primarily via intimate personal contact involving affected people or contact to
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contaminated bloodstreams. Indications of an MPV infection encompass a high temperature, a migraine and a
distinctive pigmentation that progresses throughout the entire physique?. In serious instances, problems like a
respiratory infection, septicaemia, and encephalopathy can develop*™.

However, there is presently no particular antiretroviral therapy to treat MPV; nevertheless, medical assistance
can help with alleviating symptoms and reducing the potential of complications®. The disease vaccination has
been found to be beneficial for eradicating MPV, although it has ceased to be administered routinely2. As
a result, safety precautions that involve interaction tracking, confinement, and segregation are critical for
preventing transmission of illness>*. MPV, a member belonging to the Orthopoxvirus family, was initially
discovered in monkeys in the Central African Republic of the Congo in 1958, then among individuals in 1970.
The viral infection is prevalent in regions of Central and West Africa, causing intermittent occurrences. Reports
of incidents in non-African nations, such as the US, Spain, Portugal, and Spain, have lately escalated® (see Figure
1 (ab)).

Meanwhile, several methods are unable to account for the stochastic behaviors inherent in the MPV
pandemic, which result from record oversights and time-varying transmission behavior. As a result, moving
from deterministic to stochastic techniques is an immediate issue that coincides with the evolving context of
disease modeling®’. The Kalman filter is used in epidemiological modeling due to its ability to handle noisy data
and provide scientific advantages in infectious disease contexts with intrinsic fluctuations and uncertainties.
Additional research using Kalman filtering to assess the transmission of infectious diseases includes®®. Such
attempts mainly employ the extended Kalman filter to account for non-linearity caused by viruses in susceptible
individuals. Several efforts have been made to eliminate the statistical implications associated with Kalman filters,
using mathematical techniques from particle filtering. However, the possibility of severe infections leading to
hospitalizations in the intensive care unit is addressed in!®!1.

In addition to Kalman filters, continuous-time Markov chains are a popular stochastic methodology in
research. They are commonly used to simulate epidemiological systems of modest complexity, which usually
include two to four states'2. Unlike our research, these models focus on certain epidemiological features such as
illness extinction time, total number of infections/deaths, optimal revaccination time, and maximum infection
cardinality. These schemes and stochastic epidemiological descriptors do not take into account hospitalizations,
ICU admissions, or open population dynamics'®. Papageorgiou and Vasiliadis!* presented the transient analysis
of a SIQS model with state capacities using a non-homogeneous Markov system. Pérez et al.'> addressed a
stochastic SVIR model with an imperfect vaccine and an external source of infection. Gamboa and Lopez-
Herrero!® analyzed the effect of setting a warning vaccination level on a stochastic STVS model with an imperfect
vaccine.

Recently, the initial MPV incidence in the United States was in 2003, when a West African visitor contracted
the virus. This prompted an inquiry, which revealed 47 documented or suspected instances in six states, the
majority of which were related to virus-infected prairie rodents. In 2003, Canada experienced an analogous
occurrence involving two verified infections of MPV among travelers from West Africa!®'.

Portugal confirmed its initial MPV epidemic in 2018, including nine confirmed cases explained by current
flights to Nigeria. In 2021, Spain reported an initial epidemic of MPV; involving two infections associated with
excursions to Nigeria. The growing number of MPV infections away from Africa emphasizes the importance of
regular monitoring and strategy to handle occurrences?.

To better understand the unpredictable behavior and prevention tactics of MPV, numerical modelling
approaches?!~2* are highly suggested. These systems use previous information to match actual with predicted
disease results. Several MPV models, comprising single epidemic research to population threshold, have detected
diverse epidemiological trends. External factors are constantly significant in both biological processes and
physical catastrophes. Environmental factors strongly affect MPV propagation?*. Outbreaks can be unpredictable
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Fig. 1. (a) Geographical distribution of confirmed and suspected monkeypox cases during the outbreak
(Diagram generated with Datawrapper) (see!'”) (b) The cumulative number of identified cases (by validation
period) following the initial instance occurrence within the 2023 epidemic, as well as the entire amount of
nations registering verified cases.
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due to unexpected behavioral connections and changing demographics. As a result, the randomness of the
environment may significantly disrupt the infection profile. Modeling MPV employing techniques that consider
alterations in the environment and interactions between individuals and rodents is crucial, as food and beverages
and sexual contact are essential elements of the virus?*%°.

Meanwhile, the scientific research on dynamical phenomena is substantial, and the underpinning structures
have been extensively explained through a range of strategies, including deterministic and stochastic, fractional,
and fractal-fractional methodologies’*~2%. Many deterministic frameworks were broadened using Gaussian
noise and fractional formulations. The deterministic approach presupposes exclusively classical derivatives of
the underlying parameters, but fractional formulations are freedom to choose any non-negative real number
as an order. Modeling employing stochastic differential equations (DEs) is significantly more accurate than
deterministic modeling using ordinary DEs or fractional derivatives®**°. Using stochastic DEs to evaluate an
actual-life situation yields diverse outcomes. To gain greater comprehension, the framework must be simulated
numerous repetitions based on the required average outcomes. Poisson random measure noise represents
probably one of the most significant interruptions given that it operates as a threshold factor via drifting its
speed. Introducing such noise into epidemiological algorithms offers trustworthy evidence that reveals
previously unidentified details about the infection’s behavior. In particular, Poisson random measure noise offers
considerable features versus Gaussian noise. Noise with Gaussian characteristics is often used in numerical
modeling; however, it introduces unpredictability®!-33. The proposed framework outperforms the broader
Poisson random measure framework for neuronal effectiveness progression due to its incorporation of jumps
that reduce Poisson random measure noise. The present investigation suggests that Poisson random measure
noise is especially useful for epidemiological challenges where system reliability varies over time**.

Machine learning is becoming increasingly important in epidemiological modeling, particularly for
instantaneous disease monitoring and intervention strategy. Research has shown that machine learning
approaches, such as deep learning and analytical forecasting, can improve infectious disease outbreak predictions
and understanding the spread mechanisms®®’.

Our research advances the prior research by using an amalgamation of Poisson random measure noise,
ANN models and the LMBNNs*. This technique additionally enables an extensive investigation of MPV
dissemination, but it also provides a scientific foundation that may be applied to various other transmissible
illnesses. The incorporation of powerful machine learning methods in our study bridges a significant hole in
existing epidemic investigations. Moreover, employing ANN algorithms, particularly LMBNN, to forecast MPV
incidences in Portugal using data currently available**~*!. Manohar et al.*? addressed hybridized long short-term
memory-ANN-regularized self-organizing-based deep learning models for the prediction of COVID-19 cases
in Eastern European countries. Lakshmi et al.® investigated a new COVID-19 classification approach based on
a Bayesian optimization vector machine kernel using chest X-ray datasets. Manohar and Das** examined the
comparison of hybrid artificial neural networks with GA, PSO, and RSA in predicting COVID-19 cases: a case
study of India. Chandra et al.*® investigated ANN-based stock price prediction using the Levenberg-Marquardt
algorithm. The contrasting perspectives of this country will enable medical professionals to develop adequate
reaction plans. The present investigation is the initial endeavor to employ ANN for assessing current MPV
incidents, providing useful insights into the phenomenon’s patterns. A time series dataset of MPV occurrences
from Portugal, complemented by graphical representations of confirmed infections, is provided*®. Manohar and
Das?” demonstrated the prevalence and territorial illustration of documented reports of MPV via ANNs for the
prediction of outbreak. Alpalhio et al.*® documented the viral genetic clustering and transmission dynamics of
the 2022 MPV outbreak in Portugal.

The technique for forecasting is based on statistics collected by the “Our World in Data” website and employs
neural network algorithms. The validity of the model is improved by the LMBNNS learning technique, which
optimizes the number of neurones in a single hidden layer ANN model by cross-validation prior to stopping
validation®®. ANN-based regression techniques have demonstrated usefulness in identifying the propagation of
transmissible illnesses such as MPV. These frameworks allow health care providers and politicians to exercise
accurate choices about epidemic propagation or react appropriately to occurrences. ANN systems have shown
effectiveness for time-series estimation across different fields**=>!.

Inspired by the aforesaid discussion, the use of algorithms for learning in epidemiology studies constitutes
a revolutionary technique for comprehending and controlling viral illnesses. Focusing on the prevailing state of
the art in virus estimating, specifically the application of algorithms based on machine learning, our research
attempts to improve the prediction modeling of MPV in the context of Poisson random measure noise. While
previous investigations, such as?’, have established NN algorithms for predicting MPV in multiple nations in a
deterministic sense, the present study focuses on implementing the amalgamation of Poisson random measure
noise with the LMBNN models to anticipate incidents of MPV in Portugal. By combining Lévy stochastic
processes for modeling sudden, unpredictable events with LMBNN optimization for accurate parameter
estimation, the most significant application is in modeling and predicting MPV outbreaks characterized by high
variability, abrupt changes, and super spreading events. This hybrid methodology allows for more realistic and
robust modeling of complex epidemiological dynamics, particularly in scenarios where traditional Gaussian-
based stochastic models fall short. Also, this technique fills a gap in MPV studies and analyses the effectiveness
of several NN models, adding insight to the epidemiology.

The comprehensive assumptions and modeling architecture are presented in the following order: Section
2 introduces the MPV framework and its hypotheses, as well as the significance of Poisson random measure
noise. Moreover, it introduces significant terms and obstructions for stochastic modeling such as it evaluates
the trustworthiness and positivity of the proposed solutions. In Section 3, we analyze the stochastic model
solution’s behavior approaching the illness-free phase of the ordinary DEs framework and introduce the
sickness extermination hypothesis and persistence of mean. Section 4 analyses stochastic and deterministic
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frameworks, including visualizations to confirm the mathematical findings. Section 5 presents the suggested
LMBNNSs approach and findings, followed by an interpretation grounded in computed consequences. In a
nutshell, we culminate our effort by summarizing the research’s outcomes and proposing future research avenues
in conclusion.

