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Abstract:

The text analyzes the spatio-temporal pattern of spread of COVID-19 in the municipalities of Baja California from epidemiological week 10 to 31 based on System Dynamics (SD) and Geographic Information Systems (GIS) methodologies. The epidemic SIR model is used to model the critical factors of pandemic congestion ─infection rate and infection recovery rate─ with data from the General Directorate of Epidemiology of the Ministry of Health available on June 6, 2020. The epidemiological pattern tends to be spatially concentrated in Mexicali, Tijuana and Tecate, which are home to cross-border workers between Baja California and California. In addition, it presents a changing temporal dynamic towards the municipalities of Ensenada and Playas de Rosarito, which are the most demanded destinations by Californian tourist.
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Resumen:

El texto analiza del patrón espacio-temporal de propagación del COVID-19 en los municipios de Baja California desde la semana epidemiológica 10 hasta la 31 con base en las metodologías de Dinámica de Sistemas (DS) y Sistemas de Información Geográfica (SIG). Se usa el modelo susceptibles, infectados y recuperados (SIR) epidémico a fin de modelar los factores críticos de contagio de la pandemia ─tasa de infección y tasa de recuperación de la infección─ con datos de la Dirección General de Epidemiología de la Secretaría de Salud disponibles el día 6 de junio de 2020. El patrón epidemiológico tiende a concentrase espacialmente en Mexicali, Tijuana y Tecate, ciudades que albergan a los trabajadores transfronterizos entre las Californias. Además, presenta una dinámica temporal cambiante hacia los municipios de Ensenada y Playas de Rosarito que son el destino de mayor demanda de los turistas californianos.
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Introduction


			
As SARS-CoV-2 (COVID-19) spreads in Mexico, more characteristics of its transmission trends in individual states are becoming known. Determining the pattern of infections in space and time makes it possible to understand how the spread occurs and how it is transmitted amid the control measures established by epidemiological surveillance systems and, consequently, helps redefine intervention strategies to reduce the impact on the health of the population (Bhaskar et al., 2020; Cuartas et al., 2020; Medeiros et al., 2020; Parr, 2020). This work aims to analyze the spatio-temporal pattern of the spread of COVID-19 in the municipalities of the border state of Baja California between epidemiological weeks 10 and 31 through the System Dynamics (SD) and Geographic Information Systems (GIS) methodologies. These tools can simulate the complexity and multiplicity of aspects involved in this type of epidemiological phenomenon (Castro et al., 2005).


			
In order to model the critical factors of COVID-19 propagation, such as the rate of infection and the rate of recovery from infection, this work used the SIR epidemic model (Kermack & McKendrick, 1927), which has been widely utilized in Mexico (Miramontes, 2020; Ortigoza et al., 2020; Ruiz, 2020; Vargas Magaña et al., 2020). The information on cumulative confirmed cases per week comes from the General Directorate of Epidemiology of the Ministry of Health (Dirección General de Epidemiología de la Secretaría de Salud, DGE-SS) recorded on June 6, 2020.


			
On June 6, 2020, the State of Baja California surpassed the figure of 6 000 accumulated confirmed cases of COVID-19, ranking third in the country (DGE-SS, 2020). The pattern of infections by municipality indicates that Mexicali is the main focus, with 3 079 ─half of the patients statewide─, Tijuana registered 2 276, Ensenada 312, Tecate 180, and Playas de Rosarito 64 (DGE-SS, 2020). Tijuana leads the cumulative number of deaths from the disease with 643 deaths, followed by Mexicali with 495, Ensenada with 51, Tecate with 50, and Playas de Rosarito with 9. Additionally, it is important to highlight that this federal entity, when compared with national figures, has a state mortality rate of 2.36 per 100 000 inhabitants, well above the national average of 0.076 per 100 000 inhabitants, and a case fatality rate of 8.7%, which is also higher than the national average of 4.39% (DGE-SS, 2020).


			
The results demonstrate that the epidemiological pattern tends to be spatially concentrated in Mexicali, Tijuana, and Tecate, cities that host cross-border workers between Baja California and California in the United States. In addition, the pattern reveals changing temporal trends in the municipalities of Ensenada and Playas de Rosarito, which are the most popular destinations with tourists visiting Baja California.


