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Abstract

:

This research examines the persistence of a pandemic in urban environments subjected to intensive densification processes, applying chaotic analysis tools to hourly time series constructed by relating accumulated patients with meteorological and pollutant variables (measured at ground level). To investigate this objective, seven communes of the metropolitan region of Santiago de Chile that present intensive urbanization processes that affect urban micrometeorology, favoring the concentration of pollutants, were considered. Quotients were constructed between the number of hourly patients with SARS-CoV-2 that accumulated in each commune over a period of two years and the hourly variables of urban micrometeorology (temperature, magnitude of wind speed, relative humidity) and pollutant concentration (tropospheric ozone, particulate material of 2.5 and 10 μm) constituting a new family of time series. Chaos theory was applied to these new time series, obtaining the chaotic parameters Lyapunov coefficient, correlation entropy, Lempel–Ziv complexity, Hurst coefficient and the fractal dimension in each measurement commune. The results showed that the accumulated patients (2020–2022), of the order of 400,000, belonged to the five communes (with a built area of approximately 300,000 m2 in recent years) that had the highest urban densification, which affected urban meteorology, favored the concentration of pollutants and made the SARS-CoV-2 pandemic more persistent. The “ideal” density of built housing should balance a pandemic and nullify its expansion.
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1. Introduction


This research addresses the problem of the spread of a pandemic from the perspective of chaos theory [1,2,3] applied to hourly time series of meteorological and pollutant variables. From ratios between accumulated hourly patients and hourly measurements of meteorological variables and pollutants, new time series were constructed. Following studies that have applied this procedure [4], it follows that the first condition that the time series of meteorological variables and pollutants must satisfy is that they be nonlinear. These series were obtained from the SINCA—Air Quality National Information System—[5] dependent on the Chilean Ministry of the Environment (for Abbreviations). On each of these series, we calculated the chaotic parameters Lyapunov coefficients (λ), the correlation dimension (DC), the Kolmogorov entropy (SK), the Hurst coefficient (H) and the Lempel–Ziv complexity (LZ) [2], proving that all the time series were chaotic. The second condition arises from analyzing the relationship of each of the time series with the accumulated patients according to the communes under study [6]. Each of these new hourly series also has a set of chaotic parameters such as those indicated. Based on this information, the accumulated patients, the entropies, the Lempel–Ziv complexity, the loss of information, the fractal dimension were studied comparatively among the communes considered. The analysis explains the dispersion and sustainability of the pandemic by weighing the increase in high-rise buildings and urban densification with urban meteorology and the concentration of atmospheric pollutants. These results can be used to characterize the tropospheric environment of the commune with the spread of the pandemic and compare with official indicators of communes with more infections [6].



1.1. Pandemics Antecedents


Epidemic patterns have shown notable changes throughout this century. In childhood infectious diseases, such as measles, the main transitions are between regular and irregular cycles, possibly chaotic, and regionally synchronized with a geographical distribution without a defined pattern [1]. A recent study [7] analyzed the virus in aerosols, concluding that aerosols (less than 5 μm) containing SARS-CoV-2 (105.25 50% tissue culture infectious dose (TCID50 per mL)) or SARS-CoV-1 (106.75 7.00 TCID50 per mL), recorded threshold values similar to those observed in samples obtained from the upper and lower respiratory tract in humans. According to the article, SARS-CoV-2 remained viable in aerosols in the order of 3 h during the experiment, with a reduction in the infectious titer from 103.5 to 102.7 TCID50 per mL. This reduction was similar to that observed with SARS-CoV-1, from 104.3 to 103.5 TCID50 per mL. The percentage of tissue culture infectious dose assay is a traditional method used by virologists to determine viral titers in both stocks and samples.



According to experts from the group that promotes the theory of the transmission of the pandemic by air, a possible proof would be provided by what happened in a choir in the United States. One person infected 53 others, after a trial of two-and-a-half hours. There was no contact and social distance was respected. The only explanation would be that the virus spread through the air [8,9,10,11]. Other studies [12] have been carried out regarding the effect of meteorology on the spread of the pandemic and from an urban point of view [13] in other epidemics. The problem of the coronavirus in urban centers has been treated by various authors. In [14,15], several areas of action are characterized: transformations in the configuration of public spaces, transportation, urban connectivity and urban economies. The pandemic has also been studied according to a systemic approach [16,17,18,19], as a set of interrelated elements with a common goal. Shannon’s entropy formalism [20] can be projected to real data (number of confirmed cases versus time (days, weeks)). The purpose is to examine the characteristics of the pandemic under the assumption that human activity, even in pandemic times, can trigger subsequent waves. In [4], the chaotic study was applied to hourly time series, over a period of three months, showing that the meteorology and pollutants can favor the increase in accumulated patients from a coronavirus-type pandemic.