Model description

Considering the propagation behavior of MPV, including two populations-rodents and humans-we suggest a
deterministic compartmental model. Five categories make up the human population: susceptible humans Sh (),
exposed humans Fy, (€), infected humans 11, (€), isolated humans Q1 () and recovered humans Ry, (£). Three
compartments comprise the rodent population: susceptible rodents S (&), exposed rodents F. (&) and infected
rodents I;:(§). The rate of human recruitment into the general population is wy. The successful interaction
rate and probability of an individual apprehending an infection via a diseased rodent are illustrated by 1 and
the probability of a person contracting MPV following contact with an infectious human is represented by
72. 12 represents the proportion of affected people who advance to the severely infected class, while 11 is the
proportion identified. Upon diagnosis, certain suspected instances are verified by medical professionals. whereas
undiagnosed cases revert to the susceptible human rate at ¢. A rate of A is used to treat suspected cases and
transfer them to the recovered class. Humans recover at a rate of y. A rodent’s risk of contracting an infection
per encounter with an infected rodent is determined by its effective contact rate, or 773. The natural mortality rate
fr or the death rate brought on by the illness p, reduces the number of diseased rodents. The recruitment rate
of rodents into the general public is w;. The classical model presented in Figure 2 used in studying the dynamics
of MPV transmission in this work is influenced by the subsequent model of nonlinear ordinary DEs in (1). The
state variables and parameters of the model are given in Table 1 as:

(n11-+4121h)Sh
Wh YTh
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"

Fig. 2. Schematic flow of MPV model (1).
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Interpreting the attributes

wy, | Human recruitment rate

wr Rodent recruitment rate

71 Human-rodent contact rate

n2 | Rate of human-to-human contact

n3 | Rate of contact between rodents

11 | percentage of people exposed to infected individuals

1o | percentage designated as a suspected case

13 | percentage at which exposed rodents become infected

¢ | percentage that was not found following diagnosis

Moving from an isolated class to a recovered class

The pace of human recovery

fun | Human natural death rate

1y | Rodents’ natural death rate

pr | Rodents mortality rate due to disease

pn | Human mortality rate due to disease

Table 1. Interpretation of model parameters and attributes.

dSy, __ I, I,)S

Tgl = wp — (m +712 1)Sh — 1inSh + ¢Qn,

dE In+n2Iy)Sh

(gTh: (m1 1y Tnh2 1) b () + o + pn) En,
h

dé V1 En — (pn + pn + ) In,
Tl = 2B — (tn + pn + A+ ¢)Qn,
dRh = ’th + A@n — pn Ry,
5§ _ 7731r5r ,LLrSr
ddEgr — S;rsr _ (/‘LT +1/J3)
9 = Y3 By — (pr + po) s

implementing initial

(1)

conditions

By
Sh(0) >0, En(0) >0, I(0) >0, Qu(0) >0, IL(0) >0, S:(0) >0, E.(0) >0, I,(0) >0. For the

human population, Yy, = Su + En + In + R + In. Also for rodent population,

we convert the classical MPV model to a stochastic version as follows:

dSn = <wh — % — 4nSh + ¢Qh>d§ + 015udB1(§),

dBy = (2R — (y o+ ) B ) d + 02 BndBalf),

A, — (1,[11Eh — (pn + pn + W)Ih)dﬁ + 03IndBs(§),
2B — (un + pn + A+ <¢>)Qh>df + 0a@ndBa(8),
~In + AQn — th)d§ + 05 RndBs5(8),

S — (wr — WIS — 1S, ) dE + 00SedBa(),

B - (nghsr ~ (et wg)Er)dg + 07E:dB7(£),

I = (zpsE (b + pr) r)d§ + 0s1:dBs(§)-

Y. =5+ E: + I;. Now,

2)

Despite the aforementioned qualities of the Poisson random measure disturbances, it may be additionally
advantageous whenever the noisy-scaled drift speed occurs inside an appropriate range of its threshold levels. The
incorporation of each non-local and local Lipschitz criteria means that incorporating Poisson random measure
disturbances could enhance the transmitted data or bit content in an assortment of feedback-related outbreaks
that adopt a particular, arbitrary stochastic DE. In accordance with literature®>>3, Poisson random measure
noise provides strengths over ordinary Gaussian noise in conceptual epidemiological frameworks. However, it
additionally introduces greater computational intricacy to the subject under discussion. Jump-diffusion Poisson
random measure noise improves the traditional Poisson random measure hypothesis by accurately explaining
the emergence of a neurone’s potential at its membrane. Poisson random measure noise increases the reliability
of time-dependent recurrent NNs. Implementing stochastic Poisson random measure noise to the framework
(2) results in an accumulation of Poisson stochastic DEs>*:
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ds, = (wh _ (7711r+%721h)5h — pnSh + ¢Qh>d£ + lethl(g) + O1,

h

dBy = (7“““‘;’7;1“51“ — (W1 + 2+ m,)Eh)ds + 02 EndB2(€) + O3,
dl, = (1/11Eh — (pn +pn + 7)1h>d§ + 031,dB3(§) + O3,

AQu = (2B — (i + pu+ X+ 9)Qu )€ + 1QudBa(©) + O,

AR = (710 + AQu = R ) de + 05 RudBs(€) + O,

ds, = (wr — mlS: ursr)dg + 065:dBs () + O,

A = (45 — (e + ) B ) d6 + 07 ExdBr () + O,

dI, = (¢3Er ~ (et pr)fr)dg + 0sI.dBs(€) + Os,

whereas
o :/<I)Ul(\II)Sh(§‘)T(d§,d\I/), GQ:LUQ(W)Eh(E‘)T(dﬁydW)a
egzL)Ug(W)zh(()T(dg,dq/), @4:404(\1/)&(()?(@@\1/), )
05 = L Us(¥)Qu(€7)T(dE, d¥),  Op = /@ Us(2)S:(67)Y (dg, d¥), !
@7:[1)07(\1;)&(5*)?(@,(1\11), es:AUs(\If)Rr(f’)T(dé,d‘P)-

The compensated Poisson random measure indicated by 7Y, it can be described as
Y (d§,dt) = Y(d§,dt) — x(d§)d¥. The expression U(&) represents the left limit. All additional components
retain the identical interpretation. Here, T represents the Poisson random measure and x(.) is its intensity
measure. Also, the mapping X stated on measure set W[0,00) possessing the features x(¥) < co and
Ui >0, (i={1,2,..,8}).

Basic Concept

This part includes fundamental descriptions and Lemmas in stochastic significance. The formatting utilized
herein corresponds with the version supplied in®, and will therefore be implemented within the work.

1 £
@) = 3 / HI(s)ds. )

Lemma 1 To facilitate our investigation, we shall employ two essential presumptions, denoted A1 (§) and A3 ().
Such hypotheses are crucial for demonstrating the existence and uniqueness of a global non-negative solution to the
framework (3)°657.

Ai(€). V M >0 3 Ly > 0 such that

/ |Z:(W1, w) — Ei(W2, w)[*dx(¥) < Lu|wi — wal*,i ={1,2,...,8}, (6)
Lo

with [w1] V |wz| < M, where

Ei(w,U) =UC1(¥)w for w=Sn(§ ),

Eo(w,U) = Bo(V)w for w= En(§),

H3(w,¥) = Us(V)w for w=1n({),

Ea(w,U) = Bs(P)w for w=Qun(&), -
E5(w,U) = Us5(V)w for w= Run(£),

He(w,¥) = Us(¥)w for w= S:(§),

Er(w,U) =UC1(V)w for w=E:(£),

Es(w,U) = Us(V)w for w=IL(§),

where = represents the compensated stochastic parameter.
A1(8). |log(1+ Ui(w))| < Cfor Bi(w) > —1,i = {1,2,..,8}, where [ is a fixed nonOnegative number.
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Theorem 1 If for stochastic model (3) (Sn, En, In, Qn, Ry, Sr, Ev, I.) is a solution containing initial values
(S1(0), En(0), In(0), Qu(0), Ru(0), S:(0), Ex(0), I:(0)) € R{, then

o 506+ Fu(©) + 1n(€) + Ra(€) + @u(®) + Se(€) + Ful() + L(©)

=0. 8
£— o0 f ( )
Moreover, zfmax(uh,,uh) > Q?+Q§+g§+@izg§+eg+9§+e§ , then
_Jf Su(s)dBa(s) _[f Bu(s)dBa(s)
lim =%——~ =0, lim =———~ =0,
£—o00 f £—o00 §
 Jf Iu(s)dBs(s) _ [fQu(s)dBa(s)
lim =%——~ =0, lim ——0,
£—o00 rf £— o0 f (9)
3 3
y J; Bu(s)dBs(s) _J5 Si(s)dBe(s)
im —4—————~ =0, lim =—~ =0,
£— o0 5 £— o0
. fs dB7 . fg b)ng
lim =— =0, lim =0.
£— o0 f £—00 §
Thus, the solutions of MPV model (3) possess the subsequent features;
e SEdBIS) w [y Eu()dBa(s)
lim =—, lim =0,
§— o0 f Mh §— o0 f
_ JE Iu(s)dBs(s) [ Qu(s)dBals)
lim =——— =0, lim =*—F—— - =0,
£—o00 g £—o00 § (10)
_ J Ru(s)dBs (s) Jy 8u(8)dBs(s)
lim =— =0, hmiz—,
£— o0 f £—o00 f Hr
) OE E.(s)dBx(s) ] f§ (s)dBs(s)
lim =—— =0, lim =0.
£— o0 f £—o00 f

Proof The documentation regarding the Lemma are analogous to those supporting Lemmas 1 and 2%, thus we
will overlook them when examining this setting. [

The aforementioned descriptions of mean persistence are noteworthy pointing out, as stated in>.

