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Abstract

:

So far, about 770.1 million confirmed cases of COVID-19 have been counted by August 2023, and around 7 million deaths have been reported from these cases to the World Health Organization. In Ecuador, the first confirmed COVID-19 case was registered on 19 February 2020, and the country’s mortality rate reached 0.43% with 12986 deaths, suggesting the need to establish a mechanism to show the virus spread in advance. This study aims to build a dynamic model adapted to health and socio-environmental variables as a multivariate model to understand the virus expansion among the population. The model is based on Susceptible-Infected-Recovered (SIR), which is a standard model in which the population is divided into six groups with parameters such as susceptible S(t), transit stage E(t), infected I(t), recovered R(t), deceased Me(t), infected asymptomatic Ia(t), infected symptomatic Is(t) and deceased by other causes M(t) to be considered and adapted. The model was validated by using consistent data from Chile and run by inconsistent data from Ecuador. The forecast error was analyzed based on the mean absolute error between real data and model forecast, showing errors within a range from 6.33% to 8.41% for Chile, with confidence a interval of 6.17%, then 3.87% to 4.70% range for Ecuador with a confidence interval of 2.59% until 23rd December 2020 of the database. The model forecasts exponential variations in biosecurity measures, exposed population, and vaccination.
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1. Introduction


So far, about 770.1 million confirmed cases of COVID-19 have been counted by August 2023, and around 7 million deaths have been reported from these cases to the World Health Organization [1]. Globally, this disease exhibits a mortality rate ranging from 0.66% to 4.44% [2,3]. Ecuador’s first confirmed COVID-19 case was recorded on 19 February 2020 [4]. On 13th March, the National Emergency Operations Committee (COE in Spanish) assumed its functions and started providing daily updates on the national COVID-19 situation, sharing government data and information [5]. Ecuador’s mortality rate reached 0.43%, with 12,986 deaths [6], prompting the implementation of a color-coded mechanism, including red, yellow, and green restrictions, based on the number of virus-infected individuals, leading to quarantine measures. Numerous models and simulations have been developed to predict and analyze COVID-19, to understand the progression of respiratory diseases, and thus to predict the number of infections or the overall disease burden caused by such diseases in vulnerable populations [7,8,9,10]. Generally, there are two approaches to the analysis of pandemic diseases. One exploits natural variation in the distribution of COVID-19, and others develop a dynamic mathematical model [11]. Several studies have demonstrated the reliability of applying mathematical and statistical methods for the analysis of epidemiological data as long as there is a validation of the applied model [12]. While these models have provided significant insights and guided decisions, several gaps and limitations have been identified such as the initial parameters being steady. Due to the lack of detailed data, many models made initial assumptions about the primary reproduction number (R0), disease duration, and severity [13]. R0 has been calculated since Kermack and McKendric in 1920, who developed their model of malaria transmission inspired by the Ross model [14]. R0 is defined as the average number of people to whom an infected person can spread the virus, i.e., it describes the exponential growth of infection during the first phase of the epidemic [15]. However, this number cannot reflect the time-varying nature of an epidemic, as it is a static quantity that mainly accounts for what happens to the pandemic when public health policies are not adopted [16]. During any epidemic’s initial rapid growth phase, R0 numbers can reach high values due to the small initial sample size, low population awareness of the disease, and lack of health system response to deal with the outbreak [17]. However, high values may also occur due to poor availability of testing or delayed results confirming those infected. Consequently, the rate of growth of cases could be steadily altered due to factors such as the proportions of the population exposed or even because the number of cases exceeds the capacity of the system to count them. These difficulties typical of disease and health systems inevitably lead to changes in R0 values [18].



