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Abstract

This paper proposes a varying coefficient Susceptible-Exposed-Infected-Removed (vSEIR) model to dynam-
ically simulate the early mpox epidemic that sparked panic in 2022, considering the time-varying infection
rate and the group protected by the smallpox vaccination. We apply the recursive least squares algo-
rithm with a forgetting factor for real-time identification of time-varying infection rates and the efficacy
of non-pharmacological interventions. The sparse Hodrick-Prescott (HP) filter, tuned with leave-one-out
cross-validation, captures mpox epidemic kinks via the effective reproduction number R; obtained from the
discrete vSEIR model. We experiment with this approach in Brazil, Spain, UK and US, comparing COVID-
19 and mpox outbreaks based on those kinks and transmission cycles, identifying that except for Spain, mpox
epidemic reached its decline period earlier than COVID-19 without strong interventions. Additionally, the
result regarding sensitivity analyses shows that the total number of mpox outbreak infections would have
increased by 12% without smallpox vaccination and the data uncertainty can bring great variations in Ry.
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1. Introduction

1.1. Motivation and incitement

In 2022, mpox! had garnered significant attention due to the tens of thousands of infections it has caused
worldwide, particularly in Europe and the southern US? [1]. On July 23, 2022, WHO declared this outbreak
a public health emergency of international concern, which can cause patients with rashes and fever.

When encountering a relatively new infectious disease outbreak, governments are often caught off guard

and cannot implement effective prevention and control measures due to the little knowledge regarding the epi-
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demic. Several studies have examined the monkeypox virus and its pathophysiology, as well as the histopatho-
logical data [2, 3, 4]. These findings highlight the urgent need for the development of effective therapeutics to
prevent the potential rebound mpox. However, because no strict control measures have been introduced in
the early outbreaks, the transmission speed of the epidemic will vary greatly every day, so the mathematical
models with fixed parameters often provide relatively little information regarding the transmission cycle and
the current situations during the outbreak. Hence, it is of tremendous significance to develop a rational

mathematical model capable of dynamically simulating the transmission of mpox during its initial outbreak.

1.2. Literature review

In the wake of the COVID-19 pandemic, the use of infectious disease modelling with time-varying coeffi-
cients has garnered increasing attention in pandemic modelling research. These models are able to dynam-
ically reflect the effectiveness of non-pharmacological interventions such as government strategies or public
awareness of social distancing measures, allowing for more accurate simulation of epidemic situations in dif-
ferent countries. A number of studies have applied these models to the COVID-19 pandemic, including Yan
et al. [5], who proposed a locally weighted kernel regression estimator for estimating time-varying coeffi-
cients in the varying coefficient susceptible-infected-asymptomatic-diagnosed-removed (vSIADR) model and
successfully simulated epidemic situations in 25 countries. Song et al. [6] developed an extended Kalman
filter for estimating and predicting the dynamic spread of COVID-19 in US and China using a maximum
likelihood estimation method for online estimation of time-varying model parameters. Cai and Zhou [7]
proposed a two-stage approach for estimating time-varying coefficients with their varying coefficient sus-
ceptible-infected-removed—susceptible (vSIRS) model, which they used to identify the role of unconfirmed
asymptomatic infected individuals in driving the COVID-19 pandemic in US. These studies demonstrate
the value of infectious disease modelling with time-varying coeflicients in understanding and predicting the
spread of infectious diseases such as COVID-19 as well as the role of vaccination in controlling an epidemic.

Although various pandemic modelling articles have delved into the transmission mechanism of COVID-
19, there are few models that can be directly applied into mpox dynamic modelling for their over-refined
compartment structure, which hinders our understanding of its potential future spread and transmission
cycle. Additionally, the existing monkeypox modelling uses fixed parameters and there is no consideration of
protection from smallpox vaccine [8], which is a feature of mpox epidemic. For example, Zhang et al. [9] used
a modified SEIR model developed for COVID-19 to forecast and simulate mpox transmission and vaccination
scenarios. The results of these predictions, however, may not be reliable since the virological relationship
between SARS-CoV-2 and mpox is not exactly the same. Olumuyiwa et al. [10] developed a fractional order
mathematical model to simulate mpox transmission dynamics. Nonetheless, the high dimensionality of this
model makes it difficult to apply to research in various countries or other diseases. Olumuyiwa et al. [11]
had also proposed a deterministic compartmental model with a relatively low dimension, but the model
coefficients were fixed and some of the remaining coefficients were assumed, which reduces the applicability

of the model to the mpox outbreak.



In conclusion, the current modelling approach for mpox fails to accurately and dynamically represent the
characteristics of mpox outbreaks. Its reliance on fixed and assumed coefficients limits its applicability to
early outbreaks in various locations. A more effective model, therefore, would take into account smallpox

vaccine immunity and time-varying coeflicients to accurately reflect the mpox outbreak.