Definition 1 (*°) For stochastic model (3) to demonstrate the attribute of resilience or persistence, it needs to
meet the subsequent requirements:

3
lim inf%/ H(r)dr > 0, a.s. (11)
0

£—o0
Analogue to the preceding requirement, the Lemmas used in>® must be valid for MPV endurance.

Lemma 2 (Strong law) (*°) Considering a real-continuous mapping M = {M}o<¢, the local martingale criteri-
on occurs if it disappears as ¢ — 0 and

oF
lim (M, M)¢ = 00, a.s. = lim =0, a.s.
Jim (M, M)e = oo (M, M)e
(12)
: <M7M>§ : §
lim sup —— <0, a.s. = lim — =0 a.s.

Lemma3 Assume thath € ([0, 00) * B(0,00)) and G € [([0, 00) * BR) 3 limg_ o0 T& =0, a.s.if¢ >0

3
logg(&) > Ao(€) — A/ h(s)ds + G(£), a.s.

Therefore, we have

Scientific Reports | (2025) 15:17150 | https://doi.org/10.1038/s41598-025-94086-y nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

- Ao
> — .S.
Elggolnf<g(€)> >y a8

Herein, A and Ao indicate positive constants, respectively.

Global positive solution

Stochastic model (3) is a physiological analogy for the population dynamics problem that necessitates a global,
bounded, positive solution. The following result will examine the well-posedness of the system defined by
stochastic model (3). To facilitate our analysis, we will utilize the two common hypotheses, A1 and Az, which
are outlined in Lemma 1. In order to prove that there is a unique global solution for stochastic model (3), certain
presumptions are essential.

Theorem 2 Suppose that a  stochastic model (3) for & >0 possess only one solu-

tion (Sn(€), En(§), In(€), Ru(§), Qu(8), S: (&), Er(f),lr(f)) for any initial value
(Sn(0), En(0), In(0), Rn(0), Qu(0), S:(&, Ex(€), I (€)) € Ry and the solution will exist in R containing unit

probability, (Su(£), En(£), 1n(£), Bu(£), @u(£), S:(6), BL(6), 1:(€)) ERy VE20,as

Proof Since the drift and diffusion are guaranteed to be locally Lipschitz by the requirement A, there will be
a time & at which the suggested concern will have a locally specific solution in the range [0, A). The explosion
phase is represented here by A.; researchers are directed to”> for more details. To establish that the outcome
is global, it need to be shown that A, = oo is adequate. In order to illustrate this, let Ko be a sufficiently large
positive real integer such that every scheme solution falls inside the range [ﬁ7 Ko]. As a result, given K > K,

permit
K

e = {inff €0.0): ¢

> min{W} or K< maX{W}}, (13)

where W = (Su(§), En(§), In(£), @u(§), Ru(§), S:(§), Ex(£), I:(£)). In this study, theinf of an empty set is
denoted by inf () = co. Here, Ak increases as K — oo. Suppose that Ak possesses a limit of Ao, It is almost a
given that Aoc < A.. Alternatively, it is necessary to demonstrate that Aoc = c0. If this supposition is false, then
the constants T' > 0 and ¢ lie in (0,1) such that

P{Ac <T} >e. (14)
Hence, there is a natural number K; > Ko, the following holds
e <P{T> X},V K>Ki. (15)

To demonstrate the additional part of the hypothesis, proceed to construct the mapping as:

dU(W) = LU(W)dE + 01(Sh — Q)dW1(€) + 02(En — 1)dW2(€) + 03(In — 1)dW3(€) + 04(Qn — 1)dW4(€)
+ 05(Rn — 1)dW5(€) + 06(Sr — Q)dWe(€) + 07(Er — 1)dW7(§) + 0s(Rr — 1)dWs(&)

/[Ul( )Sh — Qlog (U1 (W) )} (d¢, D) /[Uz( )En — log(Ua (¥ +1] (d¢, D)

P P

+ [ [pstmn — oas() 4 0] Tag.am) + [ [5:3)0s ~ toa(1w) + )] T, aw) (16)
+/ [U )Ry — Qlog(¥ (\1!)+1)]T(d§,d\1!)+/ [Ua(w)sr—Qlog(UG(\p)H)]Y(dg,dq/)
+L[U7 —log(U7 () + )}T(d{,dlll)Jr/q’[Ug(w)Rrflog(Ug(\Il)+l)]T(d§,d\IJ).

The aforementioned connection defines the LU operator from RY to Ry as:

_(1-£ _ (et mln)Sh _
(- 2)n 5 ) 1-5)

+ ((nllr + 7]2[}1)511

T, — (W + 2+ uh)Eh) + (1 — Ilh> (1/)1Eh — (4w + pn + ’y)Ih) (17)

+ (1 — th> (dJQEh — (un +pn+ A+ ¢)Qh> + (1 — Rl> (711] + AQn — Mth)
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L QU O & / [01(®) ~ Qog(1(®) + 1) c(aw)

N L 052(%) — log(052() + D] c(a¥) / [53(9) ~ tog(©s(w) + 1) c(aw)
. / 54(9) — log(4(¥) + D] cav) / [55(9) ~ tog(©3(w) + 1) c(aw)
+/¢ QU (V) ~ Qlog(Us(¥ )H)}c(dﬂf) /

P

[57(9) ~ og(G+ (%) + 1) | (@)

+/ Us(¥) — log(Vs (¥ )| ¢(d
ol
I + ol
<w —W‘l‘ﬂh‘l‘wl+’(/12+Mh+ﬂh+ph+’y+¢+A+ph+,&h+Mh
h
n1:Q Y O R

+Q%g+ﬁ+@+/ [QUI(W)—Qlog(zsl(\p)ﬂ)}g(dxy)

_Ug V) — log (U2 (W dv U3(¥) — log(Us(¥ dv
[ [200) — a0+ )] ctamy + [ [15509) @ (w) + 0] caw)
| [Buw) —tog (. (9) + 1] ¢(aw + st = tog@ss(w) + 1 ctaw)
- @

QUe(m—Qlog(wew>+1>]<<dm+ e = t0g@s2(9) + 1) ctaw)

J’_
e\\\

+ [ [os(w) ~ 1og@s(w) + 1] c(aw)
<wh —mQ— 120 + 4dun + 1 +7/J2+2ph+7+¢+)\

2
+wr+mQ+3ur+w3+pr+Q +2 +5+ : +%

+ Q% + 5 +& +/ [Qul(qf) ~ Qlog(B1 (V) + 1) ¢(dw)
[ [5209) — om0+ )] ctamy + [ [15509) — og@ss(9) + 0] caw)
+ [ [0 — orsm) + ] ctam + [ [5509) —tor(5(9) + )] ctam

+/® :QUg(\IJ)fQlog(UG(\IJ)Jrl)}C(d\I/)Jr/@ {07(\11)flog(U7(\I/)+1)]C(d\IJ)

+ / 55(9) — loa(s(w) + 1)]c(aw)

Consider 1 = max{ni,n2,M3}. Furthermore, (13) ensures the inequality
Sn+En+ I+ Qu+ R+ S+ Er + I <1, thus
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LU <wh —3nQ+4pn+Y1 + Y2 +2on+7+ &+ A+ wr + 3 + 3 + pr

2 2 2 2 2 2 2 2
L Qetetoto - Qo6 + o7 1 0§ +/ [Qul(w)sh — Qlog(By (W) + 1)}C(d\1!)
P

+/1> {Ug(\I’)Eh—log(Ug(\If)—i—l)}C(d\Il)—i—A [Ug(q/)fh—1og(153(\1/)+1)]<;(d\p)

[ [0~ toa(wu(w) + 1] ctaw) + |

[05@)3}] — log(Us(T) + 1)} (dv)

L [Quﬁ(\y)sr — Qlog(Ts(V) + 1)}4(@) +/ [U7(‘P)Er ~log(Ur (W) + 1)}<(d\11)

P

+ / (B3 (@)1, — log(Gs(®) + 1] () = M.