On the other hand, R0 can be modeled within SIRS models (a generic epidemiological model of an infectious disease transmission through individuals passing through the states: susceptible, infectious, recovered, and susceptible) using dynamic factors such as infection rate, recovery rate, growth assumptions of a linear system, and the probability of infection [17,19]. For this purpose, the universe of disease growth data in a specific population is used as a reference. The number can also be calculated using as a reference the mean and standard deviation according to confirmed cases and reporting dates [20], estimating the maximum likelihood using the serial interval distribution of the gamma distribution [21], or maximum likelihood elimination methods with bias correction obtained from chain binomial models [22]. The methods used for this value range from specific distributions for the daily case volume to stochastic models and include statistical inference of transmission chains down to minimum values [16]. By calculating the R0 value in dynamic models, there is a more realistic estimation of the disease’s growth, transmission, and spread in scenarios where the health system has few tools for disease containment and where the population has not yet achieved immunity [16]. Therefore, in the present investigation, a dynamic model was developed that allowed differential equations to identify the relationships between infected cases and the factors that influence their transmission and recovery, considering several scenarios that contemplated 25%, 50%, and 75% exposure in the population. Some studies have shown that the spread of contagious diseases is influenced by socioeconomic or cultural factors that establish the population’s exposure levels [23,24,25]. In this study, factors such as social, cultural, or economic that drove this behavior were not evaluated. Instead, the simulation was based on the exposed population’s conditions related to biosafety measures such as hand washing or face mask use. It was applied iterative methods to COVID-19 time series data to uncover the dynamic models that govern the epidemic patterns of pandemic behavior. Thus, a dynamic mathematical model was addressed to forecast the number of cases based on the rate of infection and recovery, where the R0 number is a key factor. One advantage of this research is that a global model of the early stages of the pandemic was created that can be adapted to any population if there is sufficient temporal information on the infection. Another advantage is that the approach overcomes the problem of heterogeneity because the System Dynamics Models assume that a population within one compartment is homogenous [26,27]. Finally, a relevant benefit is that the information could empower governments to make informed decisions based on scientific predictions and estimations.




2. Materials and Methods


2.1. Model Development


First, the infection rates βs were calculated from a historical database covering the beginning of the pandemic. The initial conditions were determined via surveys to estimate the proportions of the population in various states: susceptible, in transition to infection, infected, recovered, and deceased from COVID-19. These initial conditions were arbitrarily adjusted according to the location of analysis, incorporating the subjective perception of the population in percentage form. This perception is considered critical, as it influences the infection rate through the biosecurity measures that people adopt. The model considers hand washing, the use of disinfectant alcohol, maintaining 2 m, and the use of protective glasses.



The model we developed was specifically designed to predict the spread of COVID-19 in Ecuador. We based our work on the SIR model, a standard in epidemiology that estimates the growth of infected people. The SIR model uses a system of differential equations in time, dividing the population into six distinct groups: susceptible S(t), in transition to infection N1(t) starting population exposed, E(t), infected I(t), recovered R(t), and deceased from COVID-19 Me(t) [28]. It was assumed that the total exposed population in a specific area remains constant, which was reflected in Equation (1) below. This equation was essential for understanding and modeling the evolution of the disease in each location during the pandemic period.


    N   1     t   =   S   o   +   I   o   +   M e   o   +   R   o   +   E   o    



(1)







Regarding the model development, various other parameters were considered such as asymptomatic infections Ia(t), symptomatic infections Is(t), fatalities due to other causes M(t). Furthermore, an additional variable was introduced into the model: the daily vaccination rate, which can be arbitrarily integrated to examine disease spread. However, in this research, this variable has a value of zero and is only added when we want to consider a future scenario with a vaccination plan. The model also incorporated recovery rates for both symptomatic (γa) and asymptomatic (γs) populations. It was also accounted for the disease transmission factor (ε) and the COVID-19 mortality rate (τ). In this model, the inherent mortality rate of the population (μ) in the absence of the virus was addressed. These variables were utilized within the model to depict the dynamic changes in the system, as illustrated in Figure 1.



