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Consideration of human mobility is essential for understanding the behavior of COVID-19 spread, especially when millions of people travel across borders around Eid al-Fitr. This study aims to grasp the effect of mass exodus between regions on active cases of COVID-19 through a mathematical perspective. We constructed a multiregional SIQRD (susceptible–infected–quarantined–recovered–death) model that accommodates the direct transfer of people from one region to others. The mobility rate was estimated using the proposed Dawson-like function, which requires data from an origin–destination matrix. Assuming that only susceptible, inapparently infected, and recovered individuals travel around Eid al-Fitr, the rendered model well-depicted the actual data at that time, giving either a significant spike or decline in the number of active cases due to the mass exodus. Most agglomerated regions such as Jakarta and Depok City experienced a fall in active case numbers, both in actual data and in the simulated model. However, most rural areas experienced the opposite, such as Bandung District and Cimahi City. This study confirmed that most travelers journeyed from big cities to the rural regions, and it scientifically demonstrated that mass mobility affects COVID-19 transmission between areas.
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INTRODUCTION

The COVID-19 pandemic at the beginning of 2020 echoed across all countries. That high-spreader virus has led leaders in almost all countries to apply similar policies: restricting people's movement except for grocery shopping. This policy is expected to reduce human-to-human interactions, leading to the decline of COVID-19 case numbers [1]. This restriction lasted for most of 2020, even though some relaxation had occurred in some countries. In India, the government eased the lockdown after a significant decline in COVID-19 cases, allowing more people to be mobile. A surge in COVID-19 cases was identified after the first relaxation, which was believed to be a direct implication of the relaxation [2].

The Centers for Disease Control and Prevention (CDC) has been consistently providing recommendations regarding restrictions on the movement of people to suppress the spread of the virus in the population since March 8th, 2021 [3]. These restrictions on movement are based on several factors: the number of COVID-19 cases in the community, exposure during travel, the level of crowding in a place, and so on. It is clear that the higher the number of COVID-19 cases in a community and the more crowded a place is, the greater the chance of being exposed to the virus. This provides a strong rationale for restricting movement to suppress the spread of infection.

In line with what the CDC recommends, movement restrictions have also been implemented in several provinces of Indonesia with high numbers of COVID-19 cases. For example, Jakarta employs PSBB (large-scale social restrictions), which limits the movement of Jakarta residents through restrictions on schools and workplaces, cessation of religious activities in places of worship, restrictions on activities in public places or facilities, restrictions on sociocultural activities, and on transportation activities. By the end of 2020, the PSBB had been implemented 12 times in Jakarta [4]. By the end of February 2021, the macro and micro PPKM (enforcement of community activity restrictions) was implemented to respond to a significant increase in cases in Jakarta, reaching more than 3,000 new cases per day [5]. In general, PPKM is similar to PSBB but applies to the Java and Bali regions.

Ahead of Eid al-Fitr 1442 Hijri, a mass exodus (a trip to one's hometown) is unavoidable, which will lead millions of people to leave on their odysseys [6]. Even though there was a significant drop in the number of travelers in 2020, it was expected that the number would rebound in 2021 [7]. The mass mobility was believed to trigger more infections since the inapparently infected could travel across borders. As shown earlier in China, the human mobility due to Chinese New Year did result in variations in disease incidence between cities. Cities that were closer to the epidemic center and with a higher population in urban areas faced higher risks of disease incidence [8].

In this study, a multiregional mathematical model that accommodates the mobility of people between regions was constructed. The model was a generalized SIQRD model that split the population into five groups: susceptible, infected, quarantined, recovered, and deaths. The additional parameters representing the time-dependent mobility rate from one region to another were depicted by the modified Dawson function. Such parameters were estimated by means of the proposed algorithm requiring data from an origin–destination matrix. The numerical simulations of the constructed model depicted how the mobility rate between regions could affect the surge or decline in the number of COVID-19 cases.