The remaining portion of the demonstration basically follows the demonstration of Theorem 2.1 of*>%. As a
consequence, we will eliminate it in here, putting the hypothesis’s argument to a conclusion. [

Extinction and persistence of disease

The following subsection presents advantageous factors for the eventual demise of the MPV in the community.
Our focus is mostly on the foreseeable behaviour of the proposed response. Our approach commences with
establishing the framework’s criteria number and then stating a result for infection eradication. This formula
gives a threshold value for the stochastic model:

Ron = 3 Ve )
(Wn + pn 4y + ) (W1 + W2+ ) + [, [Os(w) — log(Us () + 1)J¢(dP)
Ror = L .
(e + e+ %) (3 + o) + J5[Us(w) = log(Us () + 1)]¢(dP)

(18)

Theorem 3 Let (Sh, En, I, Qn, Ru, St, Ex, I;) be the solution of stochastic model (3) with initial conditions. If
Ron < 1, Ror < 1, then the subsequent characteristics of such a model solution must exist:

. Wh
lim sup S =
Jim sup w(€) o

lim sup En(§) =0,
£— o0

lim sup In(§) =0, lim sup @Qn(§) =0,
£— o0 £—o00

" (19)
lim sup Rn(€) =0, lim sup S;(€) = ==,
£—o00 £—o00 Hr
lim sup E:(§) =0, lim sup R:(§) = 0.
£— o0 £—o0
In simple terms, the preceding indicates the eventual demise of the MPV in the society having probability one.
Proof After performing the integration on model (3), the subsequent formulae can simply be generated:
t
1 m(LeSn)  n2(InSh) 01 Jy SndBi(€)
(S = 5u(0)) = wh — —= - = — pn{Shy + +
£( n(§) = Sn(0)) = wr T Ty £ (Swy + $(Qn) £ .
20

h)
/ (G (w)Sh (€] T(de, ) | de,

1 3
e
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> [ EndBa
%(Eh(ﬁ) — En(0)) = <§5; h) <q1fhjh> (1 + 1 + pn)(En) + M
§ / [/ [B2(w) En(€7)]Y(dE, dlll)l dg,
' IdB
%(fh(ﬁ) — 1n(0)) = ¥1(En) — (i + pn + ) (In) + w
5 / /[Us VIn (7)Y (d€, dW) | de,
! 1dB4
1(@(6) ~ Qu(0) = balFi) — (1 + p + A+ )@ + W
+ % / /[U4 YQu (€)Y (de, d\I/)] de,
5 | RndBs
L) — Fu(0) = 9{0) + A(@s) — () + M
(21)
+3 / [/ [G5(w)Qn(€7)] T (de, dql)l de,
S:dB
L(8:(6) = 5:(0)) = wr ﬁ e (Se) + 26 Jy SrdBs ()
¢ 1)) 3
+3 / l / (B0 (w) (€)Y (d€, dw) | de,
* E.dB
LB) - Bu(0)) = 5D () () + To B BT
¢ (Te) 3
+§/ [/[07 T(dg, av) | de,
1.dB
LU©) ~ 1(0) = YalB2) — (91 + “
e / [/ £7)]Y(d¢, W) | de.
Employing the second-last equation in problem (20), one can easily compute
1 12 (L) (Sr) 1 En(€) — En(0) 1 [ 02 BndBa(€)
(En) = (1 + b2 + ) (1) (1 + e+ ) ( ) + (1 + o + i) ( 13 >
L[S, B e T, aw) | ae o
* (1 + 2 + ) ’
= G W Me©),
where
- 1 En(€) — En(0) 1 [ 02 FndBa(€)
M, = (1 + 2 + pr) ( 3 ) (V1 + 12 + ) ( 3 ) .

Ly [fovetme
J’_

(1 + 2 + )

YT (e, dv)|dg

For the human infected population employing Itd's technique, the third equation of (20) yields after simplification:
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dlog In () = {wl— = (pn + pn +7) %} d + 03dBs(€)
] (24)
_ / {Ug( ) — log(Us(x }g (dv) / {mg(og(q}) n 1)} Y(de, dv).
@
Applying integration on (24) from 0 to £, and dividing by £ provides the subsequent relation:
log 1n(&) g log 1n (0) < [1/11% — (pn +pn +7) — / {UB(W) —log(Us(x) + 1)} C(d‘I’)} + 03dBs3(&)
P
£ B (25)
+ / / [log(Ug(‘l/) + 1)} T(de, dv).
0 (8
By replacing (22) with (25), we obtain
og I i) + Mo, og I
: gé € < [y, TR ]U(}‘;H © it ot ) + B0 gi © f/ [B4(w) = og(Ga@) + )] ¢(aw)]
5 o
+/ / [log(Ug(\I}) + 1)]T(d$,d\11) 4 2edBs()
e l:b log I (OE) (26)
172 0g 1h
m (o +pn+79) + 3 — /I {Us(w) — log(Us(z) + 1)} ((d‘l/):l

// logU;(\Il)+1] (de, d) + Q‘dz‘@

Furthermore, M;(§) = % 05 dB;& for i={1,2,..,5} are the martingale operator disappears for £ = 0.
Applying £ — oo and utilizing Lemma 3, one obtains

glggo sup % /Od M;é = 0. (27)
Whenever Ro, < 1, (25) generates
EILH;O sup % (,uh +pn+v+ )(Rgh —-1) <0, as. (28)
Accordingly, (28) assures
Jim (1) =0, as. (29)

. d
Considering equation (29) in (22) and keep in view limg— oo sUp fo Mi§ = 0, we get

Also, for the rodent infected population using It6’s formula, last-equation of (20) yield after simplification:

dIn(§) = [ws% — (e + pe) + %} dé + 03dBs(£)

] (31)
~ [ [ = os@s() + ] ctaw + [ [1oss(w) + 1] Viag.aw), @
Integrate (31) from 0 to £, then dividing by &, gives
3 * (I ) 32)

// log(Us (¥ +1} (d¢,d).

Furthermore, M;(§) = % 05 dB;€ fori = {6, 7,8} are the martingale mapping vanishes for £ = 0. Employing

& — o0 and considering Lemma 3, we find

hm sup — / M;& = 0. (33)
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For Rq, < 1, related (32) yields

log I, 2
lim sup OgT(é) < (uh +pn+ %) (Ror — 1) < 0. (34)

£— o0

with the similar approach, we get

lim (I;) =0, a.s. (35)

£—o00

Adopting the same technique, we can prove

lim (Sh(€)) = 22 a.s,

lim
£—o0 Hh £—o0

lim (Ry(€)) =0, as  lim (S,(€) =, a5 lim(E(©)=0,  lim (Ri(€)) =0.

£— o0 Mr £—o0 £— o0

<Eh(€)> =0, a'svglLIlgo<Qh(£)> =0, as

This yields the intended outcome. [J

The following part will explore the future viability of the MPV in the general population. In order to be more
particular, we will examine the requirements of the settings that ensure infection perseverance, which is
necessary prior to implementing a successful surveillance strategy. We shall commence by investigating the idea
of average perseverance, as explained in>>.

Theorem 4 Assume that the stochastic model (3) is considered persistent in the mean if:

ton (VB — 1) (36)

lim inf (In) > a.s
£—00

Q1n ’
3wr(\/]RT(‘)r — 1)
lim inf (I;) > ————%, a.s, o7
£— 00 Q577
where

Ql = 02 < ’

pn + 2 — fq,[Ul(\I’) — log(U1(¥) + 1)]¢d¥
Qs = -

pe+ G — [, [Us() — log(Us() + 1)]CdT

and it ensures that the illness will always occur in the community irrespective of £. Introducing

s n
R h T T 9
{0); X1X2X§ (38)
n
RS, = —1 .
0 X4X5X§ (39)

Proof Assume that there are functions G1 and G2 for human and reservoir hosts, respectively, defined as:
G1=—-Q1InSK(§) — QeI En(§) — QsInIn(§) — QalnQu(§), (40)
Go=—095InS:(§) — Qs In EL(§) — Q7 In I,(€), (41)

where Q,, (3 =1, ..,7) are real constants and will be determined later. Applying the It6 formulation to relation
(40) and (41), we get
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dG1 = LG1 — Q101B1(§) — Q202B2(§) — Q303B3(&) — Q404B4(&)
- Ql/[Ul(\I/)Sh — log(U1(¥) + 1)] YT (d¢, d¥)
— Q2 L)[Uz(\P)Eh — log(U2(¥) + 1)]T(d§, dv) )
- 93/[03(\1/)1h — log(U3(¥) 4 1)]Y(d¢, d¥)
Y / (654 (1)Qu — log(54(W) + 1)]T(de, dw).

dGz = LG2 — Q506B6(€) — Qs07B7(§) — QrosBs(&)
— Qs / [O6(¥)S: — log(Us(¥) + 1)]Y(dE, dT)
— Qs / [O7(9)E; — log(U7(¥) + 1)]T(dE, dW) (43)
- Q7/[Ug(\1/)1rr — log(Us(¥) + 1)]T(d¢, d¥).

LGy =-O lnSh(f) — Qo lnEh(f) - Q3 1n1h(€) — Q4 anh(f)

2
_ Q;wr " (7711}1:5-7721};) 4 Qi + Ql{gl +/[U1(\I/) — log(T1(T) + I)Kd‘l’}
h Th 2 >
2
_ gl Eml)Sh oy ) + 92{922 + /[UQ(@) — log(U(¥) + 1)]§d\1/}
Jao

YTwEn (44)

0 Y1 En 03 )
Q=+ Qs(un +pu +7v) + Qs 5T @[Us(‘l’) — log(U3(¥) + 1)]¢d¥

2
— 0 1 Qi+ o+ A+ )+ 94{924 +/[U4(\I/) — log (U4 (W) + 1)}@@}
o @

< =44/ Q19293 Quwnn + Ql{Mh + % + / [01(¥) — log(U1(¥) + 1)]@“’}
®
+ Q2{1/J1 + Y2 + pn + % + / [B2(¥) — log(U2(¥) + 1)]Cd‘1’}
®
2
+ 93{wh ot S [ 300 - tou(a(0) + 1)14@}
®

2
+ Q4{Wh A+ o+ % + / [04(F) — log(Va (W) + 1)]Cd\lf}.
P
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LG2 = —Q5 In Sr(E) - QG lnEr(f) - Q7 lnlr(g)

2
- Q;”f Qs g s, + 95{95 + / (56 (1) —log(Ue(\P)H)Kd\D}
T Tr 2 D

13l Sr

~ EuT.

+ Qo +13) + QG{ : /[07( ) — log (U~ (¥) + 1)}4de1}
- Qﬂ/)s — Qr(pe + pr) + 97{ /[Ug — log(U(¥) + 1)}4d\11}

< —3/Q5Q6 Q2w,ms + Q5{ur + %g + L[Uﬂ@) — log(Us (W) + 1)}¢de1}
+ Qs{wa + o+ %27) + L[m(\p) — log(Ur(W) + 1)]cjd\11}

+Q7{wr+ﬂr+92§+/[68(\11)log(Ug(\p)‘i’l)]Cd\P}.