A total of seven communes of Santiago de Chile participated in this investigation with measurements from 03/30/20 to 04/18/22. For each commune, the following was studied: 1. hourly meteorology time series (temperature (T), relative humidity (HR), magnitude of the wind speed (WS)), 2. hourly pollutant time series (tropospheric ozone (O3), PM2.5 particulate matter, PM10 particulate matter), 3. the relationship between intensive urbanization with the change in surface roughness and, 4. how this set of variables can influence the number of accumulated patients. This allowed us to check if there was a relationship between urban meteorology, thermal islands, urban canyons, overcrowding and roughness, which limited heat dissipation and ventilation, favoring the spread of the virus. Specifically, if a virus enters the human body through the respiratory tract, then urban micrometeorology is closely connected to the change in surface roughness, favoring the sustainability and spread of contaminants, making the infection, cultivation and spread of the virus more effective.




1.2. Micrometeorology


This is the area of meteorology that deals with observations and processes on smaller scales of space and time [21], in the order of 1 km and measurement periods of one hour or less. These processes are limited to the lower part of the planetary boundary layer, known as the atmospheric boundary layer (ABL) [22]. Its foundations are determined by the exchange of energy, mass and gasses between the atmosphere and the base surface (water, soil, plants). The study of temperature and wind (turbulence) being affected by external factors, such as buildings [23], flora, population and relief, is of paramount relevance. International networks of flow control sites use micrometeorological techniques to understand the exchange of energy and mass between the biosphere and the atmosphere [22]. On the one hand, heat transfer through the boundary layer firstly occurs by molecular diffusion and then by turbulent diffusion [23]. In such environments, the flow structure in the roughness sublayer dictates the air flow and pollutant dispersion within and above urban canopies [20,24]. This sublayer consists of the lowest part of the atmospheric surface layer, from the ground to 2–5 times the average height of the canopy elements. Moreover, the roughness sublayer is where the turbulent exchange of momentum, heat and mass occurs [25,26]. On the other hand, turbulence enables the exchange of CO2 between plants and the atmosphere, whilst also aiding the distribution of pollen. Finally, buildings play a crucial role within micrometeorology, as they increase turbulence and thermal sensation in cities [21,23].




1.3. Urban Densification


Many cities in Chile have urban growth that is becoming unsustainable, especially in densely populated metropolitan areas. This study used public data [27,28] to analyze the urban density and the change in roughness of the selected places. From a housing approach, the comparative study is important. According to official data [27,28], the number of residential properties (N°) between the years (t) 2009–2020 grew exponentially:


  N ° = 3.32 ∗   10   − 14    e  0.0226    1  Years     t      



(1)







By 2015, many of the buildings were 15 floors. In 2020, the majority were 30 floors. The supply of apartments (2020) increased by 77.3%. In the Metropolitan Region there were 50 homes per hectare in 1990; in 2020, there were around 5000 homes per hectare [27,28]. According to census data from 1970, the proportion of apartments in Chile was only 7% (116,748). Since then, that alternative has been widely more accepted by the Chilean people, so that in 2002, that percentage reached 12.6% (474,199, according to the 2002 census). In 2018, they represented 17.5% of a total of 1,138,062 homes (552,678 more than in 2002) [27]. In the following years, this verticalization process continued intensively through buildings made of concrete. The monitoring stations used in this study are located in areas that have gone through an intense process of high-rise building, that affect urban micrometeorology, making it more turbulent. For the crop canopy, the average in the metropolitan region in 2017 was 6.4 m2/inhabitant, while in 2021, it was 6.2 m2/inhabitant. The minimum value recommended by [29] is 9 to 11 m2/inhabitant.





2. Nonlinear Processes


Based on what was stated in the previous sections, it is “natural” to use a nonlinear framework to search for relationships between an unpredictable pandemic process, a turbulent micrometeorology and growing urbanization processes (with a chaotic change in surface roughness) which affect urban micrometeorology.



