UNDER PEER REVI EW

1 MODELLING THE TIME-VARYING TRANSMISSION OF WILD POLIOVIRUS IN
2 PAKISTAN


mailto:2021ag1087@uaf.edu.pk

UNDER PEER REVI EW

17

18
19
20
21
22
23
24
25
26
27
28
29
30
31

32

33

Abstract

The efforts to eradicate the wild poliovirus since 1988 have successfully reduced its global
prevalence by 99%. However, as of 2023, Pakistan and Afghanistan remain the only two
endemic countries facing continual virus transmission. In this study, an ordinary differential
equations-based deterministic model was developed to assess the persistence of wild poliovirus
type 1 (WPV1) in Pakistan. The model considered both human-human and environment-human
virus transmission represented by time-dependent transmission rates. The model was calibrated
by fitting the reported data of WPV1 cases from 2017 to 2022 in Pakistan. The model showed
a better predictive ability than the usual constant transmission rate models. The results suggest
that endemic virus transmission will continue in Pakistan subject to the current higher
vaccination rates. The numerical simulations considering the reduction in the virus-shedding
rate by the asymptomatic infectious population through targeted vaccinations indicated a
reduction in the number of future cases in Pakistan. The model can be further utilized to guide
eradication efforts for the targeted allocation of preemptive measures through the incorporation

of spatial data of routine surveillance and vaccination coverage in the country.

Keywords: Dynamic modeling, polio eradication, transmission ecology, risk analysis,

biomathematics, vaccination, environmental surveillance
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Introduction

Poliomyelitis (Polio) is a highly contagious, potentially debilitating, and incurable
disease caused by the poliovirus. The virus primarily affects children under the age of five
years and can invade the central nervous system, resulting in permanent paralysis (Walter and
Malani 2022). Transmission occurs through either the fecal-oral or oral-oral route (Chen et al.
2021). In the early 20th century, polio was the most feared pathogen in industrialized nations
until the development of a vaccine in the 1950s (Jubelt and Lipton 2014). Since the launch of
the Global Polio Eradication Initiative (GPEI) by the World Health Organization (WHO) in
1988, wild poliovirus infections worldwide have reduced significantly. Mass immunization
against the virus has led to the complete eradication of wild poliovirus serotypes 2 and 3,
leaving only two endemic countries, Pakistan and Afghanistan, still affected by wild poliovirus
type 1 (WPV1) transmission (Falleiros-Arlant et al. 2020; Lee et al. 2023). This ongoing
circulation of the virus not only poses a threat to the health of residents in these countries but

also hinders vaccination efforts in polio-free regions (Rana et al. 2022).

Intensified immunization efforts have reduced the incidence of wild poliovirus cases in
Pakistan; however, the country faces several challenges in effectively implementing
eradication policies. These challenges include geopolitical instability, government negligence,
lack of efficient public health infrastructure, and general misconceptions regarding polio
vaccines (Shabbir et al. 2022). Moreover, the neighboring country; Afghanistan is also battling
constant virus transmission which poses an immense threat to eradication efforts in Pakistan as
the two countries are considered to be one epidemiological block due to the highly porous
border and extensive population migrations (Roberts Leslie 2018). Thus, it has been considered
that if Pakistan achieves eradication Afghanistan will soon follow and the world will eventually

achieve a milestone of global polio eradication.

Mathematical models have long assisted policymakers in identifying improved
vaccination strategies and optimizing surveillance (Thompson and Kalkowska 2020). In this
study, we developed a deterministic mathematical model based on ordinary differential
equations (ODEs) to evaluate poliovirus transmission in Pakistan. This model considers both
human-human and environment-human transmission of the virus through the fecal-oral route
owing to sewage water contamination, which facilitates its spread (Hovi et al. 2001). This route
is also the focus of environmental surveillance efforts to eradicate wild poliovirus from the

remaining endemic countries. Another significant aspect of this study is the incorporation of
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different types of time-dependent transmission rates to reflect the epidemiological
characteristics of polio infections in the country. These transmission rates change in response
to various intervention measures and human behavior during different periods. By
incorporating these features, our model can improve its predictive accuracy and enhance our
understanding of the periodic outbreaks of the virus in Pakistan. Thus it will lead to an effective

resource allocation to interrupt the transmission and achieve eradication.