The population within the susceptible group comprised individuals at risk of acquiring the infection and transitioning to the infected population, whether presenting symptoms or not. From a mathematical perspective, the susceptible population group was modeled in relation to the total population, using the symptomatic infection factor βs. Simultaneously, another subset became infected without displaying symptoms, as characterized by the asymptomatic infection factor βa. The susceptible population underwent a state transition encompassing both the incubation period and the possibility of individuals succumbing to causes unrelated to COVID-19. Additionally, it was noted a segment of the susceptible population that had been vaccinated and was now immune to the virus, as depicted in Equation (2).


    d   s     d   t     = −   β   s       S ⋅   I   s     N       1       −   β   a       S   ⋅ I   a     N       1       − μ S   − V    



(2)







The transit stage refers to the period during which the infected group transitions from being susceptible to displaying symptoms, and it is represented as E(t), with a ɛ factor of 5.2 days [29]. Furthermore, when evaluating the model during this stage, consideration was given to the deceased population that was infected but died due to the overall population mortality unrelated to COVID-19, with a µ factor of 0.51% and 0.43% for Chile and Ecuador, respectively [6], as described in Equation (3).


    d   E     d   t     =   β   s       S   ⋅ I   s     N       1       +   β   a       S   ⋅ I   a     N       1       − ϵ ⋅ E   − μ ⋅ E    



(3)







The infected population refers to individuals who have passed the transit stage and can either develop symptoms or remain asymptomatic. The α factor indicates that 30.8% of the infected population, after the transit stage, presents symptoms [30]. During this phase, the recovery or mortality of this group was associated with the recovery factor (γ) and the mortality factor (τ), which were estimated and projected based on the database. Equations (4)–(7) constitute a set of equations related to the infected population, both symptomatic and asymptomatic.


  I a = ∝ ⋅ I  



(4)






  I s =   1 − ∝   I  



(5)






    d   I   s     d   t     =     1   − α       ϵ   E   − γ       s     ⋅   I   s   − τ   ⋅   I   s   − μ   ⋅   I   s    



(6)






    d   I   a     d   t     = α   ⋅   ϵ   ⋅   E   − γ       a     ⋅   I   a   − μ   ⋅   I   a    



(7)







In the population that had surpassed the infection stage, whether asymptomatic or symptomatic, they were regarded as part of the recovery group. For this group, a γ factor of 14 days was employed as the necessary period to overcome the illness, which was uniformly applied to both asymptomatic (γa) and symptomatic (γs) individuals within the model’s context. Additionally, considerations were made for individuals who passed away due to causes unrelated to COVID-19. Those who had been vaccinated and experience milder effects of COVID-19 were also counted as part of the recovered population, as detailed in Equation (8).


    d   R     d   t     = γ       s     I   s   + γ       a     I   a   − μ   ⋅   R   + V  



(8)







The Ro factor, also known as the basic reproduction number, was a value that represents an infected person’s capacity to transmit the virus within their environment during the development of the disease. This factor was directly related to the COVID-19 infection rate and the recovery rate observed in the infected population. By analyzing this factor, we can assess the virus’s level of contagiousness and gain a deeper understanding of its effects on population dynamics, which was crucial for the model. Equation (9) presents the mathematical expression that quantifies this concept within the context of the analysis.


    R   o   =   β   γ    



(9)








2.2. Model Testing


The model was initially designed for application in the population of Ecuador. However, discrepancies were identified within its database, regarding the variability in the number of COVID-19 deaths during the months of April and May 2020, as reported by the Emergency Operations Council (COE) [4]. These data inconsistencies raised concerns about the reliability of the available information during the pandemic crisis. As a result, it was decided to choose reliable and consistent data that were found in Chile to test the model. The choice of the Chilean database was based on criteria of data frequency and availability, with the purpose of accurately and reliably assessing the behavior of COVID-19 within the model. Both countries share demographic similarities, but exhibit significantly different trends in COVID-19-related data, as illustrated in Figure 2.



For the model evaluation, first, an analysis was conducted on the population of Chile and subsequently on Ecuador. This analysis focused on the period from the initial records of confirmed cases to the commencement of the vaccination program, as this period exhibited similar conditions in both populations. In the case of Chile, the evaluation period spanned from 22 February to 23 December 2020, whereas for Ecuador, it extended from 29 February 2020 to 2 May 2021 [4,31]. To ensure uniform conditions, an arbitrary percentage value was implemented to reflect compliance with biosecurity measures in both populations, considering the probability of infection. These measures encompassed practices such as handwashing; the use of alcohol or hand sanitizer; maintaining 2-m social distancing; and the use of masks, gloves, and goggles.