2.1. Irreversible Processes


Prigogine observed that, far from the equilibrium situation, new ordered structures spontaneously arise [30] that require an input of energy to be preserved. However, they do not maintain linear relationships and are not possible to predict with current tools, precisely because of their nonlinear nature, as it occurs with the atmospheric interaction at ground level [31]. Close to the point where dissipative structures are organized, large fluctuations are observed that, instead of being dampened, can expand throughout the system, leading to new situations that are qualitatively very different from those that are close to equilibrium. It is necessary to distinguish equilibrium conditions (E), nonequilibrium conditions (NE), the process that leads from one to the other and the threshold (U) that separates both, as described qualitatively in Figure 1: initially, there are E (whatever these are) in which fluctuations occur with respect to said conditions that are dampened over time. If energy is supplied to the system, the fluctuations become large, but the system still manages to dampen them, until a point is reached where a certain threshold is exceeded, U. The fluctuation is no longer damped but stabilizes in a state far from the original equilibrium but equally stable as long as the energy supply continues, that is, a dissipative structure [4,32]. The dissipative structure, at the level of the earth’s surface, may have as one of its origins the Kolmogorov cascade [33]. The cascade supplies energy that favors the formation of unstable and turbulent structures near the surface.




2.2. Tools for Analysis in Nonlinear Time Series


The Lyapunov exponent (λ) is defined as [2]:


   λ    =  1 N  ln    d N     d 0     



(2)




where N is the number of iterations. That is, if two points of an orbit are initially very close to each other, this exponent is calculated for a large N. If after N iterations the points separate, this will be an indication of possible chaos in such a system. A positive value of the maximum Lyapunov exponent indicates chaos [2]. For a given time series, the sum of all the positive Lyapunov exponents defines its entropy SK and its reciprocal, the average predictability time, TP = 1/SK [34,35,36,37]. In practice, the Lyapunov exponent is obtained from this equation at the limit of a large N, for which saturation is evident. For stability of the calculation of the Lyapunov exponents, it is necessary to have over 5000 data points [38]. On the other hand, the correlation entropy [2,4] is defined as:


   K 2   =       lim    m → ∞     lim   τ → 0     lim   N → ∞   log    C ( m , r )     C ( m + 1 , r )       ~ S   K   = Kolmogorov   Entropy   



(3)




where C (m, r) is the correlation integral of the reconstructed path of a time series, m is the embedding or embedding dimension and r is the radius of the circle whose center is on an object that is composed of discrete points (in dimensions greater than two, the circles transform into (hyper) spheres). K2 is zero, positive or infinity for regular, chaotic or random data, respectively. A method to estimate K2 for experimental data is based on Grassberger and Procaccia [39]. These relationships were part of the numerical calculation procedure applied to each time series (for both pollutants and meteorological variables).



It is also possible to analyze the time series from another point of view, using the Hurst exponent, H. Through the fractal dimension, the roughness of the time series is analyzed, allowing to describe objects that present a high degree of complexity, comparing them according to the study periods. There are two attributes of great relevance in the study of fractal geometry, such as the Hurst exponent and the fractal or Mandelbrot dimension. These attributes are related to the degree of roughness that the time series can present. The fractal or Mandelbrot dimension, D = 2 − H, is a statistical quantity that allows one to mathematically describe objects that present a high degree of complexity, self-similarity or chaos. With the estimation of the Hurst exponent and the fractal dimension of the time series, it is possible to analyze whether a time series is fractal and to check if it has memory. If 0.5 < H < 1, these are time series that present persistence or correlated processes (one growth period is followed by a similar one) and have a smooth appearance. A persistent time series is characterized by long-term memory effects. Theoretically, what happens in the present will affect the future forever, and all current changes are correlated with all future changes. Persistent series are the most common in nature (black noise). In the case of the present study, it means that the time series were persistent, since every Hurst exponent was greater than 0.5 and less than 1. This condition implies that they have memory and similar behaviors in the future (greater probability that the increase in values is followed by an increase in short-term values and a decrease in values is more likely to be followed by a decrease in short-term values) and indicates that in the long term they could have the same trend or that they may repeat this behavior in the future. The determination of the Hurst exponent is a statistical method used to deduce the properties of a time series without making assumptions regarding their stationarity. The correlation dimension, DC > 5 essentially implies random data, which did not occur in this study.