1.8. Innovative contributions

Our first contribution is that we established a varying coefficient Susceptible-Exposed-Infected-Removed
(vSEIR) model according to the characteristics of mpox transmission and the proportion of population age
in each country for their different resistance to mpox® [12]. Through our model, the mpox outbreak can be
accurately and dynamically simulated, addressing the limitations of existing models.

Secondly, in terms of coeflicient estimation, to the best of our knowledge, we are the first to introduce
the recursive least squares algorithm with a forgetting factor (FRLS), which is extensively utilized in signal
adaptive filtering analysis [13], into the online estimation of the time-varying infection rate, dynamically
reflecting the non-pharmacological interventions of various countries and the change in public awareness of
mpox prevention.

On top of that, there is an extremely dearth of research specifically addressing the kinks and transmission
period of mpox outbreak. In order to explore the transmission cycle of mpox, we consider using the sparse
Hodrick-Prescott (HP) filter to produce piecewise estimators of the effective reproduction number. This
method allows us to capture the kinks in the mpox in an objective and explainable way. The framework of
methodology related to our paper is shown in Fig. 1, which will be further explained in the following section.
Through this framework, we capture the kinks of the mpox via filtered effective reproduction numbers and

conclude the periods of mpox in those four countries.

1.4. Organization of the paper

The remaining paper is structured as follows. In Section 2, we build up the vSEIR model as well as
estimate the coefficient using FRLS. After that, in Section 3, the sparse HP filter is utilized to produce
the piecewise estimation of the effective reproduction number of mpox and COVID-19. Next, we conclude
the simulation result and compare the effective reproduction number with COVID-19 in Section 4. We also
capture the kinks as well as define the periods of those two viruses in the four countries. In Section 5, two
sensitivity analyses of our model are made and we provide comprehensive insights for different situations.

Eventually, we summarize our results, contributions, and provide concluding discussions in Section 6.

Shttps://www.who.int/emergencies/disease-outbreak-news/item/2022-DON396 (retrieved on 25th February 2023)
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Figure 1: Framework of methodology in our paper.

2. vSEIR model

Based on the literature review in Section 1.2, we find that the existing mpox simulation models lack
accuracy and fail to dynamically represent the initial outbreak. By using a time-varying coefficient, our model
can dynamically monitor the strength of non-pharmacological interventions and provide a more accurate
representation of the spread of the disease in various countries. This approach allows our model to compensate
for the shortcomings of previous models and provide more accurate and comprehensive insights into the mpox
epidemic.

In this section, we describe the details of our model and calculate the effective reproduction number as
well as estimate the time-varying infection rate with FRLS algorithm. We begin by presenting the formula of
the vSEIR model and the conditions that make it suitable for modelling the mpox epidemic and calculate the
effective reproduction number in Section 2.1. Last we introduce the FRLS algorithm and use this algorithm

in the online estimation of the time-varying infection rate in Section 2.2.

2.1. Model formulation

The vSEIR model could be divided into the following compartments according to individuals’ properties
as unaged susceptible compartment Sy, aged susceptible compartment S 4, exposed compartment E, infected
compartment with symptoms of rashes I and removed compartment R, where ¢ and y denote the incubation
and recovery rate. Compartment S4 denotes a less probably-infected group of susceptible people, which has
the probability of 7 to encounter the infection of mpox because of the vaccination of smallpox for its 90%
genomic homology with the smallpox virus. [14, 15, 16]. The removed compartment R in mpox modelling
represents only the recovered individuals, neglecting the death compartment because the number of deaths in

mpox epidemic is relatively small. For example, up to September 30, 2022, there were only 2 reported deaths



in US. Since we define the compartment I as infected people with rash symptoms for that mpox infections
are mainly caused by skin contact, the (1 — 6) proportion of the individual number in F will be transformed
into compartment R directly, where 6 denotes the proportion of rash symptoms among the infected group.
In other words, since we define the infected compartment I as individuals with rash symptoms, then a
proportion of (1 — 6) from compartment F will be directly transferred to compartment R due to the lack of
rash symptoms?.

Through the definition of our model, the total population IV is given by
N =S4()+ Su(t)+ E(t) + I(t) + R(t)

and the total number of the reported confirmed cases is given by C(t) = I(¢)+ R(t) , where Sa(t), Su(t), E(t),
I(t), R(t) are the numbers of individuals of each compartment in day ¢. Overall, the discrete structure of the

proposed vSEIR model is presented in Fig. 1 and can be expressed as

Sa(t+1) = Sa(t) — %@I(t) (1a)
Sl +1) = Sy(r) - 220N (1h)
4+ 1) — B + 5010 | SrSA0I0) »
I(t+1) = I(t) + 60 B(t) — vI(1) (1d)
R(t+1)=R(E)+~It)+ (1 —0)cE(t). (1e)

In particular, (3; is the time-varying infection rate. The time-varying infection rate in the model reflects
the changing aspects of the mpox pandemic in terms of transmission processes and government policies
designed to control the spread of the disease. The infection rate also reflects the varying effectiveness of
public awareness campaigns and changes in individual behavior, such as social distancing and blistering the
skin.