Methods

A mathematical model was adapted to understand the transmission dynamics of WPV1 in
Pakistan. Our modelling strategy is inspired by the approach used by Yang and Wang (2021)
to model COVID-19 transmission in Hamilton County, Tennessee, United States. In our model,
the target population is divided into four classes: susceptible individuals 'S', exposed
individuals 'E', reported wild poliovirus cases 'I', and recovered individuals 'R', while
compartment 'W' represents the poliovirus in sewage water. The original model divided the
host population into five classes, including hospitalized individuals, with the sixth
compartment representing the concentration of coronavirus aerosols in the environment.
Furthermore, the model assumed that the entire target population was susceptible to COVID-
19, as the vaccine had not yet been introduced. Therefore, because the entire target population
is susceptible, no scaling of the disease data is necessary. In contrast, our model includes
children up to the age of five who did not receive OPV during the annual National
Immunization Days (NIDs) from 2017-2022 as the susceptible population. Figure 2 shows the
NIDs conducted in Pakistan during this period along with the percentage of children who were
still missed by these campaigns. The 'E' compartment represents the number of asymptomatic
infections. We assumed that 70% of poliovirus infections would be asymptomatic (Walter and
Malani 2022). The total number of WPV1 cases reported in the country during the targeted
years is shown in Figure 1. Data scaling was performed to provide the model with a more
balanced landscape for training, leading to an improved efficiency and predictive ability.
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Fig 1. Reported WPV1 cases in Pakistan from 2017-2022.
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Fig 2. National Immunization Activities occurred from 2017-2022 in Pakistan. The number of
columns are representing the number of campaigns of every year and their height is indicating
the proportion of missed children by each campaign (Elhamidi et al. 2017; Hsu et al. 2018;
Moffett et al. 2019; Chard et al. 2020; Mbaeyi et al. 2021)

The following set of ordinary differential equations represents our model:
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Where the ‘A’ is a parameter for population inflow, p = death rate, o = average incubation
period of poliovirus, ‘p’ represents the proportion of asymptomatic population who develop
paralysis, q = rate of infected persons who develop paralysis, ¢ is the removal rate of poliovirus
from the environment; y1 and vy, are the rates of recovery of asymptomatic and symptomatic
persons and & and & are the rates of contributing virus to the environment by the exposed and
infected population respectively. These parameter values were obtained from a literature search
and are listed in Table 1. The schematic representation of the model is given in Figure 3.

Table 1. Model parameter values for poliomyelitis

Parameters Values References

Incubation period(a) 12 days (Estivariz et al. 2021)
Population size(N) 40000000 (Mbaeyi et al. 2021)
Natural Birth & Death rate(p) 160 (UNICEF 2023)
Environmental Removal Rate of virus(c) | 0.12/d (Bae and Schwab 2008)

Virus shedding rate by infected persons(£2) | 0.025/ml/person/day | (Lodder et al. 2012)

Virus shedding rate by exposed persons(&1) | 0.45/ml/person/day | (Mach et al. 2014)

Recovery rate of exposed individuals(yl) | 1/10/d (Estivariz et al. 2021)
Recovery rate of infected individuals(y2) | 1/14/d (Ben-Joseph 2022)

Rate of paralysis in exposed individuals(p) | 1.5% (Mehndiratta et al. 2014)
Rate of paralysis in infected individuals(q) | <1% (Mehndiratta et al. 2014)

The incubation period of the poliovirus was considered to range from 3-21 days, in this
study, the average value of 1/o.= 12 days was considered (Estivariz et al. 2021). The recovery
period from polio depends on different factors, including the severity and immune status of
infected children. The model includes the recovery period of the exposed and infected children.
In cases of recovery from an asymptomatic state, the population usually shows no symptoms.
The time period for this recovery was considered to be 7-14 days and in this model, an average
recovery period of 10 days was considered for those 70% of infections that go unnoticed, which
gives y1 = 1/10 per day (Estivariz et al. 2021). Because it is a paralytic disease, in such cases,
there is no recovery, but rather a permanent disability or death. However, those who experience
milder symptoms can recover within 1-2 weeks, so a complete recovery period of 14 days was
considered, which gives y1 = 1/14 per day (Ben-Joseph 2022). Evaluation of the poliovirus

removal rate from the environment showed a time period of 3 hours which led to 90% removal



UNDER PEER REVI EW

125
126
127
128
129
130
131
132
133

134
135

136
137
138
139
140
141
142
143
144
145
146
147
148
149

of the virus from the environment. Therefore, the virus removal rate from the environment was
taken as o = 0.12 per day (Bae and Schwab 2008). Population immigration and emigration rates
across the country were considered equivalent; thus, the rate of influx of the at-risk population
was A = uN, where N is the magnitude of the target population. Due to the small target
population, the natural birth and death rates of the population were considered equal to u (Yang
and Wang 2021). The shedding rate of wild poliovirus by the asymptomatic population (Mach
et al. 2014) and infected individuals (Lodder et al. 2012) was taken from the literature. The rate
of paralysis in asymptomatic infections was p = 1.5% and that in in infected individuals was g
= 1% (Mehndiratta et al. 2014)
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Figure 3. An SEIRW model adapted for poliovirus transmission in Pakistan

incorporating the effect of virus contaminated environment on the spread of the disease.