After simplification, we get

Q= ; “h :

pon + % — [, [01(F) — log(T1(¥) + 1)]¢d¥
Q= “h

Y1+ o+ pn + Z — [ [02(¥) — log(V2(¥) + 1)]¢dW
Qs = ~h

wn + 7+ G — [, [0s(¥) = log(Us(¥) + 1)]¢d¥
Qi = “h

wh+ pn F A+ O+ D — [ [0a(P) — log(Va(T) + 1)]¢d¥
Qs = i ,

— [, [06(¥) — log(Ts (V) + 1)]¢d¥

QG = 2 o )

Y3+ i+ 5 — [, [07(¥) — log(Us (V) + 1)]¢d¥
Qr = o

b e [ [55(0) ~ log(0s(0) + 1)ca¥

For brevity, assume that

m:m+%—/mw%mwmm+mw@

2

— it 5 = [ (0200 tox(G0) + Dicav.
L

2

W3 = Wh + fin + v + % - / [O3(¥) — log(Us(¥) + 1)]¢d¥,
)

2
wa =+ 3+ 0 £ = [ [0400)  loa(Guw) + Dicav.
o
2

o Q6
w—uﬁhg—Ade—bﬂ%@0+mM%

W= i+ 5 = [ [57(8) ~ 0g(G5(%) + D]cav,
2
2

mzw+m+%fémmwmme+mwv

Utilizing these w;, we have
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LGl S —4wh [\/R%h — 1i| + Q’I]th,
LGo < —3uwn, [\/RTM— 1] + Ons1.

Integrating both sides of the stochastic MPV model (3) and replacing (45) into (40) and (41), we have

M = —4wy [\/Rf)h ] + Onaln — Q101B1(§) — Q202B2(€) — Q303B3(§) — QupaB4(€)

- / [01(¥)Sh — log(U1(¥) + 1)] Y (d¢, dP)

— Qs / [B2(P) By — log(Us (W) + 1)] Y (d¢, d)

— Q3 /[Ug(\ll)[h — log(Us(¥) 4+ 1)]T(d¢, d¥)

_a / [54(0)Qu — log(Ba() + 1)|T(de, dv)
P
< —dwy [\ /RS, — 1] + 2 (In) — p1(6),

Gali(6) - Galo(0) _ 4, [\/Rgh - 1] + QoI — —Q506B6(€) — QsorBr(€) — OrosBs(€)

~ 05 [ ()5, ~ tog(@(w) + VT (e, av)
= 05 [ BW)B: ~ tog(-(0) + 1T (e,
o, / (s (V) 1, — log(Bs(W) + 1) T (de, d).
< —3un[V/RS, = 1] + QL) - p2(6),
1 [ [01(W) S, — log(B1 (V) + 1)] Y (d€, d¥
or(6) = Qi [, g(€ (V) + )] (dE, d¥)
N Qs [, [02(¥) By — log(Ua (W) + 1)] T (d¢, d¥)
3
+Q3f¢[63( Ih—log(gUg( ) 4 1)]Y(d€, dP)
Q4 Jo[0a(¥)Qu — log(Ba(¥) + 1)]T(d¢, d¥)
6 bl
5 [ [U6(¥)S: — log(Us (V) + 1)] Y (dE, d¥
or(E) = Qs [, og(5 () + 1)]Y(dE, d¥)
Qs [,[U7(P) log(U7(¥) + 1)]T(d¢, d¥)
" 3
Q7 [ [0s() I, — log(Vs (V) + 1)] T (d¢, d¥)
: .
Applying strong law defined in Lemma 2, we get
51320 p1(§) =0,
Jim p2(§) = 0.

Now, by utilizing Lemma 3, the inferior limit of relationship (46,47) is provided by we obtain

lim inf (I

£—o0

4wh(\/RT(‘)h — 1)

>
)= o :

(46)

(47)

(48)

(49)

(52)
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lim inf (}}) > ————M—~
£—>oo< )z Qsn

likewise, lim infe_, oo (In) > 0 and lim infe o (I;) > 0.
These outcomes constitute the demonstration of Theorem 4. O

Numerical simulations

The following part discusses the implementation of representations to confirm mathematical findings and predict
disease behavior within different scenarios. To develop an algorithm for a computationally solvable problem
(3), we used the traditional numerical methodology described in®!. To effectively design the method, we used
m=0,1,2,...,M*,where M* € Tandw" € Y. We take into consideration a fixed step size O = % in order to
characterize the time interval [0, T]. Also, fori € {1,2,...,8} and Y}' = Sy + Ew + I + Run + In. Moreover,
concerningtherodentdensity Y1* = Sy + E; + L:andOZimOaW(€m + 1) — W(€m) = v/OE0i,m,where gi m
indicates the Gaussian noise pertaining to distributions Y (0, 1). Furthermore, © L, statedas L(&n + 1) — L(&n),
as a Poisson distribution possessing intensity x taking into account ® = (0, +00) with x(®) = 1. The Milstein
technique for numerically solving the framework (3) is as follows:

m m I;n + Im Sm m m m
spt = s (i - LIS s 60) 06 + 0157 B (6)
h

L4 S-S (OB 1y — ©6) — Ui (W) S Om,

m Ir [ Sm m m
B = ((”Q—Z) — (4 ) BT )OE) + 03B B @
h
2
+ 2B} (0B} — 6€) — U1 (w") B O,

L= (w Ey — (pn + pn + W)Iﬁn)@(f) + 031y By,m (€)

2

+ B OB, — 08) - Bs(w) O,

v \

me1 (w ER — (i + pn+ A+ 0)QF )@5 + 04Q"Bum(€)
+ 208, - 06) - Bi(w)Qie

(54)
Bt = (V4 QR = i) ©€ + 0357 dBm(€)

2
+ G R (OBE 1, — ) — Us(w) R Om,

m sy m m
gm (wr - BES s )eg + 065" Bo.m(€)

2
+ &s;“(eBg = O8) — Ug(W*) SO,
m+1 _ (7731 Sm

(e + g) B )95 + 01 EMBr ()

/-\w‘

Irm+1 /Jr + pr) )95 + QSI BS m(é‘)

+ %I?(@Bi,m — ©8) = Us (W) ["Om.

To configure numerical results for the framework (3), consider using the positive preserving truncated Euler-
Maruyama (PTEM) approach®?, as well as alongside the aforesaid strategies. Numerous researchers have utilized
positive PTEM techniques to study complex physical mechanisms®. This strategy was chosen due to its ease of
use and effectiveness for managing Poisson random measure jumps.

The model (3) requires specific parameter settings in order to quantitatively substantiate the mathematical
findings. Two different sets of input values, shown in Table 2, were employed to simulate the framework. These
categories additionally encompass the first demographics of individuals and rodents. For each value combo, the
framework was emulated throughout the time interval [0, 100] and every feature was explored with extensive
visual demonstrations.
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Parameter | CaseI | CaseII | Case III

Wh 029 032 |032
we 020 [028 |028
m 030 |040 |0.30
02 030 |035 |045
N3 030 |040 |0.70
b1 020 [018 |08
P 0.10 |0.08 |0.08
b3 020 [0.18 |08
é 020 [025 |025

0.05 0.03 0.03
0.10 0.12 0.12

P 0.01 | 0.0008 |0.0008
e 001 |0.007 |0.007
or 005 |0.04 |0.04
oh 020 |02 |012
S1(0) 0.1 0.2 0.3
En(0) 02 |01 0.2
I, (0) 03 |04 0.1
Qn(0) 04 |03 0.6
Ry (0) 05 |06 0.5
S,(0) 06 |05 0.4
E.(0) 07 |08 0.8
1,(0) 08 |07 0.7

Table 2. Parametric settings of MPV model (3),

The incidence rate and parameter estimation

MPV indications, such as occurrence, prevalence, and fatality rates, are frequently utilized to evaluate the load of
disease produced by MPV. The occurrence rate is a key metric tracked and reported by global officials. The rate
of infection is estimated based on both new and relapsed MPV infections. The prevalence rate is expressed as the
number of new viral infections per 100,000 individuals annually® as:

Incidence rate = 100,000 x ( nBn + pndn + pn@Qn + pu Ry + pe e + pe e ) (55)

(Su(&) + En(§) + In(§) + @Qn(&) + Ru(§) + S:(§) + Ev(§) + Ir)

The model parameters were derived based on the prevalence rates of persistent MPV in Portugal, as reported in
the WHO annual MPV report®. Some data were sourced from previous research. The values of all parameters
determined by the curve fitting procedure (see Figure 3)(a) are denoted as “fitted” in the corresponding column
of Table 2. We employed Latin hypercube sampling to estimate the parameter range and varied the initial feature
collection at the same time. The framework was used to analyze the prevalence rate for every value variation
inside the analyzed region. The Euclidean distance decrease approach selects the settings that best fit the WHO
prevalence information.

However, the initial MPV infections in Portugal appeared laboratory-confirmed on May 17, 2022, and the
pandemic occurred about July 17, 2022, with a subsequent decrease in the overall number of patients. As of
January 10, 2023, there were 951 documented incidences in Portugal (Fig. 3)(b). To better comprehend the
biological dynamics of MPV in Portugal amid the 2022 multi-country epidemic, infectious sequencing results
have been analysed from 495 people who tested confirmed using polymerase chain reaction. The random sample
accumulation originated for the 495 identified instances varied from 4 May (ISO week 18) to 16 September
(week 37) 2022, indicating a large pattern collection of 54.2% (495 versus 914) overall demonstrated mpox
scenarios in Portugal throughout that time (which corresponds to 52.1% of the total reported scenarios up to 10
January 2023) (Fig. 3).