In addition, an extremely essential index evaluating the seriousness of an epidemic in disease modelling
is the effective reproduction number R;. It represents the average number of potential secondary cases
that could be infected by an infected individual at a specific time ¢. Knowing the effective reproduction
number during an epidemic outbreak is vital in policy making because the R; value will indicate the current
situation of an epidemic and, if the value of R; is below 1, it means the actively infected people may be on
the decline. Therefore, analyzing the R; value can help governments make informed decisions. We conduct
the R; estimation using the next generation method [17], the corresponding derivation process is listed in

Appendix A and we can obtain

(TB8eSa(t) + BiSu(t)) '

0
Re=— N (2)

4https://www.cdc.gov/poxvirus/monkeypox/cases-data/technical-report.html (retrieved on 25th February 2023)
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2.2. Estimation of time-varying parameters
In this section, we mainly focus on estimating the time-varying coefficient f;. First, we build the base
equation by adding the last three equations in difference form of vSEIR model (1), then we can get

(TSA(D)I(t) + Su(t)I(t))

Bt
= () + I(t) + R(t). (3)

Et+1)+I(t+1)+R(t+1)=

Furthermore, by considering the daily increments of I(t), R(t), and E(t) in the difference form of the vSEIR
model (1), denoted as AI(t+1) = I(t+1)—1I(t), AR(t+1) = R(t+1)—R(t), and AE(t+1) = E(t+1)—E(t),
Eq. (3) can be further induced as

Notice that the value of E(t) cannot be obtained directly while the value of AI(t+ 1) + AR(t + 1) is equal

to the daily increment of the confirmed cases, that is,
AC(t+1)=C(t+1)-C@{t)=AIt+ 1)+ AR(t+1)

. Then to get the value of E(¢), the following substitution can be made by AC(t) = o E(t). By the substitution
of AC(t), the estimation of E(t) can be further expressed as

B = 2¢0). (5)

g

Next, we start to estimate the time-varying infection rate with the FRLS algorithm. The FRLS algorithm
uses the principle of the least squared error to solve the optimal model parameters in the field of engineering
and bioinformatics, such as signal processing [18] and filter coefficients updating [19]. The main feature of
FRLS is that it has a flexible update frequency and can provide a great simulation outcome, which can
effectively reflect the transmission characteristics of the outbreak period. Moreover, compared with the
work of Yan et al. [5], the FRLS algorithm is based on past and current data to update the time-varying
parameters. This is superior to the locally weighted kernel regression estimator, which requires past and
future information and can result in future information leakage, making the model unexplainable. Besides,
deep learning techniques are also utilized to estimate the time-varying infection rate [20, 21]. However, when
confronted with limited epidemic data, neural networks that rely on a substantial volume of input data
frequently fail to generate results of higher reliability. On the contrary, the FRLS algorithm depends less
on the scale of data, which is more suitable for the estimation of epidemic parameters during the outbreak.
Therefore, the FRLS algorithm makes our model more reliable in estimating the time-varying infection rate
because the FRLS updates the vital transformation on a daily basis and the use of forgetting factor gives
the later data more abilities to influence the simulation model, which is reasonable in the spread of the
epidemic. Since this is a dynamic model with time-varying coefficients, it will be easier to detect the strength
of non-pharmacological interventions.

Specifically, let




and
Yi=AE({t+1)+AI(t+1)+ AR(t+1). (7)

We regress Y; on X; by the FRLS algorithm, which builds the bridge between 8;_1 and ;. The main process

could be followed by those several steps. First, denote the medium value as

1
P=—
t Xt2

and the gain value as

where A is a forgetting factor, which is introduced because we consider the later data to be of greater
importance. When A is closer to 1, the algorithm does not cast much weight on the updated data. On the
contrary, the algorithm prefers the updated data more when A is closer to 0. Then to update (5;, we first
update P; by

1 1

Pt == X.Ptfl - thXtPtfl. (9)

Finally, we update the infection rates for the transformation from S4, Sy to E by

Bt = Br—1 — ke (X1 — Y2) . (10)

Overall, the whole estimation process via FRLS could be conducted in Algorithm 1 in Appendix B. After
estimating (3;, we can get the value of the vSEIR model and the effective reproduction number on a daily

basis.