The model incorporated multiple transmission routes and each of which was associated
with non-linear incidence. The functions Be(l, t) and Bi(l, t) indicate the direct, human-human
transmission rates between asymptomatic and susceptible populations and between infected
and susceptible populations, respectively. The Bw(l, t) function depicts the environment-human
transmission rate. The model considered the chance of the infected (both latent and clinical)
population coming into contact with other individuals and which could lead to shedding of the
poliovirus into the environment by those individuals. Our assumption is based on the fact that
in densely populated areas with poor sanitation facilities and an under-immunized or zero-dose
population, the presence of poliovirus in the environment can pose a significant threat to the
susceptible population (Mach et al. 2017). The values of the transmission rate parameters were
obtained by fitting model to reported data. The considered time domain was divided into two

3-year time periods. These have distinct time intervals: [T1, T2] and [T2, T] and for some
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positive constants, T1 < T2 < T. The first period from 2017 to 2019 was considered the period
of increased vaccine resistance Figure 2, which eventually led to a surge in polio cases in
Pakistan in 2019. We assumed that the disease transmission rate increased monotonically
during the first period. The second time period from 2020-2022, on the other hand, was a period
of increment in vaccination rates Figure 2 and reduced exposure of the susceptible population
to infectious individuals due to the nationwide lockdown to contain the COVID-19 pandemic.
Thus, the transmission saw a major decline during this period and was assumed to no longer
increase monotonically. The separate transmission rates for each of these periods were then

developed to represent their unique properties.

e Period 1: Here, we considered that all the transmission rates were increasing with the time

‘t” during this transitional interval and are described as

Be (1, ) =Peof (1), Bi(l, ) =Piof (t), PBw(l, t) =Pwo F (1)
f(t)=1+d (t-Ty) with Te <t < T,

Each transmission rate initiates from the minimum t = T1and grows monotonically relative
to t with a constant rate d. Parameter d was estimated through model fitting to the disease
data.

e Period 2: In this period, the transmission rates no longer increase monotonically but take

the form

Be (1, ) =Peof (T2) g (1), Pi(l, ) =P (T2) g (1), Pw(l, 1) = Pwo T (T2) g (1),

Here, f (t) = 1+d (T2>-T1),and g (1) =1 — %tan‘1 (c- (1 () - 1(T2)))

Where T> <t < T and function g(l) represents the variation in transmission rates in relation to
I. This variation was due to increased vaccination and reduced exposure rates. The infection
prevalence at the beginning of this period, t = T2, was represented by I(T2). The constant 'c' is
used to adjust the magnitude of the difference, and its value is determined through data fitting.
In addition, an inverse tangent was used to transfer this difference to a standard interval.

Our modelling strategy considers the time-dependent transmission rates of wild
poliovirus in Pakistan. Typically, infectious disease models for poliovirus transmission in one
of the last reservoirs of the virus consider only constant transmission scenario. By considering

time-dependent transmission rates, we can enhance the accuracy of model predictions for future
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disease trajectories in the country. This will also help us develop effective intervention

strategies to control viral transmission.

Results

A SEIRW model was developed to study the transmission and spread of WPV1 in Pakistan.
The disease pattern was observed during two periods: pre-COVID-19 (2017-2019) and
COVID-19 (2020-2022). In the pre-COVID-19 era, there was a rapid increase in the number
of new cases, which can be attributed to a reduction in vaccination rates (Figure 1 & 2).
However, in the COVID era, the number of cases decreased owing to increased vaccination
rates and reduced exposure rates resulting from stay-at-home orders implemented to contain
the transmission of COVID-19. Transmission rates were formulated for each of these periods,

as previously described, to conduct data fitting and model simulations.

Model fitting to WPV1 cases in Pakistan during pre-COVID period (2017-2019)

Initially data fitting was conducted for the pre-COVID era from 2017 to 2019 to
estimate the values of the three transmission parameters, with two parameters representing
human-human transmission and the other representing environment-human transmission.
Based on the demographic and reported data, the initial conditions for this time period were set
as (S, E, I, R, W) = (1200000, 0.12, 0.05, 0, 22). The value of poliovirus concentration in the
sewage water was obtained as 22 virions/ml (Hovi et al. 2001). Because our model did not
consider developed immunity, the recovered individuals were considered to be equal to zero as
an initial value for model calibration Figure 4. Data fitting was performed using the estimated

parameter values listed in Table 2.
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Figure 4. Model fitting results for the reported cases of Polio in Pakistan from 2017-2022.

These results confirmed our assumption that a decrease in vaccination rates led to an increased
transmission rate. The estimated parameter values clearly showed that asymptomatic
individuals pose a significant threat to susceptible individuals. Parameter d represents the rate
of transmission increment during this time period as a function of t, and its estimated value is
presented in Table 3. This increase was consistent and steadily rising, so instead of a decline

in the epidemic curve, we observed a sharp surge in virus transmission and an increase in cases.

Table 2. WPV1 model parameter values estimated through model calibration.