Numerical findings for extinction

In previous subsections, we studied the factors that lead to virus extinction in populations and those that promote
long-term persistence. Theorem 3 was proven using the constraints Ron < 1 and Ro, < 1. The theory offers a
biological explanation for the unit probability of MPV eradication in both human and rodent populations when
the required conditions are met. Despite the extraordinarily high rate of initial infection, the disease will be
completely eliminated from the populace. To quantitatively evaluate these truths, we developed a model depends
on Example 1 and provided graphical illustrations in Figure 2. The random system produces curves that are
easily observed to progressively tend to the disease-free condition of the associated deterministic system.
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there were cumulative and weekly occurrences of MPV, as well as infectious in Portugal. The bars show the
distribution of MPV positive data by collecting date (week) and are color-coded based on virus accessibility.
The line that is dashed indicates the overall amount of cases.

Example 1 In this instance, the parameter values for Case I are derived from Table 2. These parameter values are
used to construct the threshold parameter Ro,=0.048 and Ro,=0.053, which comes out to be smaller than unity.
As a result, Theorem 3 requirements are satisfied, which brings about the obvious conclusion. Consequently,
each component of the model’s solution complies with the following expressions:

lim sup M <0, lim sup M <0,
lim MSO, lim MSO,

These variations demonstrate the disappearance of the virus throughout the general population, and Fig. 4 (a-h)
statistically supports these findings. The results of the analysis on extermination are currently verified and can
be considered trustworthy.

This scenario exhibits stochastic extinction, in which the solutions converging to completely eradicate the
infection. This behavior is similar for all pathways, influenced by noise-free and standard. Another noteworthy
fact is the significant difference in extinction rates between pathways driven by Poisson random measure noise
and those following ordinary leaps. Poisson random measure noise trajectories have faster extinction rates than
conventional jumps.

Numerical description for persistence

In this section, we also try to measure the disease’s persistence in humans and rodents. Theorem 4 theoretically
explains the average prevalence of virus in the populations during time £. The conclusion follows if the
supposition is true, according to the Theorem 4. We looked at data from Table 2 Case II to show the theorem’s
numerical verification and we discovered that RG;, > 1. These data were used to simulate both the stochastic
and deterministic models; the outcomes are shown in Figure 5 (a-h). The depiction shows that as long as the
threshold is greater than one, the MPV is likely to persist in both populations. Therefore, in these situations, the
interested parties need to find a control program to manage the infection.

Example 2 (The impact of n1, 12 and 73)

The behavior of the mechanism is mostly determined by a value of 7). It has an impact on the procedure’s
general dependability and convergence. We took into consideration the settings of the characteristics in Table
2 Case III in order to demonstrate the impact of 11, 12, and 13 on the dynamical patterns of the MPV. Figures
6 (a-h) and 7 (a-h), which were produced by modeling the stochastic framework, show the dynamic behavior
of outbreaks. In the appropriate communities, decreasing the concentrations of 71, 12, and 13 speeds up the
eradication of infection. These criteria must be lowered in order to encourage the elimination of disease.
Moreover, the simulations demonstrate that a deeper comprehension of the disease’s processes requires the
inclusion of nonlinear stochastic disturbances.

Proposed schemes: LMBNN approach

Here, the LMBNN approach is described in two parts for solving the MPV system. The non-linear MPV model
(3) is employed for implementing the LMBNN operator efficiency and network architecture. Table 3 provides
particular input settings to execute the mathematical operations. The source data collection for the suggested
LMBNN can be created using MATLAB-PDEs-solver and the Adams-Bashforth technique. The MPV model’s
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Fig. 4. Numerical simulations are conducted for three different case classifications matching the framework
(4). These categories include the following: (1) deterministic case; (2) Gaussian white noise; (3) Poisson
random measure noise.

numerical outcomes are analyzed employing the LMBNN technique, which has 15 neurons and information
choice rates of 81%, 9% and 10% for training, testing, and validation. Figure 8(a,b) depicts the configuration of
concealed, input, and output neurons for layers and network form.

Now the computational findings for three MPV models utilizing the LMBNN approach are presented. The
suggested approach was utilized to address the framework for multiple scenarios and the starting point. These
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Fig. 5. Numerical simulations are conducted for three different case classifications matching the framework
(3). These categories include the following: (1) deterministic case; (2) Gaussian white noise; (3) Poisson
random measure noise.
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Fig. 6. Numerical simulations are conducted for three different case classifications matching the framework
(3). These categories include the following: (1) deterministic case; (2) Gaussian white noise; (3) Poisson
random measure noise; for n1 = 0.5; 72 = 0.9; 3 = 0.9.
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Fig. 7. Numerical simulations are conducted for three different case classifications matching the framework
(3). These categories include the following: (1) deterministic case; (2) Gaussian white noise; (3) Poisson
random measure noise; for n1 = 0.3; n2 = 0.45; 13 = 0.70.
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Index values
Training data 81%
Validation data 10%
Testing data 9%
Hidden neurons 15
Hidden/output/input Single
Datasets generation Adam
Maximum epochs 500
Minimum gradient g 8
Maximum mu performance | 19— 14
Decreasing mu performance | 0.2

Table 3. Parameters adjustment to perform the ANN-LBVMMBP.

Input Layer Hidden Layer Output Layer

(a) (b)

Fig. 8. (a) Layer-based structure for MPV model (3) and (b) represents the network-based structure of the
MPYV model (3).

scenarios provide an extensive representation of model 3 for implementing the suggested method and analyzing
results. Now by considering Case I in Table 2.

Outcomes assessment for Case |

Figures 9(a) and 9(b) show the mean square error and transitional state findings associated with the MPV model
(1), respectively. Figure 9(c) shows the process of convergence evaluation for Case I, including MSE for testing,
training and validation. The MPV system converges at 10™'% in Case I. Figure 9(b) displays the gradient and
step dimension 4 in Case I. The gradient for Case I is 9.6458 x 10™° with a step size of 10~ "2, Figures 9(c) and
9(d) show the effectiveness of the suggested LMBNN strategy for the MPV model in Case I and error histograms,
respectively. Figure 9(a) shows the greatest efficiency for Case I at 2.95 x 1072, The suggested approach
performs effectively at 38 epochs. Error histograms show zero errors within —1.5 x 10~ and 1.48 x 10~ ( see
Figure 9(d)). This suggested LMBNN approach clearly validates the obtained results.

Figure 10 shows the regression curve for Case I utilizing the suggested LMBNN approach for the MPV
model. Correlations of R have a value of unity, validating the precision of the validation, testing and training
procedures. The corresponding regression figure for Case I demonstrates the optimal operating situation of the
MPV model (3).

Outcomes assessment for Case Il
Figures 11(a) and 11(b) show the mean square error and transitional state findings of the MPV model (3),
respectively. Figure 11(c) shows the convergence evaluation of the mean square error for the Case II procedures
of training, evaluation, and verification. The confluence of MPV is discovered at 103 in Case II. Figure 11(b)
displays incline and increment measurement Mu for Case II. The gradient for Case IT is 9.9354 x 10~°, with an
increment of 10714,

Figures 11(c) and 11(d) show the effectiveness of the suggested LMBNN strategy for the MPV model in Case
11 and the error histogram, respectively. Figure 11(a) shows the greatest efficiency for Case Il at 2.32 x 107 !3. It
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Fig. 9. Graphical depiction for Case I for MSE, STs, results and EHs performances for MPV model (3).

is important to highlight that error histograms display no inaccuracies at —3.8 x 10™%. The suggested LMBNN
approach validates the result attained. The suggested framework performs optimally at 44 epochs.

Figure 12 shows the regression curve for Case II with the suggested LMBNN approach for the MPV model.
Correlations of R data have been determined to be unity, validating the precision of data utilized in training,
testing, and validation. The regression plot for Case II shows that the MPV model works perfectly.

Outcomes assessment for Case Il
Figures 13(a) and 13(b) show the means square error and transitional state findings of the MPV model (3),
respectively. The convergence evaluation using MSE for training, testing and validation is described. Figure 13(c)
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Fig. 10. Regression analysis of Case I for MPV model (3).

shows the convergence evaluation of the MSE in training, testing and validation in Case III. The confluence of
MPV was discovered at 1072 in Case III. Figure 13(b) displays the incremental length Mu and a transition
for Case III. The gradient for Case III is 9.9569 x 1078, with a step size of 10714, Figures 13(c) and 13(d)
show the efficacy of the suggested LMBNN strategy using the MPV model in Case IIT with error histogram,
respectively. Figure 13(a) shows the greatest efficiency for Case Il at 1.856 x 10™*3. It is important to highlight
that error histograms show inaccuracies at —1.8 x 10™%. This suggested LMBNN approach validates the result
attained. The suggested framework performs optimally at 34 epochs. Figure 14 shows the regression curve for
Case III with the suggested LMBNN approach for the MPV model. Correlations of R show unity, validating
the preciseness of data employed in training, testing, and validation operations. The regression plot for Case IIT
demonstrates the optimal operating setting for the MPV model (3).