3. Finding kinks in mpox epidemic

Kinks of a biological process refer to the points that change the upward or downward direction of the
curve, intuitively speaking, the kinks are the points where the tangent crosses the curve [22]. In an epidemic,
the kinks often indicate the change of infection speed, affecting the health policy, disease control programs,
and even the daily life of the public. During the COVID-19 epidemic, finding the kinks of the pandemic is
of great importance because it can inform the public about the future situation of the epidemic and inform
the government about future policies.

In this section, we use the sparse Hodrick-Prescott (HP) filter to capture the kinks of mpox epidemic
and identify its transmission cycle. The sparse HP filter that can be utilized to capture kinks in the filtered
effective reproduction number is introduced in Section 3.1. The sparse HP filter above allows us to objectively
and explainably represent those kinks, providing insight into the epidemic situation and the spread of the
mpox virus. In Section 3.2, we describe the method used to select the optimal tuning parameters for the

sparse HP filter.



3.1. Sparse Hodrick-Prescott filter

We use the sparse HP filter that adds a constraint onto the original HP filter [23]. The constraint ensures
that the filtered value of R; is piecewise smooth except for the kinks. We believe that using kinks, which
are obtained through a mathematical filtering method, is more objective and explainable than using sharp
changes in the R; curve or certain dates of government issues in defining epidemic periods. By using periods
based on these kinks, we can more accurately explain the transmission cycle in our model. In our model, we
define the kinks as Definition 1, which differs from Lee et al.’s definition for a better representation of the

outbreak situation [23].

Definition 1 (Kinks). The set of kinks in the filtered effective reproduction number series ry is defined by
{t|re—rim1 #Fregr—re fort =1,2,..., T — 1}, where T is the length of the experiment period.

We use a sparse version of the HP filter [23], which is

T ) T—1 )
min > (R — )" +p >, (rem1 —2ry +1441)
t=0 t=1
subject to: (11)
T—1
> W{ri—ria #Frep =} <,
t=1

where 1{-} is an indicative function, if the {-} is true, then 1{-} is 1, otherwise 0. The constraint in pro-
gramming problem (11) controls how many kinks are allowed. To simplify the calculation, the programming
problem (11) can be changed into a mixed-integer quadratic programming (MIQP) problem as

T ) T-1 )
min Y (Ry—7)" 4+ p > (re—1 —2re +1441)
i=0 i=1

subject to:
T-1
> 2 <X
t=1
_MZtSTt—l_QTt+Tt+1SMZtat:1727---7T_1 (12)

1 < <
omin {Rep<r < max (R}

M = . 1{113.)%_‘_1 {Rtfl — 2Rt + Rt+1}

=1,...,

ne{0,1}, t=1,2..., T—1,

where 7, is the decision variable being filtered, and z; is the auxiliary variable that represents the kink, that
is, t is the kink if 2; = 1. The MIQP problem (12) can be solved via a branch and bound algorithm, which
consists of a systematic enumeration of candidate solutions by means of state space search [24]. Specifically,
we can solve this problem via a state-of-the-art commercial mathematical programming solver, e.g., Gurobi

with python API. The kinks of mpox can thus be found through the filtered R; values.



3.2. Selection of tuning parameters in mpox simulation

There are two tuning parameters in our sparse HP filter, © and x. For each pair of (x, i), let 7_s(x, )
denote the leave-one-out filtered value of original R;. The leave-one-out cross-validation can produce a result
closest to the expected value of training the entire test set, which is widely used in machine learning and
recently, it has been applied to epidemic modelling to find optimal parameters [5]. To be more concrete,
for each pair of (x, u), we filter the original R; by whole data except for the day s, that is, we change the

objective function in programming problem (11) into

T T—1
min Z (R — 7“,5)2 +u Z (re—1 —2r + rt+1)2.
t=0,t#s t=1
Therefore, we choose the optimal (x, 1) by
T
(X,,ur)nei?(XU ; (Rt - 'F*t(X7 M))z ) (13)

where X and U denote the possible sets of x and u. In the next section, we will do the tuning parameters

selection based on criterion (13).

4. Experimental results of the vSEIR model and the sparse HP filter

We select four main countries with the extensive spread of the mpox virus, in concrete, Brazil, Spain, UK,
and US. The earliest case among them is May 06, 2022, UK. Then we calculate the simulation of mpox cases
as well as the effective reproduction number of the mpox and COVID-19, and then we make a comparison
between them on R;. The model we use in the COVID-19 simulation is similar to the vSEIR model used in
the mpox simulation, which is listed in Appendix C. To get insights about the transmission cycle, we utilize
the sparse HP filter to produce the piecewise estimator of effective reproduction number and find the kinks of
the mpox and COVID-19 epidemic, a comparison and analysis are conducted based on those kinks. Finally,
we make an analysis of the surveillance and policy implications by measuring effective reproduction number

growth rates.