CONTEXT


Mudik: Indonesia's Annual Mass Exodus

Mudik or Balik Kampung are common terms used by Indonesian people to represent migrants or migrant workers returning to their hometowns or villages before significant holidays, such as Lebaran (Eid al-Fitr) or Chinese New Year [9]. The primary motivation of this tradition is to visit family, especially parents. Further, many of them return to their homes to attend a rare opportunity: a gathering of members of their extended families who are seldomly seen and are typically scattered in other cities, other provinces, or even overseas. Mudik Eid al-Fitr or similar traditions can also be found in other Muslim-majority countries, such as Egypt and Bangladesh [10].

The average number of total travelers in such exoduses in Indonesia, especially during Eid al-Fitr, is ~30 million [11]. Even though the travel related to the mudik homecoming before Lebaran takes place in most Indonesian urban centers, the emphasis is on the nation's largest urban agglomeration Greater Jakarta, as millions of Jakartans exit the city by various means of transportation, overwhelming train stations and airports, and also clogging highways. Annually, the number of travelers during the exodus shows a constant pattern: gradually increasing from 2 weeks prior to the holy day and reaching its spike 2 days before it. The reversed mobility pattern is also shown days after the holiday, representing the return of migrants from their destination [12].

Every year, the total number of Eid al-Fitr homecomings has shown a significant increase except in 2020 [13], as the number of travelers dropped to almost zero, given the global pandemic. However, based on the survey data obtained by Angkutan Lebaran Research Group, the expected number of travelers on the 2021 Eid al-Fitr mudik will have increased and thus could have increased the chance of infection from COVID-19 due to the increasing rate of person-to-person interactions. Even worse, Jakarta was projected to contain more than 50% of the total recorded cases in Indonesia by April 2021; consequently, the mudik exodus would result in more virus spreaders traveling. The combination of the Delta variant with human mobility and an uncontrollable situation results in an environment suitable for the spread and mutation of viruses [14].

One of the favorite provinces as a mudik destination is West Java [15], a neighboring province situated southeast of Jakarta. As the home of 48.6 million inhabitants, West Java comprises 27 cities/districts, having had more than 30 thousand active cases by April 2021 [16], far below the cases recorded in the capital city of Jakarta. Every year, the exodus can move more than 20% of the total population of Jakarta into West Java, entering various cities and districts [17]. The mass movement of people from Red Zone Jakarta to West Java is believed to affect the spread of COVID-19 recorded in regions of West Java.



Available Datasets

The Public Health Office of West Java provided the data for COVID-19 spread for each city/district, which comprises three time-series datasets: the number of active cases, recovered, and individuals deceased due to COVID-19 infections [16]. The data interval ranged from early March 2020 until October 2021. In this case study, for May 2021, only the data until the time of the mass exodus for Eid al-Fitr on May 13th, 2021 were considered as representing the spread. The data used to estimate the parameters in model (1) will be explained further in the next section.

Further, the survey of the mudik preferences of Indonesian citizens was provided. In brief, the survey collected the preferences of the citizens as to whether they were going to conduct mudik or not. If yes, the origin and destination regions were recorded [18]. The number of participants in this survey was ~62,000, and was distributed mostly to Java citizens. The survey data were intended to estimate the origin–destination matrix for the Eid al-Fitr 2021 exodus. The origin–destination matrix is a two-dimensional matrix that contains information about the magnitude of the movement between locations (zones) within a certain area [19].




MATHEMATICAL MODELING


Generic SIQRD Model

The compartment-approach model is based on the generic model first introduced by Kermack [20], but was modified by accommodating vaccination, quarantine, and reinfection aspects. Thousands of papers related to the model involving several aspects on the spread of COVID-19 have been published. Several papers using data from Indonesia, i.e., discussing a simple model using data on the city of Jakarta at the beginning of the pandemic using the Richard curve [21, 22], the SIR model [23], the super-spreading problem with Batam–Depok data [24], PSBB in Jakarta [25], scenarios of vaccine implementation in Indonesia [26], and how the model is applied to policymakers [27]. The term SIQRD stands for susceptible, infected, quarantined, recovered, and deceased, classifying people into five groups. The detailed information for each compartment is given in Table 1.