Performance comparison for MPV model

Figures 15 illustrate the implementation of outcome evaluations and AE criteria in LMBNN processes to address
the MPV model. Figures 15 confirm the AE results for Sk (t), En(t), In(t), Qun(t), Ru(t), Sr(t), E:(t) and
I,(t) employing the LMBNN approach. Figure 15 (a) displays the AE measurements for each susceptible
humans. The mathematical framework for all three situations uses Si,(t) values ranging from 10~ to 1075,
Figure 15 (b) shows the AE statistic for exposed humans, with E}, (t) ranging from 10~° to 107, This simplifies
the framework for three instances. Figure 15 (c) depicts AE for infected humans. Iy, (t), fluctuates from 10~*
to 107° for three different cases of the mathematical models of the MPV. Figure 15 (d) shows that the AE
estimates for the quarantine humans range between 10~ to 10~°. Figure 15 (e) depicts AE for populations who
have recovered. The mathematical framework is solved with Ry, (t) values ranging from 1072 to 1075, Three
compartments comprise the rodents population: as Figure 15 (f) depicts AE for susceptible rodents. Sh(t),
fluctuates from 1072 to 107° for three different cases of mathematical models of the MPV. Figure 15 (g) shows
that the AE estimates for the exposed rodents F; (t) range between 10~ to 107, Figure 15 (h) depicts AE for
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Fig. 11. Graphical depiction for Case II for MSE, ST, results and EHs performances for MPV model (3).

populations of infected rodents I, (t). The AE illustrations confirm the accuracy of the LMBNN techniques in
solving the mathematical framework of the MPV model. Table 4 shows system convergence by intricacy, MSE,
training, authentication, generation, and testing. Table 4 shows the optimal effectiveness and gradient attained
with the suggested LMBNN approach. The compiled result collection includes information on processing cost,
epochs and time increment for all three scenarios.
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Fig. 12. Regression analysis of Case II for MPV model (3).

Absolute error of MPV model

Figures 16 compare the outcomes of every case using comparative sources of data for five categories make up the
human population (Sh(€),En(€),In(£),Qn (&), Rn(€)). Three compartments comprise the rodent population
(S:(€),E:(£),1:(§)), respectively.

Figure 16(a) depicts the vulnerable component of the MPV model. This paper compares the results supplied
by the Adams technique to the results for the three situations acquired using the suggested LMBNN technique.
The analysis confirms and validates the suggested LMBNN strategy. However, case I had a greater proportion of
susceptible humans to the MPV than cases II and III. Case III demonstrates the lowest protective precaution for
those susceptible humans to MPV.

Figure 16(b) compares the produced comparison evidence with the results attained using the suggested
LMBNN strategy. The overall incidence of exposed humans decreases significantly after the first case. The
comparison figure shows that case I leads to a faster decline in exposed humans utilizing the MPV model than
cases II and III, respectively.

Figure 16(c) shows an analysis of infected humans among various cases. Increased contact leads to a higher
prevalence of MPV infection. Case IIT has fewer MPV infectious, while Case I has the most.

Figure 16(d) compares the source information to the suggested schemes outcomes for the quarantine
population in three scenarios. Case I formulations result in higher MPV among the population. Cases II and IIT
show a slower rate to the MPV, resulting in fewer quarantine populations.

Figure 16(e) compares the source information to the suggested scheme’s outcomes for the recovered
population in three scenarios. Case I formulations result in higher MPV recovery rates among the population.
Cases II and IIT show a slower immune response to the MPV, resulting in fewer recovered populations.

Figure 16(f) depicts the susceptible rodents of the MPV model. The analysis confirms and validates the
suggested LMBNN strategy. Case I had a lower proportion of susceptible rodents to the MPV than cases IT and
III. Case III demonstrates the highest protective precaution for those susceptible rodents to MPV.
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Fig. 13. Graphical depiction for Case III for MSE, STs, results and EHs performances for MPV model (3).

Figure 16(g) compares the produced comparison evidence with the results attained using the suggested
LMBNN strategy. The overall incidence of exposed rodents decreases significantly after the first case. The
comparison figure shows that case I leads to a faster decline in exposed rodents utilizing the MPV model than
cases IT and III, respectively.

Figure 16(h) shows an analysis of infected rodents among various cases. Increased contact leads to a higher
prevalence of MPV infection. Case IIT has fewer MPV infectious, while Case I has the most.
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Fig. 14. Regression analysis of Case III for MPV model (3).

Experiments and their consequences

Epidemics, particularly the emerging MPV, pose significant challenges to national healthcare structures
worldwide. Mathematical modeling of transmissible illnesses frequently involves deterministic strategies that
extend the conventional SIR model with differential equations for exposed and died patients. The deterministic
approaches to MPV are insufficient to account for the complicated dynamics of the disease®®. Model parameters
change dramatically with health restrictions like quarantine and masks, as well as the formation of variations. The
reported data has uncertainty due to the difficulty of detecting asymptomatic illnesses and the PCR test’s erroneous
positive-negative ratio. As a result, we explore designing a dynamic model capable of managing these changes.
This work presents a hybrid SEIQR model with dynamic parameter evaluation. It addresses the limitations of
deterministic compartmental models® and significantly improves predictive capacity. We expand the basic SIR
model with eight differential equations to account for susceptible humans, exposed humans, infected humans,
isolated humans, recovered humans, susceptible rodents, exposed rodents and infected rodents. Incorporating
quarantine into the model provides significant advantages. Given the prevalence of untreated persons in MPV,
daily operational and recovered cases may not accurately reflect the outbreak’s progression. Individuals treated
by quarantine are rigorously screened for MPV infection, making routine observations the most trustworthy
evidence to assess the offered model’s fit-predictive potential.

This article proposes an enlarged compartmental version of the classical SEIR model that includes states with
relevant daily observations. Our Lévy stochastic epidemiological model improves its fitting and predictive ability
by utilizing advantageous daily observations. The Poisson random measure technique uses daily observations to
analyze parameter fluctuation, resulting in a stochastic strategy. Using model parameters in screening allows us
to track changes during outbreaks.

Our model’s accuracy in anticipating illness transmission in Portugal, even half a month ahead, is supported
by the reported results. We contend that a stochastic strategy is required to account for imperfections in
daily revealed assessments. Encasing any potential global outbreak adjustments would result in an intricate
framework that would be computationally prohibitive and subject to overfitting®. The frameworks random
noise includes crossovers with insignificant rates, for instance, those from infections to death. Adding infection
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1 2.862x107 13 | 7.886x 10713 242%1071% | 2.98x10713 | 9751078 [1x107 1 | 38 2
2 2.267x107 1% | 1.906x 10713 2.15x10713 12.23%1071% | 9.99x 1078 | 1x107 14 | 44 2
3 1.851x10713 | 1.345x107 13 1.19%10713 | 1.90x10713 [ 9.99% 1078 | 1x107 14 | 34 2
Table 4. LMBNN technique for the MPV model (3).
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Fig. 16. Comparison of the effectiveness of the classical MPV model (3).

rates for revealed quarantine leads to an equivalent or slightly worse fitting effectiveness. The parameter setup
procedure when using non-linear techniques should be handled with extreme caution. Dynamic parameter
estimation improves the validity of our model. The SEIQR model is widely used to characterize epidemics and
includes the most commonly seen states. More recently, Ahsan et al.®® collected the images of MPV, using web
mining techniques. Later on, they also evaluated a transfer learning approach with the SEIQR model considering
two techniques®. The first technique considered the classification of images into two disease classes: MPV and
Chickenpox, whereas the second technique augmented the images. They reported an accuracy of (97%) while
classifying the MPV without data augmentation, whereas the accuracy was decreased to 78% with augmentation.

Table 5 shows the detailed results obtained by various NNs models for a specific classification task. The
models were compared based on their accuracy, sensitivity, specificity, F1 score, training time, and size of model
weight file.

Table 6 provides a comparative analysis of the relevant studies of MPV detection using ANN methods. The
table includes the authors’ names and publication year, the purpose of the study, the proposed methodology,
key parameters, and the models used in each study. The scores achieved by each study are also presented and
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Models Accuracy | Sensitivity | Specificity | F1 Score | Training time | Size of model weight file
Lévy model 97.00% 95.55% 100.00% 97.00% 2 min 32s 40.1 Megabyte
ResNet-18 96.49% 93.10% 100.00% 96.43% 4 min 33s 42.7 Megabyte
ResNet-50 92.98% 89.66% 96.43% 92.86% 5 min 39s 512 Megabyte
VGG-16 96.49% 96.55% 96.43% 96.55% 6 min 52s 102 Megabyte
Densenet-161 | 94.74% 100.00% 89.29% 95.08% 8 min 27s 245 Megabyte
EfficientNet B7 | 96.49% 100.00% 92.86% 96.67% 8 min 57s 449 Megabyte
EfficientNet V2 | 96.49% 96.55% 96.43% 96.55% 5 min 35s 512 Megabyte
GoogLeNet 98.25% 96.55% 100.00% 98.25% 3 min 42s 8.75 Megabyte
MobileNet V2 | 75.44% 62.07% 89.29% 72.00% 3 min 10s 5.94 Megabyte
MobileNet V3 | 92.98% 100.00% 85.71% 93.55% 5 min 15s 88.0 Megabyte
ResNeXt-50 78.95% 65.52% 92.86% 76.00% 3 min 37s 20.6 Megabyte
ShuffleNet V2 | 78.95% 65.52% 92.86% 76.00% 3 min 37s 20.6 Megabyte
ConvNeXt 96.49% 100.00% 92.86% 96.67% 23 min 25s 748 Megabyte

Table 5. Results obtained by NN for MPV models.