The iterated function systems (IFS) fragmentation test also suggests a method of analysis of the data under study. The use of symbolic dynamics [40] allows one to calculate the Lempel–Ziv (LZ) complexity relative to white noise. When the data are chaotic, they are distributed forming, on a surface, localized groups [4]. In this condition, 0 < LZ < 1. Symbolic dynamics allows a simpler description of a complex behavioral dynamics system, which can be modeled directly. Information loss can be calculated according to:


   < Δ  I   >   = <      I    NEW   −  I  OLD   ≥   − λ    i 0   t      log 2        



(4)




where λ is the Lyapunov exponent and <ΔI> in (bits/h) is the loss of information. Two types of <ΔI> were calculated: one for the sum of the contribution of each P (pollutants: PM10, PM2.5 and CO) and another for the sum of the contribution of each MV (meteorological variables: T, WV, RH).





3. Materials and Methods


3.1. Area of Study


This study analyzed hourly time series data (each with 17,976 data points) from seven monitoring stations in the city of Santiago, Chile. The selected pollutants were PM10/PM2.5 and ground-level ozone (O3). The location of these stations is shown in Figure 2. At these stations, meteorological data such as temperature (T), wind speed (WS) and relative humidity (RH) were also measured. The data were obtained from the Air Quality National Information System [5,41] (42 time series, tested as chaotic, with a total of 754,992 data points on pollutants and meteorological variables).



Table 1 contains the main physical, climatic, geographic, pollution and meteorological variables of the study sites shown in Figure 2.




3.2. The Data


To study the effect of urban densification and micrometeorology on the sustainability of a coronavirus-type pandemic, a new set of time series was constructed from the information of patients infected and accumulated with SAR-COV-2 (AS) in the seven communes of the study (for the same period of 25 months: 30 March 2020 to 18 April 2022) [42]. The six new time series, by commune, were made up of the ratio of accumulated patients with meteorological and polluting variables: X = AS/T, Y = AS/WS, Z = AS/RH, U = AS/PM2.5, W = AS/PM10 and V = AS/O3 (with a total of 754,992 new data points for the seven communes).



3.2.1. PM2.5 and PM10 Particulate Matter


Of the vast existing documentation on these pollutants [43,44] of interest, a common aspect is their harmful effects on human health. These range from irritation in the respiratory tract, deposition in the lungs, which causes diseases such as silicosis and asbestosis, as well as worsening asthma and cardiovascular and respiratory diseases. In addition, all types of surfaces (housing, public sculptures, etc.) experience deterioration. Particulate matters also affect vegetation by interfering with photosynthesis. In the environment, they decrease visibility and induce cloud formation [45]. The World Health Organization [29] recommends for coarse particles (PM10) 20 µg m–3 as an annual average and 50 µg m–3 as an average in 24 h; for PM2.5, 10 µg m–3 as an annual average and 25 µg m–3 as an average in 24 h.




3.2.2. Tropospheric Ozone (O3)


This is a powerful oxidant that produces adverse effects on human health. Recent studies [46] have shown that O3 concentrations have adverse effects on respiratory function—especially in the summer—causing lung inflammation, respiratory failure, asthma and other bronchopulmonary diseases. European research [46] has shown that daily mortality increases with increasing exposure to ozone. New evidence links long-term exposure to ozone with greater effects on the deterioration of reproductive health and mortality [46]. Since 2005, several cohort analyses of long-term ozone exposure and respiratory mortality have been published. Evidence has emerged in studies [47] on cohorts and mortality of people with pre-existing diseases (chronic obstructive pulmonary disease (COPD), diabetes, heart failure, heart attack, etc.). In addition to its impacts on human health, vegetation and crops, ozone is currently considered the third most important greenhouse gas (after carbon dioxide and methane). According to the WHO, the eight-hour daily average concentration for tropospheric ozone is 100 µg m–3.



The selection of ozone (O3) was based on the fact that it has an adverse effect on the respiratory system of the inhabitants. In addition, it generates a picture of pre-existing diseases before the advent of COVID-19. On the other hand, in the Metropolitan Region, there is a connected urban meteorology that arises from urban heat islands (Figure 3) and urban canyons, as well as from the basin geography of the area. There are many local climatic zones depending on the size and complexity of the city. Therefore, the sectors can be recognized according to their predominant socioecological characteristics. These sectors make up socially constructed climates based on the socioeconomic levels of their inhabitants. They can be very connected with their interior and/or exterior, favoring the spread of a disease [4,48].