			
This work comprises seven sections. The first section presents a review of the literature on the spread of COVID-19 in Mexico. The second section presents the SIR model, which is called epidemic since the duration of the disease is short compared to the life expectancy of the host (Pérez, 2012). The third section presents the SD methodology, useful for analyzing the structural causes that lead to the dynamic behavior of the SIR model, and the Stella software program, which is a tool that makes it possible to run numerical simulations of the SIR model on a computer. The fourth section presents the SIG methodology, useful for geographically representing the evolution of COVID-19 in the state. The fifth section presents the database. The sixth section discusses the results of the geographic-temporal evolution of COVID-19 transmission in the five municipalities of the border state of Baja California. Finally, the seventh section offers the conclusion.


		

			
Spread of COVID-19 in Mexico


			
In Mexico, the first confirmed case of COVID-19 was reported on February 27, 2020, of a person who traveled to Italy, and the first non-imported death from the virus occurred on March 19. By the first date, the country was in Phase 1, where confirmed cases of the virus in Mexico were associated with infected travelers from countries where the disease was present. In Mexico, between March 17 and 23, with the goal of reducing the number of contacts, the number and intensity of non-drug mitigation measures were increased. Among these measures were the cancellation of school activities, social distancing, hand washing, no kissing or hugging, and banning gatherings of more than 50 people. Two days later ─on March 25─ the declaration of Phase 2 was considered due to community infections in people with no history of travel abroad. A little less than a month later ─on April 21─ Mexico declared Phase 3, extending the Social Distancing Period and the suspension of activities until May 30 (Palacios, 2020).


			
The SIR epidemic model, originally developed by Kermack and McKendrick (1927), has been applied in the country to determine when the outbreak of COVID-19 infection emerges, how it grows, and at what point it peaks and then declines (Miramontes, 2020; Ortigoza et al., 2020; Ruiz, 2020; Vargas Magaña et al., 2020).


			
Thus, Ruiz (2020) simulated the infection based on the SIR epidemic model under certain assumptions: 1) The total number of people in the country is constant at 120 million, ignoring vital dynamics. 2) Any Mexican is susceptible to contracting the virus, except those who have recovered from the disease. 3) The spread of the virus in the country originated from a single person. 4) The virus has an infectious period of 14 days, corresponding to a daily recovery rate of infection γ= 14-1 = 0.072 days-1 and a daily infection rate of β =0.145. 5) The initial conditions are: S0 = 0.99, I0= 0.01. These data imply a reproduction rate of infection R0= 2.2.

			
From the simulation of the spread of COVID-19, the author concludes that, on average, each infected person was capable of infecting 2.2 people, that the maximum infected population would be 12%, and that after 365 days, the COVID-19 epidemic would end, counting from the first case on February 27, 2020.


			
Vargas Magaña and collaborators consider that, although the SIR model assumes the fixed  β parameter during the evolution of the pandemic due to the application of anti-epidemic health policies in the country, it is possible to deduce that it tends to reduce its value temporarily. Consequently, it can also affect the basic reproduction rate of the infection over time. In this way, they analyze how epidemic mitigation measures affect the evolution of the average daily number of infected people  β(t) over time, or alternatively, how the speed of infectious disease transmission was affected  R(t) over time.


			
The authors point out that the Mexican health authorities implemented three sanitary phases, each one according to the degree of transmission of the disease. Each of these phases contributed to reducing the value of β and consequently to the decrease in the value of R0 from 2.409 to 1.391. Table 1 displays the mitigation or “flattening” effect of the initial outbreak of COVID-19 according to the following parameters  β, γ, and R0.
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From the epidemic simulations, they infer that the decreasing growth of value 
					
						R(t)
					
  is a sign of a successful flattening of the contagion curve, which in turn is the result of low mobility, isolation, suspension of certain economic activities, restriction of mass gatherings, and social distancing, among others. In the absence of a vaccine, the above measures were a solution to flatten the infection curve.

			

				Miramontes (2020) also analyzes the evolution of the number of infected people in different scenarios, where the difference is exclusively in the variation of the average daily infection transmission rate β(t) and, therefore, in the uncertainty in the determination of the basic reproductive rate (R0). Miramontes establishes that several international studies indicate an average value of R0 = 3.28, but the uncertainty was high because the value of the coefficient ranged between 1.50 and 6.68 (Viceconte & Petrosillo, 2020 cited in Miramontes, 2020).


			
Finally, Ortigoza et al. numerically simulate an SIR epidemic model applied to COVID-19 for the state of Veracruz using weekly data. This simulation required fitting the SIR model to the official data utilizing parameter estimates γ and β with the use of a regression estimate between the officially infected subpopulation and the adjusted infected number from an initial SIR model. For the numerical simulation of the model, they used the Matlab 2017a package. A total population of 8 112 505 individuals was assumed with state-specific initial conditions of COVID-19 infection: S0 = 8 112 504, I(0) = 7   and  R0 = 0.