Table 1. Descriptions of variables and parameters in the {SIQRD}k model.

[image: Table 1]

Susceptible individuals might have become infected after having had contact with infected individuals, which resulted in a portion of them being moved to compartment I. The addition of compartment E that represents exposed, or carrier, individuals is common to acquire the latency period of diseases [28, 29]. Another approach is to simply use the delay term to accommodate the incubation delay period [30]. However, this study focuses on the quarantine effect and hence drops the latency effect but adds the quarantine compartment. The quarantine rate governs how many of the infected individuals are to be quarantined (hospitalization or self-isolation) and hence, lessens the chance of infecting others. Also, vaccine inoculation is simply accommodated by allowing people from the S compartment to move directly to the R compartment after developing viral immunity. This modification reduces the number of susceptible individuals, depending on the vaccine rate and efficacy, which conforms to the primary goal of the vaccination program [31]. In addition, considering the temporary immunity developed after being inoculated or infected by the disease [32], the modification also covers the cases in which recovered/vaccinated individuals are reinfected by the virus, allowing people in R to move back to S, which can be seen in Figure 1.


[image: Figure 1]
FIGURE 1. Flow chart of SIQRD model with vaccination and reinfection aspects.


The mathematical system of the SIQRD model is given by:

[image: image]

where [image: image], which represents the number of living individuals over time. The population size is assumed to remain constant over time and, hence, [image: image] by adjusting π = μ. The detailed study of the model is provided in Supplementary Materials.



Multiregional SIQRD Model With Mobility Aspect

The multiregional SIQRD, denoted by {SIQRD}k, is a generalization of the generic model by simply adding subscript k to each compartment, meaning that the observation of every state dynamic in m regions simultaneously is allowed. The concept of model stratification is commonly used in the analysis of disease spread in relation to region-related observation.

To capture the effect of mass human mobility on the spread of the virus, the multiregional model accommodates the transfer of individuals from one region to another during the exodus. Several strict assumptions should hold to reduce the complexity: only susceptible, inapparently infected, and immune individuals can cross borders. Infected individuals who develop symptoms are banned amid border checks. In contrast, inapparently infected individuals are assumed to travel and pass the border checks easily. The assumption of human mobility considered in this model is that holy days can drive millions of people to travel from one region to another. However, daily mobility is neglected due to its insignificant figure relative to that on holy days. This exodus usually extends no longer than a month, and the travelers are expected to return to their original locations. The infection record is registered in the current place, regardless of the patient's domicile.

It is undeniable that the travel process, including the type of accommodation, plays a significant role in increasing the chance of infections. However, adding this aspect to the model would have increased the complexity and, hence, was not considered. Nevertheless, allowing the human transfer from one region to another is still prospective on capturing the effect of the exodus without taking its travel process into account.

Mathematically, the multiregional SIQRD model, which accommodates interregional mobility, is given by system (2). The multiregional model generalizes the generic one but adds index k and human mobility features.

[image: image]

The population size of each region is not conserved due to the mass mobility from one region to another. However, the sum of all populations in all observed regions remains constant by assuming that no other regions are involved. The initial conditions for variables Q, R, and D are known from the data, yet those for I are estimated.

According to Table 1, it is clear that some parameters were assumed to depend on regions, meaning their values represented specific occurrences in each region. The transmission, recovery, and death rates of COVID-19 depended on the provided data and, hence, are written with a subscript. The least-square method was used to estimate these parameters by the input of the provided data. Practically, β, γ, δ, and I0 were chosen so that the rendered model would be close to the actual data. However, other parameters were considered to be more general and, hence, were assumed to be uniform for each region.