Estimated parameters Values

Transmission

rate from
3x107° person~lyear~1!

asymptomatic
to susceptible

population (Be)

Transmission
rate from | 2x10~%person~lyear™!
infected to

susceptible
population (B1)
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During this period, the transmission of the system was not autonomous because it depended on
the time. In mathematical terms, a system of ordinary differential equations that relies on time
as its independent variable is referred to as a non-autonomous system. The rate of transmission,
represented by the parameter ‘d’, increased over time, denoted by ‘t’. Because we assume that
the increase in transmission during this period was due to a decrease in vaccination rates, the
system can be classified as non-autonomous. Consequently, the basic reproduction number
(RO) for a specific time domain was not calculated. In situations where there is no delay
between exposure and appearance of clinical cases, the reproduction number can be calculated
by excluding the latent infection period. However, this approach cannot be applied to polio

infections.

Model fitting to WPV1 cases in Pakistan during COVID pandemic (2020-2022)

During the period 2020-2022, there was a more stable spread of infection as transmission no
longer increasing monotonically. This was a result of higher vaccination rates and decreased
exposure of vulnerable populations to infectious individuals due to stay-at-home orders issued
during the COVID-19 pandemic. The data fitting results are shown in Figure 4 and Table 3
displays the estimated value of parameter c for this specific time frame. This parameter was
used to add an extra dimension and transform the previous system of non-autonomous ODEs
into an autonomous system. As a result, the transmission rates of poliovirus during this period
were no longer dependent on time, but instead on the prevalence of polio infections in the
population. The system was assumed to be time independent. Transmission now varies based
on the contact rates between susceptible and infectious populations, as well as the number of
individuals in both groups. Model calibration during this time period revealed that transmission
was significantly reduced due to a decrease in contacts and the number of at-risk individuals

as immunization rates increased.

11
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Table 3. WPV1 model Parameter values estimated through model calibrations

Rate of increase in transmission rate during the period of

2017-2019 (d) (Period 1) 0.385/year

Adjustment Parameter (c) (Period 2) 0.4/person

Here, in-sample validation was used for the re-substitution validation method, where
the goodness of fit was measured and compared using the root mean square error (RMSE) for
our assumption of time-dependent transmission rates while for the model of COVID-19
transmission, normalized root mean square error (NRMSE) was used (Yang and Wang 2021).

The formula for RMSE has been given as

YN | (Predicted;— Actual;)?
N

RMSE :J

The ‘N’ represents the number of total data points in the data set. The RMSE value was
0.05, indicating good model accuracy and validating our assumption of time-dependent
transmission rates compared with other models that consider constant transmission scenarios.
Yang and Wang, (2021) also tested the validity of the constant transmission rate scenario for
COVID-19 transmission and found it to be less accurate than the assumption of a time-
dependent transmission rate. On the other hand, we did not consider the model fitting results
for the constant transmission rate for the entire period of 2017-2022. However, upon testing
the validity of this assumption using the RMSE, the obtained value was 0.44. This makes the
constant transmission rate scenario less fitting than the the time-dependent transmission rates

for the two time periods.

Reproduction number (Ro)

The basic reproduction number (Ro) is the average number of secondary infections
caused by an initially infected person over their lifetime, when the entire population is
susceptible. If Ro < 1, the pathogen will be cleared from the population. However, if Ro > 1,
the pathogen can spread throughout a susceptible population. Ro is a crucial parameter for
estimating the ability of a pathogen to spread and cause an outbreak. This provides valuable
insights into the efforts required to control the disease, such as prompt case identification,
quarantine measures, and physical distancing to prevent contact between susceptible and

infected individuals.

12
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In our developed model, the first time period is a non-autonomous time-dependent system,
making it challenging to define the reproduction number for this period. The argument here is
that non-autonomous disease dynamic systems consider the periodicity of infection
occurrences. Therefore, the reproduction number becomes a function of time which can be
calculated either by disregarding the recruitment of susceptible individuals in the model, or by

overlooking the latent stage of infection.

However, the reproduction numbers of time-averaged systems (autonomous systems) are
sufficient to explain the mitigation policies that need to be implemented. Thus, in the second
instance, our model is an autonomous dynamic system in which the rate of disease transmission
is solely a function of prevalence (I). The reproduction number (Ro) for this period can be

calculated as follows.

Be(1,0) =Be(l), Bi(l,t)=pi(l)and Bw(l, t) = Pw (1) for To< t<T.

Here, the standard method for calculating the basic reproduction number, which is the

next-generation matrix technique was used

Apparently, the ODE system of equations has a condition for the absence of the disease referred

to as the disease-free equilibrium (DFE) at
Xo = (So, Eo, lo, Ro, Wo) = (ﬁ ,0,0,0,0)

Here, E, | and W are considered as the infectious elements. Matrices F and V represent new
infections and transitions between different disease stages, respectively.