4.1. Data

The population data are available on Wikipedia and the time series of confirmed cases are accessible on
GitHub?® [25]. We use the Moving Average method to conduct data smoothing. Table 1 shows the basic data
and initial values of S4 and Sy of the four main countries of mpox infection. The initial value of the exposed
compartment F is 8 times the number of the infected compartment I according to the incubation period.
The vaccine failure rate is based on WHO, which states that people who got vaccinated against smallpox

have nearly 15% of the chances to be infected® and the boundary for S, and Sy is 55 based on the year of

Shttps://github.com/globaldothealth/monkeypox (retrieved on 27th February 2023)
Shttps://www.who.int/news-room/fact-sheets/detail/monkeypox (retrieved on 28th February 2023)
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Table 1: The mpox data of the four countries being estimated

Country Date Range N S4(0) Su(0) 1(0)
UK 2022.05.06 ~ 2022.09.25 67,220,000 17,477,143 49,742,640 24
US 2022.05.17 ~ 2022.09.25 332,854,719 79,885,065 252,969,373 35
Spain 2022.05.18 ~ 2022.09.25 47,350,392 14,678,548 32,671,609 26
Brazil 2022.06.08 ~ 2022.09.25 212,600,000 31,889,962 180,709,785 28

last batch of uniformly vaccinated against smallpox. For the time from exposure to rash onset, we estimated
a mean incubation period of 8.7 days (95% confidence interval: 6.9 ~ 11.7) with a standard deviation of
1.6 days (95% confidence interval: 1.4 ~ 2.1)7. The value of the proportion of rash symptoms 6 is 98.3%
according to the technical reports of US CDC?. In our estimation process, the baseline forgetting factor X is
0.65. As for the date range of COVID-19, the start date is listed in Appendix C and we simulate the same

time length as the mpox simulation in four countries.

4.2. Simulation results and analysis

In this section, we first review the mpox situation in those four countries in Appendix D, providing basic
information about the outbreak. Then we utilize the vSEIR model, using the available data, to perform
the simulation of the mpox epidemic which is shown in Fig. 2 and give the number of the actively infected
people that cannot be observed in daily reports. The simulation result of COVID-19 is listed in Fig. C.7
in Appendix C. The metrics we use in evaluating our model are root mean square deviation (RMSE) and

coefficient of determination (R?), that is

o (e - cw)”
RMSE = T :

and
T (Cw-cw)
S (Cw) - o)™

where ¢ denotes the simulation date, T' denotes the number of days being simulated, C(¢) denotes actual cumu-

R2_

lative reported cases, C(t) denotes the simulated cumulative reported cases and C'(t) = (Z?:O C(t)/(T+1).
The evaluation result is in Table 2 (The experiment of the other two alternative forgetting factors are also
listed in Table E.5 in Appendix E). The relatively small RMSE and that R? is extremely close to 1 indicate

that our model is of high accuracy.

"https://www.who.int/news-room/fact-sheets/detail/monkeypox (retrieved on 28th February 2023)
8https://www.cdc.gov/poxvirus/mpox/response/2022/index.html (retrieved on 28th February 2023)
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Figure 2: The simulation results of four countries.

Table 2: The evaluation results of the four countries being estimated

Country Brazil Spain UK US
RMSE 33.9000 43.7261 80.4324 48.1615
R? 0.9998 0.9997 0.9966 0.9900

According to the value of the cumulative reported cases as the orange line that can be obtained directly,
the value can be interpreted with the review and report from Appendix D, then according to the simulated
actively infected data that cannot be observed from the daily report, we can get the actual situation that the
active infected people experienced declines between approximately day 80 and day 110 of the mpox outbreak
in these four countries.

In fact, we additionally conduct a simulation on the trend of mpox infection in four countries in October
and November, as depicted in Fig. F.9 in Appendix F, which shows a stable but low rate of emergence of
new cases. This is consistent with the end of the experiment period. To effectively prevent the resurgence of

mpox epidemic, it is essential to maintain vigilance.

4.3. Effective reproduction number filtration and analysis

In this section, we calculate the R; of the four countries based on Eq. (2). Moreover, we use the sparse

HP filter to produce the piecewise value of R; and capture the kinks based on that value, which is shown in

11



Fig. 3. The grey line is the estimated R; based on the vSEIR model, the blue dashed line is the filtered value
of R; via sparse HP filter and the red vertical line denotes the kinks. Eventually, the periods of mpox and
COVID-19 in four countries are calculated based on the kinks. Furthermore, by using a filtered R, we can
draw more accurate conclusions about the properties of these epidemics. It is not appropriate to compare
the situations of mpox and COVID-19 based on the breaks or sharp turns in the estimated R;. Instead, a
filtered value of R; allows for a more reasonable and feasible analysis of epidemic properties and can help us
interpret the estimated kinks and define the periods of mpox and COVID-19 in these four countries. This,
in turn, enables us to make more meaningful comparisons between mpox and COVID-19 in terms of their
kink properties.