Subsequently, the exposed population was divided into quartiles, and three tests were conducted for each of these quartiles. For the data related to the infected population, a dynamic variability of 1% was introduced every 14 days as a perturbation. This was carried out to assess the model’s robustness under the conditions that could introduce uncertainty into the data in Ecuador and to observe its evolution over time. It is important to note that while Chile was used to validate the model, the primary focus of this study was the population of Ecuador.



For the statistical analysis, a normality test of the residuals was applied by means of the Q-Q method for each projection, to determine the most appropriate test for evaluating the hypothesis. During the model validation process, Fisher’s Least Significant Difference (LSD) test with a confidence level of 95% was addressed. This methodology was utilized to compare the real data with the projections, allowing us to identify whether there was a significant difference between the model and the data published in Ecuador and Chile related to the spread of COVID-19.



One of the methods employed to validate the model was the Monte Carlo method, utilized to assess real data alongside predictions. This procedure was conducted for both Chile and Ecuador. The Mean Squared Error (MSE) was chosen as the statistical parameter to evaluate prediction accuracy, and a t-test was conducted to compare the means of MSE between both methods to determine if a significant difference existed. This approach facilitates a meticulous and statistically robust assessment of the prediction methods. Monte Carlo simulation, relying on random numbers to estimate numerical outcomes, becomes a valuable tool for evaluating method performance based on simulated data, thereby providing pertinent information for decision-making [32].





3. Results


3.1. Database Model Testing


The behavior of Chile’s database regarding registered, infected, recovered, and deceased COVID-19 cases during the period from 22 February to 23 December 2020 is presented in Figure 2a. The curve exhibits noticeable data consistency, with an average Mean Absolute Error (MAE) of 8.47% for infected cases, in accordance with the model’s projections. Conversely, in Figure 2b, Ecuador’s database displays high variations on different dates that are contradictory and unrealistic in terms of variables such as registered cases, infections, recoveries, and COVID-19 deaths during the same period, prior to the implementation of the vaccination program.



The data were divided into quartiles with three tests for each projection when the disease symptoms started to appear on infected ones. There was normality in data calculated using the Q—Q Plot. The test for multiple ranks was applied to evaluate homogenous groups and determine if there is a relationship between forecast and real data. Indeed, Table 1 shows that forecast and real data homogeneity exists up to quartile 2 (Q2) according to a confidence level of 95%. Furthermore, when testing homogeneous group B using ANOVA analysis, the data indicate no significant statistical differences between real data and B homogeneous level due to a p-value of 0.902, with a level confidence of 95%.



The forecast error was analyzed based on the mean absolute error between real data and model forecast, showing errors within ranges from 6.33% (32,021.71 population) to 8.41% (33,639.93 population) for quartiles 2 and 3, respectively (Table 2).



The model analyses’ Pearson correlation factors between forecast and real data. The r values were 0.89 to Q1, 0.99 to Q2, and 1 to Q3 (Figure 3). Therefore, the model was validated by forecasting the period up to Q2 of analyzed data.




3.2. Ecuador Forecast Modelling


The model forecasted scenarios presenting the percentages of exposed individuals in groups of Q1, Q2, and Q3 and indicating similar values of infections without significant variation with an absolute mean error range of 3.83% to 4.38% for Q2 and Q3, respectively. This result shows that COVID-19 growth was independent of population exposure but dependent on the biosecurity measures requested in countries. Figure 3 illustrates the disease growth in three groups with similar trends.