However, the mobility rate αjk indicates the proportion of people traveling from one region to another during Eid al-Fitr. This term was not only assumed to be a region-specific parameter but was also assumed to vary each time, meaning mass mobility would occur occasionally and, hence, have its dynamic. To be depicted by system (2), the term αjk affects only the three variables: Sk, Ik, and Rk. The additional term [image: image] represents the number of susceptible individuals who enter region k from the rest of the regions. However, the term [image: image] depicts the number of susceptible individuals who leave region k to other regions. Therefore, subtracting the two results in the net change in the susceptible number in the region due to mass exodus. It is noted that the population size in each region may not be conserved, but the sum in all observed regions remains constant each time.



Method of Estimating the Mobility Rate

According to the constructed model, the mobility aspect is accommodated by parameter αjk, representing the daily proportion of people traveling between region j and region k. Notice that this parameter is time-dependent and can be either positive or negative. Practically, when αjk is positive, it represents the condition under which a proportion of people travel from region j to region k. The greater this value is, the greater the number of people traveling during the mudik occasion. On the other hand, a negative value of αjk represents travel back from region k to region j.

In addition to the quantity aspect, the general behavior of αjk is adjusted to align with the real phenomena: increasing toward Eid al-Fitr and peaking right before the holy day, followed by the people's return in a similar pattern but in reverse. The dynamics are expected to have a significant value near the holy day but almost zero at other times. By the given assumption, the Dawson integral function represents the daily proportion of the population in a specific region traveling during the exodus.

Based on [33], the general form of the Dawson integral function is given as follows:

[image: image]

Figure 2A depicts the basic graph of the Dawson integral function equipped with the preferred general behavior: positively increasing and reaching its peak toward the holy day, which represents the mass exodus, and then, followed with the reverse pattern in negative values, the return. Moreover, during the holy day, it is assumed that there is no mobility recorded. However, this function has fixed peaks and amplitude as well as thick tails. In order to align with the expected behavior of the mobility rate, the modified Dawson integral function is proposed by adding four additional parameters: C1, C2, t0, and t1.

[image: image]

where [image: image] represents a magnitude adjuster and D(t) is the Dawson integral function. With the given modification, several features of the dynamics can be altered:

1. Adjustment of the amplitude: the generic function is multiplied with C1 so that the amplitude will be as high as C1;

2. Adjustment of the peaks' locations, which is accommodated by adding C2. On the generic Dawson function, the locations of the peaks are fixed, and thus adding the parameter C2 will adjust the positions of both peaks of the mobility rate;

3. Adjustment of the date of the holy day is accommodated by adding the parameter t0. According to the modified Dawson function, it is clear that when t = t0, the rate of mobility will be zero. This is relevant due to the assumption that there is no mobility on the day of Eid al-Fitr;

4. Adding the parameter t1 affects the initial time of the mobility. This adjustment is based on the fact that the generic Dawson function has a thick tail as the time reaches −∞ and ∞. Thus, adding the parameter t1 to the model can adjust the time at which the mobility is first identified.


[image: Figure 2]
FIGURE 2. Comparison of the generic Dawson Integral function (A) with its modification (B).


Figure 2 compares the general behavior of the generic Dawson function with the modified one. Note that the modification yields the flexibility of several features. As depicted in Figure 2B, both peaks can be adjusted for location and amplitude, allowing for easier adjustment to follow the region-specific phenomena. Otherwise, both tails are already thin, meaning that mobility is considered to happen only near the holy day.

The complexity is now in estimating all of the additional parameters. Parameter t0 indicates the occurrence of the holy day, which is determined based on the initial data provided. Since the data were available from March 27th, 2020, then t0 is assumed to be t0 = 407, indicating that Eid al-Fitr 2021 will be held 407 days from the first simulation. Otherwise, t1 represents the first day near the holiday when people start to travel. Assuming that people start to travel for Eid al-Fitr 14 days before the holy day, t1 = 14.

On determining the value of C2, Figure 3 gives insights on how the function changes when the value of C2 is altered. By adjusting the rest of the parameters to be fixed, the change in C2 significantly affects the location of both peaks. Increasing the value of C2 does shift the location of the peaks toward the holy day, and vice versa. This fact indicates that the greater the value, the closer the peak of the mobility is to the holy day. According to [34], it is commonplace for most Indonesians to start to travel 2 days before the holy day, resulting in the mobility peak near this time and packing the roads with extended traffic jams. With the given information, the value of C2 is determined by forcing the peaks to occur 2 days prior to and after the holy day.