F=[ Peo(0) So Bio(0) So Pwo (0) So V= U1 0 0
0 0 0 —a(1l-p) Uy 0
0 0 0 —ap —q 0
0 0 0 -& —&5 o

Here uy=a + y1+ pand u2=q + y2 + p. Then, Ro of the given model will be the spectral radius

of the next generation matrix FV*which is
Ro=p (FV’l) =Re+ R+ Rw

Where

Re=PE@% 433

Ug

13
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It estimates the disease risk during the second period (COVID-19 era). The first two
terms, Re and R, represent the role of human-to-human transmission routes from non-clinical
and clinical infectious populations respectively. The third term, Rw characterizes the impact of
the environment on the human transmission pathway through sewage contamination. Thus, we

proceed as follows:
Ro=1.33+0.15+0.13=1.61

The values indicate that exposure to asymptomatic infectious population makes the highest
contribution, followed by the infected population, and then the environment makes the lowest
contribution. All of these values combined make Ro almost equal to unity, indicating the
persistence of the disease. Although the environment was found to play the least role in virus
transmission, the rates were close enough to the rates of infected to susceptible populations,
indicating that with low vaccination coverage and poor WASH infrastructure, the wild

poliovirus contaminated environment can impact disease propagation.

Another important measurement is the effective reproduction number (Reff or Rt), which is the
expected number of new infections caused by infectious individuals, to which some individuals
in the target population may no longer be susceptible. It is important to reduce this number to
below one to control the spread of infection. In our case, our whole population was not
susceptible; therefore, we calculated the effective reproduction number for the second time

period using the derived value of the basic reproduction number.
Rett = Ro (3)

As a result, a value of 0.12 for the effective reproduction number was obtained, indicating the
effectiveness of current intervention strategies in reducing the number of susceptible
populations in the country. This is because the value of Refs is directly proportional to the
magnitude of susceptible individuals in a target population, and when the number of at-risk
individuals is high, the value of Re is greater than 1. When the susceptible population is lower,
the value of Resf is closer to 0, and the disease is contained.

14
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Using the estimated values of the parameters through the model calibration, predictions for the
occurrence of future polio cases in Pakistan could be made in the near future. We simulated
the developed model considering that the transmission rate no longer increases monotonically.
Following the current vaccination scenario and assuming that vaccination rates can keep
missing children at the current proportion of nearly 1% every year, the prediction of future
transmission scenarios Figure 5 and 6 indicated that the transmission will remain endemic and
that the number of reported cases will be lower than that previous years. The graph depicts that
the model has better predictive ability with the expected polio cases for the year 2023 to be
five with the maintained vaccination rate. On the other hand, the vaccination rate dropped in
2023 and reported cases were almost six in the same year closer to the model predictions
(Mbaeyi et al. 2023; GPEI 2024). However, the number of asymptomatic infections remains a
problem, as the graph indicates a continuous rise in latent infections as the susceptible

population accumulates over the years.
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Figure 5. The expected number of polio cases from 2023-2025 with the ongoing immunization
rates and when the incubation period reaches 21 days. The green line depicts the decreasing

incidence rate with the reduction in the virus shedding rate of the asymptomatic population.
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Figure 6. The expected asymptomatic polio infections from 2023-2025 with the ongoing
immunization strategies and when the incubation period reaches 21 days. The green line depicts

the reduction in asymptomatic infections with reduced virus shedding.

Simulations with varying parameters

The values of the model parameters can vary due to various factors, including
environmental conditions, the evolution of population immunity, and changes in population
movement patterns across the country. Here, the influence of the incubation period and virus
shedding rate of the asymptomatic population was estimated based on the proportion of
reported cases. Figure 5 indicates that a higher incubation period leads to a lower number of
reported cases. It has been observed that the poliovirus incubation period can range from 7-21
days or even up to 35 days. It also indicated that with an increase in the virus incubation period,
the number of latent infections will increase as the virus takes longer to reach the symptomatic
phase. Thus, there will be more asymptomatic individuals, posing a threat to the susceptible
population. Figure 6 presents the scenario when the poliovirus incubation period reached 21
days and the number of latent infections was higher. This increases the threat of silent
transmission of poliovirus in the community, as sub-clinical infections are a major source of
silent circulation of the virus. The graph depicts the failure of vaccination campaigns to achieve
the target vaccination rates. The increase in virus incubation can be attributed to reduced or
partial immunization. Incomplete vaccination due to various extrinsic and intrinsic factors
leads to infections with longer incubation periods. This increase in the incubation period and
asymptomatic infections, along with the resultant decrease in the number of reported cases,

presented a scenario of silent circulation. This increases uncertainty in public health measures.
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This is particularly important in the case of isolated under-vaccinated sub-populations which
pose a threat to the entire community. This can also be detected through environmental
surveillance. The presence of positive samples indicated silent transmission of poliovirus
throughout the country. This situation suggests that more targeted intervention efforts are

required to vaccinate under-vaccinated partitioned sub-populations.