			
The results obtained for the parameters are
					
			  γ = 0.69 and β = 1.33. These parameters involve a ratio of R0 = 1.93; that is, each infected person could infect 1.93 people.


			

				Figure 1 replicates the variation of the healthy, infected, and recovered populations involved in Veracruz when using the SIR epidemic model concerning time due to the systemic dynamics of the interactions between the populations.
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The numerical simulation identifies that the maximum peak of infected people in Veracruz is reached in week 33.


			
In summary, the SIR epidemiological model has been applied in the country and states to understand the evolution and effect of COVID-19 containment measures.


		

			
Susceptible, infected, and recovered model (SIR)


			
The SIR epidemic model uses systems of differential equations coupled with certain elements of abstraction to describe, explain, and simulate the behavior of a disease that spreads by contagion in a population that remains constant. The model is also used as a decision-making tool to evaluate and define the best mitigation, prevention, or control strategy to limit a disease’s economic or health impact. Moreover, it serves as an analytical tool to improve the perception of the dynamics of contagious diseases, and thus validate the relationship of the predictor systems with the occurrence of the disease, mainly concerning the management of the basic reproduction ratio of the infection (R0)
					
			  that must be considered to control and eradicate the disease (García Piñera, 2014).


			

				Kermack and McKendrick (1927) originally formulated the model based on the following postulates: 1) the disease can be viral or bacterial and is transmitted by direct person-to-person contact; 2) at the start of the epidemic, only a fraction of the population was infected; 3) the population is closed, and except for the few initially infected individuals, all others are susceptible to becoming ill; 4) the disease has a three-stage cycle: susceptible (S), infected (I) and recovered (R); 5) the patient undergoes the complete cycle of the disease and then recovers and acquires immunity; and, 6) the population is constant or without vital dynamics.


			
The following SIR epidemic model is considered epidemic because the duration of the disease is short compared to the life expectancy of the host (Pérez, 2012). For this reason, births and deaths are not considered. The above means that the population is considered to be constant.



            	dS
            	=
            	βSI
            	 
            	[1]
            

            	dt

           	

            	dI
            	=
            	βSI - γI
            	 
            	[2]
            

            	dt

            	

            	dR
            	=
            	γI
            	 
            	[3]
            

            	dt



			
			
  Where the variations of the subgroups of the populations considered are described by the system of equations [1] to [3] and parameters β and γ denote the rates of infection and recovery, respectively.


			
Starting from the initial number of infected 
 I(0) the initial population conditions required in the model are as follows,


N= S(0)- I(0), I(0) = I0, y R(0) = 0


			
In the epidemic model, the basic reproduction number is defined as (R0):


		 	R0
            	=	β
            
            	 
            	[4]
  

            	γ



			
			
Thus the value of R0 will depend on the epidemiological characteristics of the disease as reflected by the parameters β, γ,
 and by the total population N. Therefore, R0 will take a constant value (García Piñera, 2014).


			
The importance of parameter R0 lies in the fact that it can be used to determine whether there is an epidemic outbreak when a qualitative analysis of the previous models is carried out, noting that if



		 
		   	R0	> 1
           
            	[5]
          


			
there will be an epidemic outbreak, and if



		 
		   	R0	< 1
          
           	[6]
          


			
there will not be an epidemic outbreak


			
In practice, one way to obtain information about β,	γ, and R0 is to numerically simulate it over time through SD.


		

			
System Dynamics methodology


			
One of the approaches to obtain critical information from the model above is to simulate it numerically over time using the SD method to understand the structural causes that lead to the behavior of each system. The above involves increasing knowledge about the role of each element of the system and seeing how different procedures, performed on parts of the system, accentuate or attenuate the behavioral tendencies implicit in each one (Delgado, 2017).


			
In order to gain knowledge of the structural causes that lead to the behavior of the systems, the SD methodology was based on the resolution of differential equations. The above was done with a structure based on the breakdown of these equations into types of variables, stock or state, flow or transfer, and auxiliary variables that make it possible to store formulas or parameters, and arcs representing the causal links.


			
Specifically, this work utilized Stella software as a visual modeling tool to conceptualize, document, simulate, analyze, and optimize system dynamics models. The Stella software program provides a simple and flexible way to build simulation models based on Forrester diagrams or stock and flow diagrams. The diagram elements are presented in Figure 2.
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Thus, the set of variables of the models seen is transformed into the following:


			
Susceptible (status variable) representing the total population that does not have biological defenses to ward off disease contagion.