On 23 December 2020, 13,612 people died of circumstances and symptoms related to COVID-19 [33]. Furthermore, a countless number of the infected population in the database died as of May of 2021, fluctuating to 42,000 (Figure 2). This situation caused inefficient management and decision making based on nonexistent data, turning the pandemic before the vaccination into a very difficult period to manage. In the beginning, when infected people started to test positive, the curve rapidly grew exponentially to the extent that it was impossible to trace the infection hot spots. Then, the mathematical model forecasted the growth of infected people since the spread of COVID-19, which was directly related to biosecurity measures adopted by the population. Therefore, these variables were determined when the infectious probability was based on their biosecurity. The dynamic models considered epidemiological parameters such as infection and recovery rates of sampled people and using these factors, which were dynamically predicted, smoothing the database curves of Ecuador.



In the case of Ecuador, the model considers biosecurity measures and the exposed population to the virus as the initial state. Then, it calculates the epidemic factors from the database, and finally, the dynamic model projects and analyses possible scenarios of infected, recovered, and deceased populations from the beginning to the end of the infection, as Table 3 reflects. The results showed that the Ro of infected and deceased populations are strictly related to the population exposed. Therefore, the infection numbers exponentially grew due to the people exposed. Furthermore, if the model varies these conditions, the results might indicate different values depending on people’s behavior.



Indeed, applying mathematical models to predict the potential impact, transmission growth rate, and virus identification was essential to mitigate the effects of this epidemic [9,34,35]. Worldwide, the use of Machine Learning and Deep Learning gives relevant information to assist medical and governmental agencies in advance [36,37,38,39].



Another method used to assess the projections involved applying the Monte Carlo method to compare real data from Chile and Ecuador. The results displayed a Mean Squared Error of 0.15% for Chile and 0.31% for Ecuador, both below 10%, showcasing the accuracy of the projections in relation to actual data. Subsequently, an evaluation of each Mean Squared Error was carried out through a t-test, indicating that there was no significant difference between the real data and the projections with a 95% confidence level. This analysis covered the period from 22 February to 23 December 2020, and a total of 1000 simulations were conducted following [40] methodology. These results substantiate the model’s robustness and effectiveness in the decision making process.