Another scenario for reducing the virus shedding rate in asymptomatic individuals was tested
by changing this parameter. A significant decline in the number of asymptomatic infections
was observed. In addition, the curve for the proportion of the infected population flattens over
time with the reduction of the virus shedding rate by the sub-clinical infectious population. The
shedding rates for the exposed and reported infections were considered equal. Figure 5 and 6
represent the expected reported cases and latent infections to occur in the next three years,
respectively, when the virus shedding rates of the infected and exposed are equal. This indicates
the importance of higher vaccination coverage and the need to consider population movement
patterns in targeted immunization campaigns. This will also help reduce the number of positive
environmental samples with WPV in the entire country. The graph suggests that with a
reduction in the virus shedding rate of latent individuals, the number of reported cases of
poliovirus will continue to decrease until consistent intervention strategies completely vanish
the infected individuals from the community. This will ultimately help eradicate the virus from
the country.

Discussion

In this study, an ordinary differential equation-based deterministic model was developed for
poliovirus persistence in Pakistan. The model applies the concept of time-dependent
transmission rates of polio infections. This assumption is usually considered for seasonal
infections and takes into consideration the periodicity of the occurrence of a disease (Thompson
et al. 2019). Moreover, the role of poliovirus-contaminated sewage water in the spread of
infection was considered. In this model, both direct and indirect transmission routes,
considering human-human and environment-human transmission, were incorporated. The
period of 2017-2022 was considered for the numerical simulations and model validation. The
considered time domain of 6 years was divided into two 3-year time periods: variable
transmission rates that increase monotonically with time in Period 1, and variable transmission
rates that are shaped by disease prevalence and human behavior in Period 2. The model was
applied to the WPV1 case data from Pakistan. The results of the present data fitting approach
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based on different transmission rates in different time periods show a better performance than
that based on the standard approach of using uniform, constant transmission rates throughout

the entire time domain.

Martinez-Bakker et al. (Martinez-Bakker et al. 2015) previously conducted an analysis
on the ecology of polio epidemics in the mid-20th century. The findings revealed that prior to
the introduction of vaccination, only approximately 6% of infections were officially reported.
The primary cause of these epidemics was the rise in birth rates. The study ultimately concluded
that for vaccination campaigns to be more effective, it is crucial to consider population
demographics and the seasonality of infections. Conversely, our modelling results indicate that
as we approach the era of polio eradication, population demographics play an increasingly
significant role in the occurrence of polio infections in Pakistan. The authors acknowledge that
subclinical infections are more prevalent today than in the pre-vaccine era, which aligns with
our current findings. Our model simulations predicted that the virus will continue to transmit
in the presence of immunocompromised children. Therefore, it is imperative to monitor the
movement patterns of asymptomatic unvaccinated individuals capable of spreading infections
throughout the country. The rates of pathogen transmission are determined by two critical
factors: the frequency of contact between susceptible and infectious individuals and the

duration of contact and immunity within the population (De Cao et al. 2014).

Molodecky et al. (Molodecky et al. 2017) performed spatiotemporal analysis of routine
surveillance data for wild poliovirus in Pakistan. The findings indicate that movement patterns
are not as influential in predicting future polio cases in the country as the virus is mostly
restricted to certain areas. However, our results revealed that movement patterns are major
contributors to the constant expansion of the virus in Pakistan and can contribute significantly
to accurate predictions of future polio cases in the country. This is evident from the reduction
in the number of cases during the COVID-19 lockdown, when movement was restricted and

transmission was assumed to no longer increase monotonically.

Browne et al. (Browne et al. 2015) investigated the impact of routine and supplementary
immunization activities, as well as seasonality and environmental transmission, on the effective
reproduction number for poliomyelitis. The study concluded that migration rates can
significantly affect the overall reproduction number and optimal vaccine strategies. This
emphasizes the importance of synchronizing pulse (supplemental) vaccination strategies and

suggests that supplementary immunization, considering complete indirect virus transmission
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through the environment, would be most effective in reducing the reproduction number. Our
simulation-based calculation of the effective reproduction number supports the effectiveness
of national immunization strategies against poliovirus in Pakistan as it shows a decreasing trend
in the incidence of new cases. Furthermore, our study considered both direct and indirect routes
of virus transmission. The calculated effective reproduction number suggests that
supplementary immunization campaigns, when combined with spatiotemporal analysis of

routine surveillance data, will ultimately lead to eradication.

The proposed model can be further enhanced by incorporating spatial data on
vaccination coverage and environmental surveillance results. This will enable the prediction of
future polio infections and the allocation of timely resources across the country to stop the
transmission of the virus. However, the study did not consider population demographics, such
as movement patterns, age structure of the susceptible population (Mach et al. 2014),
population density, and migration rates. Additionally, the modelling results suggest that
identifying asymptomatic infected populations is crucial for effective eradication efforts.
Therefore, the model can be modified to explicitly include the demographics of the entire
vulnerable population in Pakistan. This indicates specific characteristics such as transmission
rates, paralysis rates, incubation period, and time to recovery. The shedding rate of the virus in
the target population may also be affected by the OPV vaccination status (Brouwer et al. 2022).
Furthermore, the model application did not consider the evolution of wild poliovirus in
Pakistan over time. Consequently, it may not accurately reflect the infection prevalence in the
distant future, as disease features can vary significantly over time. By including such dynamics
associated with persistent virus transmission in the country, the modelling results can be

improved and intervention strategies can be optimized to achieve eradication.