3.2.3. Meteorological Variables


Time series of temperature (T), relative humidity (RH) and magnitude of wind speed (WS) were used in this study, allowing us to describe various atmospheric processes and their thermodynamics [12]. In the case of the Metropolitan Region (RM), there was also an influence from the orography of the area and the localized urban climate [41]. Table 2 presents the measuring instruments and their characteristics:



The conditions for using data provided the main following limitations: 1. have time series with valid data and measured with certified instruments; 2. if series with missing data are used (less than 5% of the total data of the series), the Kriging method [49] of filling in time series was applied to missing data; 3. series with a large number of data must be used to determine the highest Lyapunov exponent, for reasons of stability in the calculation procedure, which requires, ideally, over 5000 samples for each variable.




3.2.4. COVID-19 in Santiago de Chile


Waves


The study period covered 25 months, from 31 March 2020 to 18 April 2022. This time corresponded to a stage of rapid growth of the pandemic (which included three decreasing contagion waves over time until the end of 2021) in the Metropolitan Region [42] (Figure 4).



The Metropolitan Region has a connected urban meteorology due to thermal islands (Figure 3) and urban canyons, apart from the basin geography that the area itself possesses. Many local climatic zones are present depending on the size and complexity of the Metropolitan Region. Thus, sectors can be recognized according to their predominant socioeconomical features (Appendix A, Table A1). These sectors make up socioclimates or socially constructed climates based on the socioeconomic levels of their inhabitants and can be highly connected to their interior, which favors the spread of a disease [48]. These antecedents allowed us to propose the study hypothesis: if a change in roughness is generated by high-rise construction and a high urban densification, then, together with urban micrometeorology and pollutants, a new thermal balance (thermal island) is achieved that makes the pandemic spread more effective.




Cumulative Sick Data


Figure 5 presents the accumulated number of patients by commune of the study in the period from 30 Mach 2020 to 18 April 2022.



In the 2017 census, the Metropolitan Region had 7,037,000 inhabitants and the population of these seven communes represented approximately 30% of the entire population of Chile (for the year 2021, the projection of inhabitants for the Metropolitan Region was 7,987,723 inhabitants). Table 1 shows the population, accumulated patients, per capita income and multidimensional poverty index in the communes of the study. The analysis—through chaos theory—of the empirical data of meteorology and atmospheric pollutants, together with that of accumulated sick people (AS), provides relationships and connections between them. In addition, it provides general thermodynamic properties, such as entropy [50]. The accumulated sick people’s data were obtained from the Chilean Ministry of Health (MINSAL); they are summarized Table A1 (see Appendix A) and show the communes present in the study with their inhabitants, per capita income and multidimensional poverty index [4,51].



In [4], it was shown that if the pandemic (COVID-19) entered the human organism through the respiratory tract, then a connected urban meteorology promoted the sustainability and diffusion of pollutants. This, in turn, would make your actions more effective. In addition, it favored the infection, cultivation, and spread of this disease.







4. Results


The chaotic analysis [52] of the hourly time series X = AS/T, Y = AS/WS, Z = AS/RH, W = AS/PM10, U = AS/PM2.5 and V = AS/O3, each with 17,976 data points confirmed the hypothesis of this research that meteorology and pollutants can dissipate a pandemic by increasing its complexity. The IFS (iterated function systems) fragmentation test was fulfilled for the 42 series since 0 < LZ < 1, which is shown with the calculation for all communes in Table 3:



The average predictability time (   T ¯   ) was calculated for the period under study and      T ¯    TOTAL     = 2.66 h  ~ 2.70   h   was obtained, weighting the maximum average predictability times for the meteorological variables and for the pollutants of each of the seven communes. This average value coincides, approximately, with the viable stay of COVID-19 in aerosols indicated by Neeltje (3.00 h) [7]. In addition, it is of the order of the predictability time (3.07 h) [4] considering the three months of measurements, for accumulated patients, meteorological variables and pollutants.



In [4], it was shown, for a study period of 3 months (April to June 2020), that the communes with the highest number of accumulated sick people (Santiago (SANT), Puente Alto (PA), La Florida (LF)) were the ones that had the highest sum of partial entropies of each time series constructed from the quotient between hourly accumulated patients and each hourly time series of pollutants considered in this investigation (O3, PM2.5, PM10). This background made it necessary to study the effect of the change in roughness due to intensive urbanization and densification over a much longer period and its relationship with the districts with the highest number of accumulated sick people.