4. Discussion


Reported cases of SARS-CoV-2 or COVID-19 continue to increase worldwide due to person-to-person transmission of coronavirus diseases. As of 13 September 2023, according to [1], a total of 770,563,467 confirmed cases of COVID-19 have reported, resulting in 6,957,216 deaths. Thus, the prediction was the highest priority for controlling and managing resource-limited diseases [10]. This model predicted the spread of COVID-19 or SARS-CoV-2 virus based on infection, transit, and recovery factors that allow the calculation of a basic reproduction number (Ro). This study proposed and simulated COVID-19 transmission dynamics based on accessible data [4] for Ecuador from 29 February 2020 to 2 May 2021. However, the availability of data in Ecuador was a limiting factor for the model validation, so the data from Chile were collected from 22 February to 23 December 2020. Mathematical models are essential in decision making during outbreak control [41,42]. To determine pandemic expansion, It is necessary to estimate the Ro of the infectious disease, which must be reduced to an Ro of 1 or less to eliminate the outbreak. For example, a Ro = 2.5 represents a fraction of 60.0% [13]. In this model, the Ro was established based on population exposure, which was divided into quartiles of 25%, 50%, and 75% of the exposed population. The average estimated Ro was 3.42 (95% CI, 3.62 and 3.22). This value was higher than the global mean established by the WHO between 1.4 to 2.5 [43,44], but it was closer to the global Ro of 3.32 (95% CI, 2.81 to 3.82) determined by [13], which in the worldwide meta-analysis, established that these Ro ranges were closer to the reality, because they verified that the virus presented at least more than one generation of transmission. The estimated Ro confirmed that the reproduction and expansion of the virus were greater in Ecuador than in other countries in different periods of the year 2020. The Ro for India was 1.66 [10], Ro for Africa was 2.37 [45], and for several states of the United States, was 1.66 (IQR: 1.35–2.11) [46]. However, in this study, the R0 was smaller than the one determined for Brazil between 26 February 2020 and 25 March 2020, which was 5.25 [47]. In contrast, for this research, the Ro value was like the one found by [48], which resulted in the Ro in Ecuador reaching a maximum exponential growth of 3.45. In other words, the result presented in this investigation would explain a high wave of infection in the country. Therefore, the Ro was higher than the one found by [49], who established a value of 2.2 with 88% of susceptible/infected individuals. The Ro estimates for COVID-19, including the study Ro, were higher than the Ro values estimated for epidemics caused by coronaviruses that had high dissemination at the beginning of the century and the previous decade, such as the cases of Severe Acute Respiratory Syndrome (SARS) spread in Beijing, China, at the end of 2002 that affected at least 37 countries, with an estimated R0 between 2.2 to 4.91, and the Middle East Respiratory Syndrome (MERS) of 2012 had an R0 between 0.29 and 0.80 in 27 countries [44,50,51,52]. These data suggest that the spread and expansion of COVID-19 has been greater than other coronaviruses. Furthermore, the dynamic model that was created to test Ecuador differs from other models applied. For example, in India’s population of 1 billion, the virus dispersion was exponential, without considering biosecurity measures and only focusing on infected people [8]. Ref. [9] analyzed the disease growth based on confidence bounds by using the growing trend of COVID-19 in countries such as Switzerland, the United Kingdom, the Netherlands, Austria, Belgium, Norway, and Sweden, showing that the virus growth was exponential. This type of projection did not consider the factors that influenced the disease increase, which were intrinsic to the population and dynamic in time, limiting only to deterministic projections. The estimated Ro depends on factors such as the biology of the infectious agent, the simulation method used, the validity of the hypotheses considered, and fundamentally, the integration of social, demographic, or environmental variables that adequately characterize the environment [13,53]. The frequency of contact might depend on population size and social, economic, or cultural factors, which might vary from one locality to another [54]. In addition, the Ro estimates might be somewhat prone to error due to factors such as a short period of analysis, insufficient data, or both [55]. While the Ro values typically occur high in the early stages of an epidemic, both because of small sample size and lack of disease awareness, this does not mean that Ro values do not vary between different populations and even between subgroups within the same population [17,56]. One factor that might directly impact this variation is social behavior at the onset of the pandemic, characterized by failure to take adequate preventive measures [57,58]. Given the rapid spread of the disease and the high dependence of its control on the effectiveness of policies or guidelines that regulate or control social behavior, COVID-19 appeared to be relatively difficult to control [59]. The results suggested that prevention and containment measures such as confinement and social distancing were more than necessary to control this pandemic [60,61]. These actions, along with access to medical facilities and rapid population testing, significantly impacted the spread and thus, the cases and casualties [37,62]. All these aspects will undoubtedly influence traditional simulation methods and processes, while learning algorithms could be adapted, especially if multiple datasets are available for a given region. This approach can not only outperform SIR models but requires fewer input data to estimate trends and has a computational cost of about 0.24 s. Although, reliable results for Ecuadorian data were depicted, the lack and inconsistency led us to investigate the more consistent and regular data from a neighboring country, Chile, to validating estimates. This situation was necessary in order to continue testing these approaches and methods by means of other databases worldwide. Nevertheless, the results presented here emerged as a valuable and valid source of information and tool for evidence-based decision making.




5. Conclusions


The present study attempted to predict the spread in Ecuador using a basic reproduction number (Ro) in a dynamic model simulation. The main finding is that the estimated Ro for COVID-19 in Ecuador was 3.42, higher than the global average for COVID-19 in 2020, and even higher than previous epidemics of other coronaviruses such as SARS and MERS. The research findings confirmed that Ecuador was one of the countries where the virus spread the fastest. It is essential to emphasize that multiple factors, including social behaviors and preventive measures, influence the Ro value. Although, the development of a multivariate dynamic COVID-19 model based on the SIR model was able to predict the spread of the virus in the population of Ecuador. The validation of the model was performed by using data of the infection and spread of the virus from Chile, due to the lack of data of Ecuador.



The results showed that the mean absolute error is 4.21% and thus, the forecast based on data from Ecuador depicted the percentages of population exposure, without considering biosecurity measures for the spread of COVID-19. Therefore, the model could forecast up to Q2 of the database over time, with an error of no more than 10%. The forward simulation could predict variations within a linear system of the biosecurity measures taken by the population when exposed to the virus.