Conclusion

The transmission of wild poliovirus type 1 is expected to remain low in Pakistan which
is subject to high vaccination coverage. The time-dependent transmission rates assumption for
poliovirus spread in the country has a better predictive ability than the constant transmission
rate models. Our modelling framework can be further enhanced by incorporating spatial data
on immunization and routine surveillance to predict future cases in Pakistan and allocate
preemptive measures. Furthermore, the model concluded that indirect virus transmission
through the fecal-oral route had the least impact on the disease prevalence in Pakistan. The

findings of this predictive model are important for eliminating the spread of wild poliovirus
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450  from the remaining endemic countries (Pakistan and Afghanistan) by enhancing the activity of

451  the Global Polio Eradication Initiative.

20



UNDER PEER REVI EW

452

453

454
455

461

462
463

464
465
466
467
468

Statements and Declaration

Compliance with Ethical Standards

The manuscript did not involve any human or animal participants therefore, it did not require
approval from the ethical board.

Ethical Approval

The authors certify that they complied with the Principles of Ethical Publishing Rules.
Informed Consent

The data reported were derived from studies already published and quoted in the reference list.
Those papers mentioned informed consent that, depending on the studies, was implied to
participate in the study, verbal or written, or a combination of these variants during the follow-

up.



UNDER PEER REVI EW

484

485
486
487
488

489
490

491
492
493
494

495
496
497

498
499
500

501
502
503

504
505
506

507
508
509

510

511
512
513

514

References

Bae J, Schwab KJ (2008) Evaluation of murine norovirus, feline calicivirus, poliovirus, and
MS2 as surrogates for human norovirus in a model of viral persistence in surface water
and groundwater. Appl Environ Microbiol 74:477-484.
https://doi.org/10.1128/AEM.02095-06

Ben-Joseph EP (2022) Polio (for Parents). In: Nemours KidsHealth.
https://kidshealth.org/en/parents/polio.prt-en.html

Brouwer AF, Eisenberg MC, Shulman LM, et al (2022) The role of time-varying viral
shedding in modelling environmental surveillance for public health: Revisiting the 2013
poliovirus outbreak in Israel. J R Soc Interface 19:.
https://doi.org/10.1098/rsif.2022.0006

Browne CJ, Smith RJ, Bourouiba L (2015) From regional pulse vaccination to global disease
eradication: insights from a mathematical model of poliomyelitis. J Math Biol 71:215-
253. https://doi.org/10.1007/s00285-014-0810-y

Chard AN, Datta SD, Tallis G, et al (2020) Progress Toward Polio Eradication —
Worldwide, January 2018-March 2020. MMWR Morb Mortal WKly Rep 69:784-789.
https://doi.org/10.15585/mmwr.mm6925a4

ChenY, Yue T, Zhang Z (2021) The Pathology of Poliomyelitis and the Vaccines and
Nonvaccine Therapy. E3S Web Conf 308:02018.
https://doi.org/10.1051/e3sconf/202130802018

De Cao E, Zagheni E, Manfredi P, Melegaro A (2014) The relative importance of frequency
of contacts and duration of exposure for the spread of directly transmitted infections.
Biostatistics 15:470-483. https://doi.org/10.1093/biostatistics/kxu008

Elhamidi Y, Mahamud A, Safdar M, et al (2017) Progress Toward Poliomyelitis Eradication
— Pakistan, January 2016-September 2017. MMWR Morb Mortal Wkly Rep 66:1276—
1280. https://doi.org/10.15585/mmwr.mm6646a4

Estivariz CF, Link-Gelles R, Shimabukuro T (2021) Pinkbook: Poliomyelitis. Cdc 275-288

Falleiros-Arlant LH, Ayala SEG, Domingues C, et al (2020) Estado actual de la poliomielitis
en Latinoameérica. Rev Chil infectologia 37:701-709. https://doi.org/10.4067/S0716-
10182020000600701

GPEI (2024) Pakistan-GPEI. https://polioeradication.org/where-we-work/pakistan/

22



UNDER PEER REVI EW

515
516
517
518

519
520

521

522
523
524

525
526
527

528
529

530
531
532
533

534
535

536
537
538

539
540
541

542
543
544

545

Hovi T, Stenvik M, Partanen H, Kangas A (2001) Poliovirus surveillance by examining
sewage specimens. Quantitative recovery of virus after introduction into sewerage at
remote upstream location. Epidemiol Infect 127:101-106.
https://doi.org/10.1017/S0950268801005787