[image: Figure 3]
FIGURE 3. The effect of C2 change on the location of both peaks.


Lastly, parameter C1 is obtained from the provided dataset since it governs how many people participate in the travel. The data used in the estimation comprise the origin–destination (OD) matrix, which was obtained from the phone survey [18]. Note that the elements in the OD matrix represent the proportion of the population traveling due to the holy day. This quantity is a single value and is not associated with the daily mobility. The mobility rate αjk, however, depicts the same thing but is time dependent. Henceforth, integrating αjk of time in the range of [t0−t1, t0] yields exactly the same representation as that of the elements of the OD matrix, i.e., the proportion of a specific region's population traveling from region j to region k. When provided with the information for the other three parameters, C1 can be obtained by forcing the [image: image] to be close to the mjk data. The detailed information for estimating C1 is given in Algorithm 1.


Algorithm 1 : Estimating C1 given the information from the OD matrix and three additional parameters.

[image: Table 5]

Intuitively, Algorithm 1 decomposes the single-value data into time-dependent dynamics of mobility rate but conserves their total. For instance, the information from m12 is decomposed into α12(t), which has the feature of the modified Dawson integral function but the total [image: image] still conforms to m12. Figure 4 shows the visual interpretation of decomposing the mjk data into time-dependent αjk(t).


[image: Figure 4]
FIGURE 4. Applying Algorithm 1 to transform the OD matrix data into the time-dependent mobility rates: (A) Origin-Destination matrix; (B) time-dependent mobility rates.





RESULTS

This section provides information related to the estimation of all parameters and the constructed model's simulation on understanding the effect of the mass mobility on the recorded active cases. According to Table 1, there are parameters that are assumed to be constant and independent of regions. Those mentioned parameters are reinfection rate, quarantine rate, vaccine efficacy, and the natural death and birth rates. Those parameters should be first identified by utilizing the existing findings to run the simulations.

According to Goldberg et al. [32], individuals who have recovered after being infected can be reinfected by the virus after 1–2 years, even though no further research has been concluded. The quarantine rate is qualified as the unobservable parameters and, hence, will be assumed to follow the assumption introduced in [35]. The efficacy of vaccines depends on the vaccine brand being delivered. Since Sinovac is being administered to most Indonesians, the vaccine efficacy is assumed to be as high as 57% [36]. The natural death and birth rates are equal and follow the values introduced in [35] to maintain the constant population size.


Parameter Estimation

Given the data on active cases, cumulative recovery, and deaths for all observed regions of Jabodetabek (Jakarta, Bogor, Depok, Tangerang, and Bekasi) and Jabaraya (Jakarta and Bandung Raya), and assuming that the rate of transmission, recovery, and death due to COVID-19 are constant, the single-value estimated parameters are given in Table 2.


Table 2. Estimated rate of transmission, recovery, and deaths due to COVID-19 in Jabodetabek and Jabaraya (district/city scale).

[image: Table 2]



Estimated Mobility Rate

According to the phone survey conducted nationally by [18], the results were dominated by respondents from West Java (33.80%), Jakarta (30.95%), Banten (13.07%), Central Java (8.26%), East Java (6.41%), and Yogyakarta (1.61%), and the rest were from other provinces in Indonesia. The survey provided information on how many people in the sample intended to travel during Eid al-Fitr. Assuming that the sample represented the population, the estimation of the OD matrix could be obtained, as shown in Tables 3, 4.


Table 3. Estimated OD matrix in Jabodetabek (district/city scale).

[image: Table 3]


Table 4. Estimated OD matrix in Jabaraya (district/city scale).