Since the actively infected people are on the decline according to our simulation results, we deduce that
there will be at least 1 kink in each country. Moreover, we believe that during the outbreak period, the kinks
will not be a large number and if the amount of kinks is too large, it will be difficult to explain these kinks.
Apart from that, because p is a relatively large number [23], we choose a fairly wide possible set. Therefore,
in the selection of tuning parameters, we set the possible values of x belongs to X = {1,2,3,4} and u belongs
to U = {1, 10, 100, 1000, 10000}. In this process, we choose the tune parameters of (x, u) = (4,1) to perform
the best kink estimation result based on the selection of tuning parameters via criterion (13), which is shown
in Figs. 3 and 4.

The selection result of COVID-19 is shown in Fig. C.8 in Appendix C. We look at Brazil and US as

benchmark countries and provide analysis and comparison.

4.8.1. Brazil

COVID-19 was confirmed to have spread to Brazil on February 20, 2020, and the first case of mpox was
reported on June 8, 2022. This has shown similar results to those seen in US, and it appears that the mpox
cases will continue for a period of time, as its R; has been above 1 for most of the time. Therefore, it is
important for the government to introduce measures to ensure that mpox does not spread too far. The
estimated kink dates are Day 11 (June 19), Day 21 (June 29), Day 31 (July 09), and Day 33 (July 11), which
corresponded to five periods of mpox in Brazil.

Period 1: Day 0 ~ 11 (June 09 ~ June 19): This period corresponded to the initial epidemic wave.

Period 2: Day 11 ~21 (June 19 ~ June 29): The R; experienced a sharp growth and reaches its peak.

Period 3: Day 21 ~ 31 (June 29 ~ July 09): The R; experienced a sharp decline.

Period 4: Day 31 ~ 33 (July 09 ~ July 11): The R; growed from the previous decline as the second
wave.

Period 5: Day 33 ~ 88 (July 11 ~ September 25): The R; decreased but less steeply, finally below 1.

Brazil’s mpox epidemic has three periods of increase and two periods of decrease, which is different from
the pattern seen in Brazil’s COVID-19 epidemic. As shown in the first two subplots of Fig. 3, mpox reaches
its last period on Day 33 (July 11), which is one day earlier than the last period in the Brazil COVID-19

epidemic. This delay is not as significant as the result seen in US, which suggests that mpox may pose
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Figure 4: Selection of tuning parameters in four countries. The number in the figure represents the value of the objective

function (13).

some future problems in Brazil. It is worth noting that the decrease in R; is the result of social distancing
measures, which may indicate that the government needs to issue laws similar to its COVID-19 control
policies to prevent the potential spread of mpox. Furthermore, the decrease period in Brazil’s COVID-19
epidemic occurs immediately after the increase period, which suggests that the decrease period is the result
of strong interventions. In contrast, the decrease period of Brazil’s mpox epidemic occurs between the three
waves of increase, which may indicate some restrictions on its spreadability based on the properties of mpox
infection. Therefore, it is necessary for the government to prepare some restriction strategies to prevent the

resurgence of mpox infections.

4.3.2. US

The start date of COVID-19 was January 22, 2020, and the start date of mpox was May 18, 2022.
According to the results of the vSIADR model [5], the R; of COVID-19 at the beginning of April was around
5, which is similar to our result on Day 74 (April 04). On July 28, US Centers for Disease Control and
Prevention (CDC) released the first issue of the technical report on mpox, which may help the public better
understand how to prevent mpox. Through these public awareness campaigns, the R; of mpox began to

decline and eventually fell below 1. The decrease in R; for COVID-19, on the other hand, is likely the result
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of strong interventions such as isolation policies and the widespread use of face masks. The estimated kink
dates are Day 27 (July 13), Day 32 (July 18), Day 40 (July 26), and Day 44 (July 30), which corresponded
to five periods of mpox in US.

Period 1: Day 0 ~ 27 (May 17 ~ July 13): This period corresponded to the initial epidemic wave.

Period 2: Day 27 ~ 32 (July 13 ~ July 18): This period corresponded to the short break from the
growth of R;.

Period 3: Day 32 ~ 40 (July 18 ~July 26): The R; peaked at the end of this period as the second wave.

Period 4: Day 40 ~ 44 (July 26 ~ July 30): The R; experienced a sharp decrease.

Period 5: Day 44 ~ 109 (July 30 ~ September 25): The R; decreased but less steeply, finally below 1.