			
Infected (status variable) includes contagious patients not controlled by health services.


			
Recovered or deceased (status variable), which are patients who have been cured, become immunized, or died.


			
New infections (flow variable) denoting infection rate.


			
New cures (flow variable) indicating recovery rate.


			

				Figure 3 depicts the SIR epidemic model in the Forrester flowchart.
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The Forrester diagram reveals that the variable of new infections is an accumulator. For each new interaction, the healthy individuals that became infected plus the infected from the previous interaction are added. The new cures variable is an accumulator of the infected that recovered. Stock data are stored in the variables susceptible or healthy stock (S), infected (I), and recovered (R). Thus, a cumulative number of infected can result from either a healthy or an infected stock in the previous interaction.


			
As a result of the simulation, the variation of the healthy, infected, and recovered populations involved in the model over time will be obtained due to the SD of the interactions between the variables of each model.


		

			
Geographic Information Systems (SIG) methodology


			
The model mentioned above and the distribution of several spatially distributed populations can be used to implement and run the GIS tool to visualize and interpret the fluctuations of healthy, infected, and recovered populations per polygon in an area of influence (Castro et al., 2005).


			
The adjustment of the epidemic model in the GIS allows quantitative analysis of the spatial distribution by polygons, spatial correlation analysis of data, and studies of epidemic spread by geographical methods.


			
The specific methodology requires maps of the polygons of the region containing the tabular and spatial information of the healthy, infected, and recovered populations per polygon at an initial time. Then the initial maps are reclassified, which implies a) implementing the SIR model in the spatial data table; b) adjusting the range of variation of the previous populations of each polygon; and c) using the spatial analysis module of the GIS, classifying the data in intervals of equal magnitude in such a way that they can be visualized in a standardized way and making comparative analyses of the maps obtained. Furthermore, after the reclassification, the model can be run using the GIS platform for 20 interactions.


			
As a result, it is possible to present the initial distribution and the variation of infected persons by polygon in the area of influence of the COVID-19 pandemic in the municipalities of Baja California.


		

			
Database


			
The analysis of the evolution of COVID-19 was performed by Baja California municipality and for the California border counties during epidemiological weeks 10 to 31 of 2020. Daily data were obtained from the General Directorate of Epidemiology of the Ministry of Health (DGE-SS) for municipalities in Mexico and from USAFacts.org for counties in California. Once the daily information base was obtained, the weekly number of infected persons was created, as shown in Table 2 below.
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Information is added for the counties of San Diego and the Imperial Valley in California, United States, due to their proximity and high levels of interaction in labor and economic terms with the municipalities of Baja California.


		

			
Temporal and spatial distribution of COVID-19 in Baja California municipalities


			
In order to illustrate the temporal fit of the SIR epidemic model applied to COVID-19 for Mexicali, Tijuana, Tecate, Ensenada, and Playas de Rosarito, this work used weekly data available on the number of COVID-19 infections from epidemiological week 11 to 31. The process of obtaining the parameter values β and γ required fitting an initial SIR model with the assumption of a contagion rate of 1.33 and a recovery rate of 0.39 (Ortigoza et al., 2020). Subsequently, the residual sum of squares between the official number of confirmed infected persons and the number of infected persons was minimized from the adjusted SIR model (Ortigoza et al., 2020).


			

				Table 3 presents the results obtained for the values of β, γ and R0 for each of the municipalities in Baja California.
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				Table 3 presents the critical factors of the initial spread of municipal COVID-19 according to the model during epidemiological weeks 10 to 31, 2020. From the results, it can be seen that Mexicali shows the highest rate of contagion β = 1.60, while Tijuana presents the lowest recovery rate γ = 0.59. In addition, Mexicali displays an infection reproduction ratio of R0 = 2.46, which is higher than the national rate, which varies between R0 = 1.3 and R0 = 2.4.


			

				Figure 4 presents the simulations of the number of COVID-19 susceptible (1.S), infected (2.I), and recovered (3.R) individuals for Mexicali, which is the municipality with the greatest contact (for reasons of space, the others are not presented).
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				Figure 4 displays typical infection curves in which the peak of infection occurs around week 31 for Mexicali.