[image: Table 4]

The values originating from Jakarta to West Java were the highest, which means that most of the mobility depicted from the survey was from Jakarta to West Java. However, some elements were estimated as zeros. This is a direct implication of the values coming from the phone survey, which was limited to the recorded sample.

By implementing Algorithm 1, the time-dependent mobility rate having modified-Dawson-like behavior can be obtained. For visualization, this parameter is shown in Figure 5, representing the mobility rate from Jakarta to Depok City. As expected, the effect of mobility started 14 days before the holy day and vanished 14 days later. In the time interval between the 14 days prior to the holy day and the holy day itself, the mobility rate was positive, depicting the travel from Jakarta to Depok City. However, after the holy day, the rate of transmission was negative, representing the return of those who traveled.


[image: Figure 5]
FIGURE 5. The estimated dynamics of mobility rate from Jakarta to Depok City, ranging from mid of March until late June 2021.




Project Active Cases With Mobility Aspect

In the previous section, the constant parameters representing the rate of transmission, recovery, and deaths were obtained from the existing data. The obtained parameters were utilized to evaluate the short-term and long-term projected numbers of active cases of COVID-19. The short-term projection was demonstrated in two scenarios: no exodus or with exodus. Henceforth, the direct effect of mass mobility on the dynamic of active cases can be analyzed.

In Jabodetabek, Figure 6 demonstrates the projected number of active cases in nine cities/districts. That being said, the estimated β, γ, and δ are assumed to be constant, and hence, the model is not able to capture the fluctuating historical data. However, the analysis mainly focused on the projections that occurred 14 days before and after the Eid.


[image: Figure 6]
FIGURE 6. Comparison of the actual data and the rendered model in Jabodetabek during the mass exodus of 2021.


In the observed interval, the consideration of the mass mobility directly affected the dynamics of the active cases, which can be seen in the interval bracketed by the black and red dashed lines. The four regions, namely Bekasi District, Bogor District, Bekasi City, and Tangerang Selatan City, experienced a significant surge of COVID-19 cases during the mass exodus, while the rest experienced a decline. Specifically, in Depok City, Bogor District, and Bogor City, the rendered model represented the actual data during the mass exodus. In other regions, even though the model seemed to overestimate the actual data, the general trend of the actual data could be depicted in the model, except for Bekasi District, Tangerang District, and Tangerang City.

Figure 7 depicts the simulations given for the regions of Jabaraya. Overall, the rendered model could predict how the active cases would spike or decline once the OD matrix data were provided. The results for Sumedang District and Cimahi City do underestimate the actual data, but the general behavior is well-captured by the data.


[image: Figure 7]
FIGURE 7. Comparison of the actual data and the rendered model in Jabaraya during the mass exodus of 2021.


Additionally, most of the big or agglomerated cities in the observed regions experienced a decline in the number of active cases, e.g., Jakarta, Bogor City, Tangerang City, and Bandung City. This result confirms that most travelers journeyed from the big city to the more rural areas. On the other hand, other regions experienced a spike representing the significant influx of susceptible individuals to those regions. Regions with higher spikes tended to be the rural areas, which provide recreation, e.g., Bandung District and Cimahi City, meaning that people not only visited families and relatives during the holiday but also visited some recreational places [37]. This is a reasonable reason for government to bring a travel ban aimed at stemming the Mudik [38].




CONCLUSION

This study produced a method of estimating the movement of people by representing mobility in the form of a function. The calculation provided a reasonably good result compared with the actual data. We used a deterministic model; therefore, in general, the simulation result was the average of the possible occurrences of the given data. The results of this study are considered in formulating policies related to mobility restrictions, especially in urban areas that still have the potential to produce a higher number of cases if the spread cannot be controlled. While currently the number of COVID-19 cases in Indonesia is relatively low, the potential for the spread of this disease is still very high, especially with the discovery of new variants. A relaxation that has been massive enough to control the spread and public awareness to enforce health protocols have also begun to decrease. Therefore, one of the efforts that has contributed to helping prevent the spread of COVID-19 is the policy of regulating community mobility, especially in the Java Island area and around the capital city in particular.
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