The mpox epidemic in US has two periods of increase and three periods of decrease, which is the same
pattern as seen in US COVID-19 epidemic. As shown in the two subfigures in Fig. 3, mpox reaches its last
period on Day 44 (July 30), which is 21 days earlier than the last period in US COVID-19 epidemic. It is
worth noting that the decrease in R; is mainly due to public awareness campaigns on social distancing, rather
than mandatory measures. This suggests that the mpox epidemic reached its decline stage without the need
for strong interventions. In contrast, the decrease period in US COVID-19 epidemic occurs immediately after
the increase period, which suggests that the decrease is the result of strong interventions. In comparison, the
decrease period of US mpox occurs between the two waves of increase, which leads to similar results as seen

in Brazil.

4.3.3. UK

The start date of COVID-19 was January 22, 2020, and the start date of mpox was May 06, 2022.
The spread of mpox was characterized by a rapid surge in cases, with the number of cases doubling every
week. Nevertheless, in response to UK’s Health Security Agency’s first technical report, issued on June 21,
which indicated that the mpox virus was highly homologous and showed no sign of spreading, as well as
the introduction of protective measures, the R; of mpox showed a steady decline below 1. In comparison to
COVID-19 in UK, the virus was also controlled through measures such as working from home and medical
treatment, which were not seen in the treatment of mpox. The estimated kink dates are Day 9 (May 15),
Day 12 (May 18), Day 19 (May 25), and Day 24 (May 30), which corresponds to five periods of mpox in UK.

Period 1: Day 0 ~ 9 (May 06 ~ May 15): This period corresponded to the initial epidemic wave.

Period 2: Day 9 ~ 12 (May 15 ~ May 18): The R, experienced a sharp increase in a short period.

Period 3: Day 12 ~ 19 (May 18 ~ May 25): The R, experienced a slowed increase and reaches the peak.

Period 4: Day 19 ~ 24 (May 25 ~ May 30): The R; started to decline at a fast speed.

Period 5: Day 24 ~ 113 (May 30 ~ September 25): The R; decreased but less steeply, finally below 1.

4.3.4. Spain
The start date of COVID-19 was January 22, 2020, and the start date of mpox was May 18, 2022. Similar

to the situation in UK, mpox distributes a mild increase above 1 followed by a decline. This may be due to
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the fact that mpox is self-limiting and the number of infected individuals is relatively small, which requires
close contact for transmission. The estimated kink dates are Day 36 (June 23), Day 40 (June 27), Day 42
(June 29), and Day 55 (July 12), which corresponds to five periods of mpox in Spain.

Period 1: Day 0 ~ 36 (May 18 ~ June 23): This period corresponded to the initial epidemic wave.

Period 2: Day 36~ 40 (June 23 ~ June 27): The R, experienced a sharp decline in a short period.

Period 3: Day 40 ~ 42 (June 27 ~ June 29): The R; experienced a sharp increase and reaches the peak.

Period 4: Day 42 ~ 55 (June 29 ~ July 12): The R; started to decline at a fast speed.

Period 5: Day 55 ~ 109 (July 12 ~ September 25): The R; decreased but less steeply, finally below 1.

All in all, UK has a relatively early period of reaching their last period while Spain has a similar date of
last period in its COVID-19 and mpox epidemic. However, the total infections in Spain is relatively small,
which is not as serious as its COVID-19 epidemic. Overall, we see that the last period of mpox is ahead
of that in COVID-19 except for Spain, which means that mpox may reach its decline period earlier than
COVID-19 and the value of R; is usually lower than that of COVID-19. However, it is worth noting that the
situation in Brazil has the closest date of the last period in mpox and COVID-19. Therefore, we conclude
that even though mpox has a weaker infection ability compared with COVID-19, prevention strategies should
still be implemented to prevent its resurgence, especially in Brazil, where there have been three periods of

increase.

5. Sensitivity analysis for mpox modelling

In this section, we mainly conduct two analysis procedures, the first is the analysis regarding the situation
without smallpox vaccine protection in Section 5.1, followed by the uncertainty analysis for the lag in reported

cases of mpox in Section 5.2. Through those two analyses, more insights will be put into mpox spreading.

5.1. Situation without smallpox vaccine protection

In the proposed scenario, we envision a situation devoid of smallpox vaccine protection. In particular, we
modify the parameter 7 in model (1), altering its value from 0.15 to 1. We then implement the simulation
model across four countries to compute the variations in the total number of infection cases. The results
delineated in the corresponding Table 3 indicate that in the absence of smallpox vaccine protection, there is a
projected increase in the total infection cases by approximately 12% for each country under study. Therefore,
as a short-term measure, the government can take the approach of vaccinating high-risk individuals against

smallpox to control the potential resurgence of mpox epidemic.
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Table 3: The change of infections in the absence of smallpox vaccine protection

Country Default Without protection Increase
Brazil 6,775 7,651 12.9%
Spain 6,815 7,766 13.9%
UK 3,550 3,999 12.6%
Us 21,519 24,157 12.3%