Let    S  K , MV      be the entropy of accumulated sick people by commune, with respect to the meteorological variables by commune, and    S  K .    MV      the entropy of accumulated sick people per commune, with respect to the pollutants per commune. It is possible to calculate the sum of the entropies of the ratio between accumulated sick people/meteorological variables and the sum of the entropies of the ratio between accumulated sick people/pollutants. Then,


   S  K , MV   = ∑  Entropy       Accumulated   Sick    /    Meteorological   Variables     communes     



(5)






   S  K , P   = ∑  Entropy       Accumulated   Sick    /   Pollutants    communes     



(6)







Figure 6 shows, comparatively, the sum of the entropies of the ratio between accumulated sick people/meteorological variables and the sum of the entropies of the ratio between accumulated sick people/pollutants.



From Table 3, Figure 6 was obtained, from which it follows that SK, MV < SK, P. That is, the most entropic—those with the greatest connectivity in the city— are the pollutants. Figure 6 shows the influence exerted on the accumulated patients (of each commune) by their localized climatology (which is characterized by temperature, relative humidity and the magnitude of wind speed) and pollutants (PM2.5, PM10 and O3). In addition, it can be seen that those with the highest entropy are the pollutants, which, in turn, can favor the spread of the virus depending on the characteristics of the urban environment (roughness and densification).



Table 4 shows the communes with the greatest number of accumulated patients, and the ratio between the entropies of accumulated patients/meteorological variables and the entropies of accumulated patients/pollutants (SAS, MV/SAS, P). The pollutants influence the meteorological variables, which leads the system to a new equilibrium state that makes the virus more persistent.



Figure 7 shows that there is a coincidence between the highest values of SAS, MV/SAS, P and the communes with the highest number of accumulated patients and those with the highest number of square meters built (this last statement is shown later). Thus, this extended study (31 March 2020, to 18 April 2022) again points to the same communes as in [4] as those that concentrate the largest number of accumulated patients. This is due to the fact that they have experienced an intense change in surface roughness due to high-rise construction and, as a consequence, a high urban densification [53,54], which continues to this day (Table 5 and Figure 8).



The loss of information (Table 3, eighth column) from the system of meteorological variables and accumulated patients is greater compared to the system of pollutants and accumulated patients (Figure 9):


         Δ I     MV   =    I  New   −  I  Old         MV      >        Δ I    P  =      I  New   −  I  Old      P      



(7)







Calculating from Table 3 the averaged fractal dimension (   D ¯   ) [52] for (accumulated patients)/(meteorological variable),      D ¯    AS / MV    , and for (accumulated patients)/(pollutant),      D ¯    AS / P    , for each commune, Table 6 is obtained:




5. Discussion


In Table 3 (fifth column), the average of the Hurst coefficients was calculated. It was verified that the value of the (accumulated patients)/(meteorological variable) was less than of (accumulated patients)/(pollutants) for the same commune. Meteorological variables do not play such an active role in the ventilation of the city, as a result of the roughness due to high-rise construction, and the presence of pollutants (more persistent, greater ability to influence the future) in the air. This connects with an urban planning problem (UP). This was corroborated by calculating the Lempel–Ziv complexity averages (Table 3, sixth column). Once again, the urban Lempel–Ziv complexity favored pollutants, as indicated in Table 3 when comparing this chaotic parameter according to (accumulated patients)/(meteorological variable) for each commune, as it was lower than that of (accumulated patients)/(pollutants). If the city becomes progressively denser, localities within it can increase their density over others. If the localities are small, a random infection may affect only those localities. However, if the high-density locations are large, the infection will affect the entire system. Thus, there is an equilibrium density of built housing that can balance the infection. A critical state could be expected for which the buildings are barely disconnected throughout the city. Connectivity is an important property of complex systems [2,55]. Disease and infestation by virus would spread similarity to fire and in media other than forests, albeit at a slower rate [2,56]. In other words, urban micrometeorology appears to be affected in highly dense communes that show high rates of accumulated patients (Table 5).