			
On the other hand, the analysis of infections from a spatial perspective makes it possible to know the location and incorporate the relationships between infections in one location relative to infections in other locations. This section provides a rationale to explain the behavior of the pandemic based on the interaction of residents of Baja California municipalities with San Diego and Imperial Valley counties in California, United States.


			
The following series of maps reveals the beginning of the pandemic and how its spatial distribution with the highest number of confirmed cases per week was in San Diego County. This county exhibited an initial growth during the first five weeks, then a 10-week period of stable behavior, and toward the end, after an accelerated growth for five weeks, a slight decrease in the final two weeks. Concerning the above, Tijuana, Tecate, and Playas de Rosarito ─geographically the closest to San Diego─ also display growth in the first weeks. However, this growth is observed until week 17, followed by five weeks, where it decreases and ends with sustained growth. In Ensenada, with significant tourist interaction with San Diego and the rest of the coastal corridor that includes Tijuana and Rosarito, there is sustained growth during the first 15 weeks and then a stable trend.
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				Figure 5 demonstrates that, to the west of the study region, where the municipality of Mexicali and the county of Imperial are located, confirmed cases during the first ten weeks are more notable in the Baja California municipality. However, the Californian county has a very accelerated growth that reaches the same magnitude three weeks later and the following week surpasses Mexicali in the number of cases. In the final seven weeks, there has been a decrease in cases in both cities.


			
The temporal trends can be better appreciated in Figure 6 and Figure 7 for the San Diego-Ensenada and San Diego-Mexicali corridor, where the infection rates per 100 000 inhabitants are displayed, which, being related to the population, allow for comparability.
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The above interrelationships are supported by the correlation coefficient of the observed values. Figure 8 presents a block of significant correlations in which the first line is also included. This block is made up of Tijuana, San Diego, Ensenada, Playas de Rosarito and Tecate, where the strongest relationships are San Diego-Ensenada, San Diego-Playas de Rosarito and Tijuana-Tecate. However, spatial relations imply that access from San Diego to the tourist corridor is through Tijuana.


			
In addition, there is also another block on the left of the figure formed by Mexicali, Imperial, San Diego, Ensenada, and Playas de Rosarito, since the road infrastructure between Mexicali and Ensenada or Playas de Rosarito may represent an important barrier in the conception of the spatial relationship between them. Considering the above, the interrelationship may be limited to the local Mexicali-Imperial area, which may even include San Diego due to the size and diversity of its economy.
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The arguments put forward are based on the well-known first law of geography, which states that everything is related to everything else, but near things are more related than distant things. Considering this, the spatio-temporal relationship of COVID propagation in the study area can be visualized by using an interpolation by the inverse distance weighting method (IDW), which assumes that the similarities between the values of the points on a surface and the correlation rate between them are inversely proportional to the distance. The results for the number of confirmed cases in weeks 20, 25, and 31, displayed in Figure 9, indicate that San Diego has the highest number of cases at all times and that, in addition, it has an upward trend, which, due to its magnitude, is relatively independent. In week 20, Mexicali and Imperial present an associated trend that becomes dominated by the increase in Imperial and is less visible toward the end of the period analyzed. In the cases of Tijuana, Tecate, Playas de Rosarito, and Ensenada, week 20 presents differentiated trends with higher values in Tijuana that by week 25 have an appearance of associated trends and are different from the rest; toward the end of the period, what stands out the most are the differences in the trends of the Baja California municipalities compared with the California counties.
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When considering a similar analysis for the infection rate per 100 000 inhabitants, the similarity of the values for Tijuana, San Diego, Tecate, Playas de Rosarito, Ensenada, Mexicali, and the Imperial Valley is notable. However, the latter are impacted differently given the accelerated growth of the rate in the Imperial Valley compared to the variation in Mexicali. Although this growth decreases significantly at the end of the weeks studied, the above cases still maintain a relative difference (Figure 10).
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In summary, a spatial pattern is confirmed that tends to be centralized in Mexicali and Tijuana. Cross-border workers who daily cross the international line to work in one of the California counties reside in these municipalities. There is a changing seasonal trend for Ensenada and Playas de Rosarito, the destinations of most Californian tourists who travel the tourist route of the coastal corridor that goes from Ensenada to Tecate and crosses the wine valleys in search of the beaches of Playas de Rosarito.