5.2. Uncertainty in reported cases

We also consider a situation accounting for the uncertainty in the reporting and reporting delay of mpox
cases due to the quality of the report data® [26], which we call the test latency. Test latency analysis is essential
because the delay between the time of infection and the time of report can greatly impact our simulation
results [27]. Test latency analysis is also crucial for policy making. Policymakers should carefully consider
the results of test latency analysis because simulation models based on reported data may not be completely
accurate. For example, even if the model simulation results show that the effective reproduction number
is lower than 1 at the end of the outbreak, the test latency analysis results may show a large difference
in the outcome. This is reasonable because the number of reported cases may not accurately reflect the
true situation due to various factors. Therefore, experts must ensure that the test latency results are also
consistent with the policy measures being implemented to control mpox.

Thanks to the symptoms of mpox being more obvious than COVID-19, the report of the cases may be
much easier than COVID-19 cases, and we may choose some relatively small numbers in defining the lag
between the test and report. In particular, we assume that the observed number of daily infections C(t)
follows Poisson distribution, which is widely done in other works in estimating the daily infection [5, 26], that
is, we use the real daily increment C(t) instead of reported daily cases C(t) with C(t) ~ Poisson(C(t + At)).
We conduct two simulation analyses: At = 1 and At = 3, i.e., we consider a lag of 1 or 3 days between the
infection and reporting and, on each day, the expectation of the number of observed infections is the number
of infections 1 or 3 days before.

We then proceed with generating two Monte Carlo samples [28] of size 10,000, for the daily infections
C (t), and run the vSEIR model and get the upper and lower limit of the estimated R; in four countries, the
whole process can be explained into Algorithm 2 in Appendix G. The entire analysis takes about twenty
minutes per sample. Fig. 5 shows the results of Brazil, Spain, UK, US. The deep blue line is the original
estimated R;. Note that most of the estimated data fall in the 95% prediction interval, but by the end of
the outbreak period as well as at some certain time, the original R; falls out from the interval, which shows
the necessity of the uncertainty in reported cases analysis. Through our analysis, we have identified some

concerns: in some countries, such as UK and Brazil, the upper bound of R; is still above 1 at the end of the

9mttps://www.who.int/news/item/11-05-2023-fifth-meeting-of-the-international-health-regulations-(2005)

- (ihr)-emergency-committee-on-the-multi-country-outbreak-of-monkeypox- (mpox) (retrieved on 25th May 2023)
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experiment period, which may indicate that mpox still requires measures to prevent its potential resurgence.

Besides, in relation to the uncertainty regarding incubation and recovery rate, the analysis conducted
in Appendix H indicates that in the majority of countries, the 95% confidence interval does not exceed
10. However, when examining the upper confidence interval for the test latency analysis in section 5.2, it
surpasses 10, and in some cases even 15, with the exception of the United States. This finding suggests that
the existing data reporting process may not be effective enough to accurately portray the real mpox situation.
Consequently, in order to effectively prevent any future resurgence of mpox,it is imperative to improve the

mpox data quality and report process.

6. Discussion and conclusions

In this paper, we develop a novel setup named the vSEIR model, an extended version of the traditional
SEIR model accounting for seniors potentially protected by smallpox vaccines and time-varying infectious
rate, to better simulate the early mpox outbreak. The FRLS algorithm is successfully applied to the on-
line estimation of time-varying infection rate in the discrete vSEIR model to reflect the intervention level
concerning the transmission of the mpox virus. In addition to the consideration of the mpox epidemic, we
comparatively analyze the effective reproduction number R; of the COVID-19 and mpox in their early out-
break period, and the corresponding results display that the R; of COVID-19 is much higher than that of
mpox, which means that the transmission ability of mpox is worse than COVID-19. Moreover, we introduce
the sparse HP filter to produce piecewise estimations of R;. After that, the development periods of the mpox
epidemic in Brazil, Spain, US, and UK are given based on those kinks. We then find that the date of the
declining period of mpox is earlier than COVID-19, which means that mpox may be easier to control.

To further explore the potential situation of the mpox epidemic, we first consider the situation without
the smallpox protection, next we use the Monte Carlo method to conduct the uncertainty analysis regarding
the impact of the possible lag in reported data. We surprisingly find that the second situation brings R;
wider confidence intervals, consequently, we sincerely recommend that the government make every effort to
optimize the reporting mechanism of epidemic data, providing enough reliable data to give a true picture of
the development of the mpox epidemic.

This work can be extended to include vaccination strategies that are developed after the outbreak, which
would allow for a more detailed accounting of the decreasing population of susceptible individuals in some
cases. Additionally, the current model uses a fixed vaccine failure rate in the aged susceptible compartment.
Improving on this, the model could use varied values from medical data in the vaccine failure rate for greater

accuracy. Adjusting these two factors would result in a longer-term and better results.
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