Author Purpose Proposed methodology Key parameters Model
Alietal”® MPV skin lesion detection Utilizing ANN models for detecting MPV Fy -score ;’GGi}é’ ResNet50, and
nceptionV3 models
Situla and . . . .
Sahahi’! MPV detection Detection of MPV by transfer learning methods Accuracy and F'; -score Xception, DenseNet
. Image data collection and implementation of a deep They propose and evaluate a
69
Ahsan etal. Detecting MPV learning-based model in detecting MPV AUC VGG16 model with D curve
NP . - AT GoogleNet, EfficientNetb0,
Sahin et al.”2 quap MPV classification from skin H}lman MPV cla§51ﬁcat10n from skin lesion images Accuracy and F -score Nasnet- Mobile, ShuffleNet,
lesion images with deep pre-trained network MobileNetv2 models
Hossain etal.’”® | Lyme disease from skin lesion images NNs with transfer learning to diagnose Lyme AUG, sensitivity, accuracy ResNet50
disease and specificity
Burlinaetal’ | Automated detection of erythema migrans | Automated detection of confounding infection AUC and accuracy ResNet50
Suggested Poisson random classification of MPV Poisson noise and LMBNN Accuracy, precision, recall ‘ntstool’ and ‘narxne.
approach Fy score

Table 6. A comparative analysis of the relevant studies of MPV model using machine learning methods.

discussed in detail in the subsequent sections of the paper using area under the curve (AUC) that represents
the behavior of the models under various conditions. AUC can be calculated using following formulas

i (@p)— +1)/2 . ) )
AUC = 2 (me)p f:n(zp & , where ,, and ., represent positive and negative samples of data, respectively,

and r; represents the rating of the ith positive sample. The studies included in the table are carefully selected
to provide a comprehensive overview of the state-of-the-art approaches for detecting MPV. The comparison
highlights the strengths and limitations of each study, and provides insights into the effectiveness of different
methods and models used for MPV detection. The table serves as a useful reference for researchers and
practitioners interested in this area, as it provides a clear understanding of the existing approaches and the gaps
in knowledge that need to be addressed.

The study results indicate that the proposed scheme model’s performance has an accuracy of 97%, while the
ResNet-18 model has an accuracy of 96.49%. The precision, recall, F1 score, and AUC score of the ResNet-18
are also significantly higher than the ResNet-50 model. The findings demonstrate that incorporating the Adam
algorithm into the NN model has substantially improved its performance in terms of all evaluation metrics.
The accuracy, precision, recall, F1 score, and AUC score have all increased when utilizing the LMBNN-
MPV model compared to the non-optimized model. Specifically, the AUC score has improved, indicating a
significant improvement in the model’s ability to distinguish among various techniques presented in table 5.
The enhancement in other metrics such as recall, precision, and F score suggests that the Adam has resulted in
better performance in accurately identifying and classifying positive instances. Overall, the findings demonstrate
that LMBNN can be a valuable approach to improving the performance of NN models for MPV classification
tasks.

As a consequence, we tested our model against a cutting-edge model that approaches our methods as
accurately as feasible. The SEIQR model in terms of Poisson noise and LMBNN, as shown in Tables 2 and 3,
has higher MSE values for infected and recovered cases than the suggested deterministic SEIQR model (1). The
simulations in the outcomes section provide insight into the impact of MPV alternatives, including factors like
rodent susceptibility and quarantine rates. Sections 4 and 5’s simulation outcomes for recovered rates justify
the efficacy and advantages of MPV versus its negative consequences. A modest rise in immunization rates can
significantly improve MPV control, with apparent impacts during the two population waves of the study time
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frame. This result aligns with other papers highlighting the significance of immunization campaigns in reducing
morbidity and mortality rates®.

The MPV model (3) provides crucial insights into the outbreak’s propagation. The current research examines
the mathematical features and prediction efficacy of the Poisson random measure stochastic epidemiology
technique and LMBNNSs approach. Derived formula for R(j, yields a more accurate representation of contagion
propagation and allows us to arrive at crucial inferences regarding its progression. During 100 days, the
reproduction rate fluctuates between 0.729 (Ist quartile) and 1.939 (3rd quartile). Reproduction rates decline
during quarantine but increase after restrictions are lifted.

In a nutshell, the methods given here can be used for several epidemics, including ebola, influenza, and
yellow fever, as the postulated phases and transformations correspond to several of them. This technique is
useful when real-time measurements and system behavior are insufficient to effectively depict the propagation
of an outbreak owing to uncertainty. It eliminates noise that affects the emergence of states and measurements.

Discussion
The proposed approach of employing LMBNN:Ss for classifying MPV shows significant potential; however, several
challenges must be addressed:

(i) Limited data availability: Access to large, diverse datasets of MPV is scarce, which can hinder the model’s
performance.

(ii) Data quality issues: Variations in image quality among available datasets may impact the accuracy of the
LMBNN model.

(iii) Dataset bias: If the dataset used for training is not representative of the broader population, the model
may produce biased results.

(iv) Overfitting risk: The LMBNN model might overlearn the training data, leading to poor generalization
when applied to new, unseen cases.

(v) Lack of interpretability: LMBNNG are often perceived as “black boxes,” making it difficult to understand
the reasoning behind their predictions.

(vi) Challenges in transfer learning: The effectiveness of transfer learning depends on the similarity between
the pretraining dataset and the target dataset, which may vary.

(vii) Complex optimization process: Selecting the best hyperparameters and optimization strategies re-
quires extensive computation and time.

(viii) Error analysis difficulties: Identifying and analyzing model errors can be challenging, making it harder
to pinpoint areas for improvement.

(ix) Integration with healthcare systems: Incorporating this approach into existing healthcare workflows
may necessitate significant changes and financial investment.

(x) High implementation costs: The expense of necessary technology and infrastructure could be a barrier
in some healthcare settings.

(xi) Variability in real-world performance: The model’s real-world performance may differ due to patient
diversity, environmental factors, and other unpredictable conditions.

(xii) Influence of confounding factors: Factors such as pre-existing medical conditions or medications can
alter lesion appearance, affecting model accuracy.

(xiii) Limited generalizability: The approach may not be broadly applicable to other skin diseases or medical
conditions requiring visual diagnosis.

While LMBNNGs-based classification of MPV holds promise, addressing these challenges is essential for
improving its reliability and clinical applicability.

The LMBNN-based approach utilized in the MPV study has the potential to be adapted for other types of data,
including clinical records and imaging data, to enhance disease diagnosis and surveillance. For instance, it could
be employed to analyze patterns in lung function tests or blood biomarkers to aid in diagnosing and predicting
the progression of lung diseases such as pulmonary fibrosis, as highlighted in studies on lung disease screening.
Likewise, applying this approach to clinical and imaging data from chest X-rays could improve the accuracy of
machine learning-based COVID-19 diagnosis, as explored in research on ANN-driven diagnostic frameworks.
However, further investigation is required to assess the feasibility and effectiveness of these applications.

Future direction
The potential for leveraging LMBNNG in classifying MPV is significant, with several promising areas for future
research:

(i) Enhanced data collection and annotation: The study utilized a small clinical dataset with limited anno-
tations. Future research should focus on curating larger, well-annotated datasets to enhance model accuracy
and robustness.

(ii) Transfer learning: Leveraging pre-trained models can improve classification accuracy with minimal
training data. Future studies can explore advanced transfer learning techniques to optimize model perfor-
mance.

(iii) Multi-class classification: Expanding beyond binary classification (positive or negative for MPV) to
multi-class classification could enable differentiation between various skin conditions, enhancing diagnostic
utility.
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(iv) Integration with clinical decision-making: ANN models can significantly aid healthcare professionals
in diagnosing and treating skin conditions. Future work can focus on integrating MPV classification models
into clinical decision-support systems.

(v) Application to other skin diseases: LMBNN-based models could be adapted for classifying other derma-
tological conditions, such as chickenpox, herpes, and shingles, broadening their clinical relevance.

(vii) Integration with telemedicine: LMBNN-powered classification models can be embedded into telemed-
icine platforms to improve healthcare access, particularly in underserved regions with limited dermatology
expertise.

(viii) Explainability and interpretability: LMBNN models often function as black boxes, making their de-
cision-making processes difficult to interpret. Future research can prioritize developing explainable ANN
models to provide insights into model predictions and enhance trust among medical professionals.

Conclusion

MPV is a viral disease characterized by distinctive skin lesions and rashes, often making accurate diagnosis
challenging through mere visual inspection. Given the limitations of traditional diagnostic approaches, this study
explores the potential of ANN for the automated classification of MPV. The proposed LMBNNs-based approach
was rigorously evaluated using key performance metrics, including accuracy, precision, and Poisson random
measure. The model achieved an impressive 97% accuracy, outperforming existing classification methods. To
further enhance performance, the LMBNN model was optimized using the Adams-Bashforth algorithm, which
significantly improved all evaluation metrics compared to the non-optimized model. This demonstrates the
effectiveness of the Adams-Bashforth algorithm in refining LMBNN performance for skin lesion classification
tasks.

The findings suggest that machine learning techniques, particularly when optimized with adaptive moment
estimation, can greatly improve the accuracy and reliability of MPV diagnosis. This approach is especially
beneficial for resource-constrained settings where access to specialized dermatological expertise may be limited.
By integrating ANN-driven solutions into public health frameworks, early detection and surveillance of MPV
cases can be strengthened, leading to better outbreak management and disease control.

In conclusion, this study underscores the transformative role of LMBNNs and optimization techniques in
medical image analysis and detecting virus, showcasing their potential to revolutionize disease diagnosis and
contribute to more effective public health interventions. As future work, it would be interesting to consider
a hybrid epidemiological particle filter, as particle filtering constitutes another approach that deals with the
uncertainty that accompanies the equations of states and observations of a phenomenon such as a pandemic. To
better mimic epidemic outbreaks, consider using a Tobit-Kalman filter’”> or a Kalman filter with non-negative
restrictions’. Employing probabilistic techniques like discrete or continuous time Markov chains to study the
development of diseases is also an increasingly prevalent subject. Applying Markov chain processes predicated
on the SEIQR model, we may investigate stochastic features such as vulnerable individuals’ quarantine time,
infectious wave time frame, and number of deaths. These efforts could be the focus of future assessment.

Data availability
The data sets used and/or analyzed during the current study available from the corresponding author on rea-
sonable request.
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