Hsu C, Mahamud A, Safdar M, et al (2018) Progress Toward Poliomyelitis Eradication —
Pakistan , January 2017 — September 2018. 7-10

Jubelt B, Lipton HL (2014) Enterovirus/Picornavirus infections. pp 379-416

Lee SE, Greene SA, Burns CC, et al (2023) Progress Toward Poliomyelitis Eradication —
Worldwide, January 2021-March 2023. MMWR Morb Mortal Wkly Rep 72:517-522.
https://doi.org/10.15585/mmwr.mm7219a3

Lodder WJ, Buisman AM, Rutjes SA, et al (2012) Feasibility of quantitative environmental
surveillance in poliovirus eradication strategies. Appl Environ Microbiol 78:3800-3805.
https://doi.org/10.1128/AEM.07972-11

Mach O, Sutter RW, John TJ (2017) Poliomyelitis. In: International Encyclopedia of Public
Health. Elsevier, pp 509-518

Mach O, Verma H, Khandait DW, et al (2014) Prevalence of asymptomatic poliovirus
infection in older children and adults in northern India: Analysis of contact and
enhanced community surveillance, 2009. J Infect Dis 210:5252-S258.
https://doi.org/10.1093/infdis/jit234

Martinez-Bakker M, King AA, Rohani P (2015) Unraveling the Transmission Ecology of
Polio. PLOS Biol 13:€1002172. https://doi.org/10.1371/journal.pbio.1002172

Mbaeyi C, Baig S, Khan Z, et al (2021) Progress Toward Poliomyelitis Eradication —
Pakistan, January 2020-July 2021. MMWR Morb Mortal Wkly Rep 70:1359-1364.
https://doi.org/10.15585/mmwr.mm7039al

Mbaeyi C, Baig S, Safdar RM, et al (2023) Progress Toward Poliomyelitis Eradication —
Pakistan, January 2022—June 2023. MMWR Morb Mortal Wkly Rep 72:880-885.
https://doi.org/10.15585/mmwr.mm7233al

Mehndiratta MM, Mehndiratta P, Pande R (2014) Poliomyelitis: Historical Facts,
Epidemiology, and Current Challenges in Eradication. The Neurohospitalist 4:223-229.
https://doi.org/10.1177/1941874414533352

Moffett DB, Llewellyn A, Singh H, et al (2019) Progress Toward Poliovirus Containment

23



UNDER PEER REVI EW

546
547

548
549
550

551
552
553

554
555
556
557

558
559
560

561
562
563

564
565
566

567
568

569
570

571
572

573

Implementation — Worldwide, 2018-2019. MMWR Morb Mortal Wkly Rep 68:825—
829. https://doi.org/10.15585/mmwr.mm6838a3

Molodecky NA, Blake IM, O’Reilly KM, et al (2017) Risk factors and short-term projections
for serotype-1 poliomyelitis incidence in Pakistan: A spatiotemporal analysis. PLOS
Med 14:1002323. https://doi.org/10.1371/journal.pmed.1002323

Rana MS, Asghar RJ, Usman M, et al (2022) The resurgence of wild poliovirus in Pakistan
and Afghanistan: A new setback for polio eradication. J Infect 85:334-363.
https://doi.org/10.1016/j.jinf.2022.05.038

Roberts Leslie (2018) “What the hell is going on?”’ Polio cases are vanishing in Pakistan, yet
the virus won’t go away. https://www.science.org/content/article/what-hell-going-polio-
cases-are-vanishing-pakistan-yet-virus-wont-go-away#:~:text=%22The lack of cases

means,is not taking any chances. Accessed 19 Sep 2023

Shabbir H, Saeed S, Farhan M, et al (2022) Poliomyelitis in Pakistan: Challenges to polio
eradication and future prospects. Ann Med Surg 80..
https://doi.org/10.1016/j.amsu.2022.104274

Thompson KM, Kalkowska DA (2020) Review of poliovirus modeling performed from 2000
to 2019 to support global polio eradication. Expert Rev Vaccines 19:661-686.
https://doi.org/10.1080/14760584.2020.1791093

Thompson RN, Stockwin JE, van Gaalen RD, et al (2019) Improved inference of time-
varying reproduction numbers during infectious disease outbreaks. Epidemics
29:100356. https://doi.org/10.1016/j.epidem.2019.100356

UNICEF (2023) Pakistan (PAK) - Demographics, Health & Infant Mortality - UNICEF
DATA. https://data.unicef.org/country/pak/

Walter K, Malani PN (2022) What Is Polio? JAMA 328:1652.
https://doi.org/10.1001/jama.2022.17159

Yang C, Wang J (2021) Modeling the transmission of COVID-19 in the US — A case study.
Infect Dis Model 6:195-211. https://doi.org/10.1016/j.idm.2020.12.006

24