		

			
Conclusions


			
Regarding the temporal epidemiological pattern of Baja California, the municipalities of Mexicali and Tijuana stand out as the main centers of contagion, with displacement to Ensenada, Playas de Rosarito, and Tecate. This pattern of infection initially demonstrates that imported cases occur in Baja California municipalities that are home to cross-border workers who cross the border to work in San Diego and Imperial Valley counties in California daily. Subsequently, the contagions move to Ensenada, Playas de Rosarito, and Tecate, which are the destinations of most Californian tourists who travel along the tourist route of the coastal corridor. The above has implications for how the epidemic has been managed and differentiated costs for the inhabitants of Baja California.


			
The epidemiological pattern is influenced by the border transit of cross-border workers with dual nationality that is guaranteed by the uncontrolled crossing between countries, even when they may be infected. Moreover, U.S. tourists throughout this period were welcome to visit the tourist attractions of the Baja California coastal corridor, even when the number of infections was almost eight times higher than that of the municipalities on the Mexican side. Meanwhile, Baja California residents were limited to transit to California only for essential activities, as if the pandemic were occurring only on the Baja California side of the border.


			
Therefore, there is a need for health authorities to intervene to control the epidemic, not only by focusing on the immediate detection of autochthonous cases but also by improving the identification of imported cases in order to mitigate the spread of the virus in the state, as well as international agreements on sanitary controls so that there is no unequal treatment between citizens of one country and another.
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Figure 7. Temporal trends of the infection rate in the San Diego-Mexicali corridor
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Figure 6. Temporal trends of the infection rate in the San Diego-Ensenada corridor
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Figure 9. iDw interpolation of confirmed cases in the study area
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Figure 8. Correlation coefficients of positive cases per week
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Source: created by the author based on statistics from the pce-ss (2020) and from USAFacts.org (2020)
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Figure 10. ipw interpolation of the infection rate in the study area
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Table 1. Evolution of COVID-19 with sir model for diferent 3

Estimations B y R,
Phase 1, week 2 0.241 0.100 2.40
Phase 2, week 3 0.210 0.099 2.10
Phase 2, week 5 0.170 0.100 1.79
Phase 3, week 6 0.169 0.099 1.69
Phase 3, week 8 0.129 0.100 1.29
Phase 3, week 10 0.139 0.099 1.39

Source: Vargas Magana et al., 2020
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a8-t3.jpg
Tabla 3. Evolution of COVID-19 with the siR model by municipalities and fixed

Estimations B y R,

Tijuana 1.49 0.59 2.38
Mexicali 1.60 0.65 2.46
Ensenada 0.27 0.69 0.39
Tecate 0.26 0.67 0.39
Playas de Rosarito 0.28 0.70 0.40

Source: created by the author
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Table 2. Positive case report data

Weeks Tijuana | Mexicali Ensenada Tecate l;{lzg:i: San Diego | Imperial
10 0 il 0 0 0 7 0
11 4 4 0 0 0 {72 2
12 19 19 1 1 1 222 7
13 123 63 4 2 2 552 34
14 175 90 3 11 2 681 32
15 242 193 12 14 8 961 42
16 320 214 20 25 2 972 94
17 310 235 43 28 11 941 101
18 327 329 43 38 15 384 184
19 260 454 42 26 8 956 268
20 253 612 57 12 6 865 336
21 201 691 67 13 6 843 464
99 145 601 106 12 4 815 581
23 133 690 112 19 2 1 054 1 358
24 173 604 157 11 6 980 1092
2b 203 581 225 14 20 1774 1 067
26 230 601 205 28 23 3 082 912
27 341 542 215 12 26 3314 917
28 204 413 204 22 14 3 504 701
29 259 332 220 24 10 3 692 629
30 243 246 209 21 13 3145 447
<l 242 244 162 52 21 257 385

Population 1789531 @ 1087478 536 143 | 113 857 107859 | 3095318 174528
Source: created by the author based on statistics from pce-ss (2020) and USAFacts.org (2020)
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Figure 2. Elements of the Forrester diagram
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Figure 1. Progress of individuals that are healthy, infected, and recovered
from COVID-19 in Veracruz
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Source: Estimate by the author based on the parameters of Ortigoza et al., 2020
Note: 1.s, healthy, 2.1, infected; and, 3.R, recovered
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Figure 4. Progress of individuals that are healthy, infected, and
recovered from COVID-19 in Mexicali
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Note: 1.s, healthy, 2.1, infected, and 3.R, recovered





a8-f3.jpg
Figure 3. Forrester flowchart for sir epidemic model

Source: created by the author
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Figure 5. Spatio-temporal trends of COVID-19 in the border region of Baja California, Mexico, and
California, United States
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Source: created by the author based on statistics from the pce-ss (2020) and from USAFacts.org (2020)