One of the main limitations of this model was the lack and inconsistency of the data, which led us to resort using more consistent and regular data from a neighboring country, such as Chile, to validate it. This situation was necessary in order to continue testing these approaches and methods in other databases worldwide. Additionally, it was noted that the accuracy of this model could be affected by changes in the virus’s transmission dynamics, such as the emergence of new variants or changes in social distancing measures. Therefore, the model’s performance must be continuously evaluated and updated as new data become available. Finally, it is recommended that for future research endeavors, enhancing the model’s accuracy should be pursued through the incorporation of supplementary variables, such as demographic and environmental factors, alongside the utilization of more advanced machine learning techniques.



This study delves into the impact of multiple factors on traditional simulation methods, with a particular emphasis on the adaptability of learning algorithms, especially when multiple datasets are accessible for a specific region. The proposed approach not only surpasses traditional SIR models but also operates efficiently, requiring fewer input data and boasting a low computational cost (approximately 0.24 s). However, it is important to note that while the study provides reliable results for Ecuadorian data, the limitations due to data scarcity and inconsistency led to the use of more consistent Chilean data for validation. This highlights the necessity of further testing and refinement of these methods in diverse global datasets. Nevertheless, these findings are a valuable resource for evidence-based decision making, particularly in the realm of public health and COVID-19 management and control, offering practical implications for resource allocation, vaccination campaigns, and social distancing measures.
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Figure 1. Unifilar diagram of COVID-19 Model. 
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Figure 2. COVID-19 growth curve of cases. (a) COVID-19 growth curve of cases in Chile from 22 February to 23 December 2020, (b) COVID-19 growth curve of cases in Ecuador from 29 February 2020 to 2 May 2021. 
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Figure 3. Disease growth forecast of 3 groups Q1, Q2, and Q3 quartiles. 
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Table 1. Test of Multiple Ranks.






Table 1. Test of Multiple Ranks.





	Test
	Cases
	Mean
	Homogenous Groups





	Chile 25% (Q1)-3
	306
	170,128
	A



	Chile 25% (Q1)-2
	306
	171,818
	A



	Chile 25%(Q1)-1
	306
	175,680
	A



	Chile 50% (Q2)-2
	306
	279,780
	B



	Chile 50%(Q2)-3
	306
	281,193
	B



	Chile 50%(Q2)-1
	306
	281,381
	B



	Chile 75%(Q3)-2
	306
	290,504
	B



	Chile 75%(Q3)-3
	306
	290,632
	B



	Chile 75% (Q3)-1
	306
	290,687
	B



	Chile Real Data
	306
	298,163
	B










 





Table 2. Chile’s Mean Absolute Error Analysis.
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	Forecast
	Q1

1
	Q1

2
	Q1

3
	Q2

1
	Q2

2
	Q2

3
	Q3

1
	Q3

2
	Q3

3





	Mean Absolute Error (%)
	47.47
	48.38
	48.85
	8.47
	8.62
	8.41
	6.33
	6.39
	6.34



	Mean Forecast Error (population × 1000)
	163.61
	168.77
	171.03
	33.25
	36.50
	33.64
	32.02
	32.76
	32.24










 





Table 3. Possible projected scenarios related to biosecurity measures of the infected, recovered, and deceased population of COVID-19 in Ecuador.
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Biosecurity Measures *

[%]

	
Exposed

Population

	
Ro

	
Confirmed Cases

[Million]

	
Deaths

	
Infected

Population

[%]






	
Wash hands

	
90

	
25%

	
3.4227

	
4.04

	
54,312

	
23.21




	
Antiseptic gel

	
90




	
Social distance (2 m)

	
51




	
Face mask

	
80




	
Globes

	
10

	
50%

	
3.6173

	
8.04

	
101,131

	
46.25




	
Face shield

	
10

	
75%

	
3.2204

	
12.05

	
142,285

	
69.28








* These percentage