According to Figure 8, the commune of Puente Alto (PA) was the one with the largest population in Chile and the one with the greatest Lempel–Ziv complexity of for the time series that represents the quotient (accumulated patients)/(temperature), which indicates a pre-existing condition of a high urban densification and that will affect the years to come. Moreover, as the uncertainty of climate behavior increases, according to Table 3, the communes studied showed a greater persistence (duration) in the ratio (accumulated patients)/(temperature), which was consistent with the persistent location of thermal islands [53,54]. This is also corroborated by the Hurst coefficient of these time series, which indicated the ability of the initial conditions to influence the future.



Figure 9 showed that UP favored the persistence of SK, P, since the loss of information was slower. There was a “historical cumulative anchorage (initial condition)” associated with the concentration of air pollutants. Its effects were felt on the accumulated patients in a shorter predictability time (2.505 h) when compared to that of SK, MV. UP affected the persistence of SK, MV (Figure 9) in the opposite way. The UP weakened the urban meteorology causing it to lose information faster. This embrittlement was long-range as indicated by the calculation of the predictability time associated with SK, MV (2.805 h). This is proof that a growing urbanization has a first order of priority in the action of making the permanence of the pandemic temporarily more sustainable. This has harmful implications for people’s health as it shows that air pollution has a certain stability over time.



The correlation dimension, in general, of the (accumulated patients)/(pollutant) time series was greater than the (accumulated patients)/(meteorological variables) time series (Table 3). Table 6 showed that the fractal dimension,      D ¯    AS / MV    , for all communes, was greater than the fractal dimension      D ¯    AS / P    , which indicated a sensitivity to a change in roughness of the meteorological variables. The fractional dimension of the fractal object (Table 6) contained in the (accumulated patients)/(meteorological variables) time series was greater than the fractional dimension of the fractal object contained in the (accumulated patients)/(pollutant) time series. This showed that the time series of (accumulated patients)/(meteorological variables) was more chaotic. The roughness of the series was also affected by the change in the roughness of the soils due to intensive urbanization processes that led to urban densification from cases of densification in contexts that favored certain mitigation to other contexts of little or no influence (cruder). Intensive urbanization was in closer contact with localized micrometeorology. This means that the time series contained in its measurements this sensitivity to changes in the conditions of the environment (roughness), which affected the ventilation of the commune. The Puente Alto commune stood out for several reasons. Its forest cover is 20.3%. It was a peripheral commune of the Metropolitan Region, but today it is very connected to the center of Santiago. According to data from the 2017 Census [27], the commune had 568,106 inhabitants (the most populous in Chile), with many housing projects of tall buildings and one-story houses. This commune is partially affected by a geological fault, called San Ramón, which has been populated despite its status as a high-risk area.




6. Conclusions


From the databases used (1,509,984 data points) between the years 2020 and early 2022, to which a chaotic analysis was applied, it can be concluded that:



The time series of the ratios between (accumulated patients)/(meteorological variables) and (accumulated patients)/(pollutants) represented irreversible processes.



The entropies of the time series of (accumulated patients)/(pollutants) were greater than the entropies of the series of (accumulated patients)/(meteorological variables). The commune of Puente Alto, with an intensive housing construction process (Figure 8), the largest communal population in Chile and the largest number of accumulated patients in the metropolitan region, also presented the largest entropic gap (Figure 6) in favor of the contaminants. This contributes to its urban meteorology being very polluted and conditions that favor the spread of the virus.



The average value of the Hurst coefficient and the Lempel–Ziv complexity for the time series of (accumulated patients)/(pollutants) was greater than that of the time series of (accumulated patients)/(meteorological variable). This means more persistence and connectivity for contaminants. As Figure 9 showed, the loss of information of the contaminant on the accumulated patients is the slowest.



All the time series of (accumulated patients)/(meteorological variables) had a greater average fractal dimension than those of the time series of (accumulated patients)/(pollutants) (Table 6). The communes studied were in a process of changing the roughness of their surface due to the construction of high-rise buildings. The case that stood out was the commune of Puente Alto, a commune with the highest population growth in Chile and with the highest number of accumulated patients. Its high fractal dimension showed a sensitivity of its urban meteorology to intensive changes in surface roughness (formation of urban canyons, poorly ventilated sectors, etc.)



The time series of (accumulated patients)/(temperature meteorological variable) showed a greater Lempel–Ziv complexity with respect to the other meteorological variables, which was consistent with the presence of thermal islands. It also showed, in most cases, a greater persistence: the past influenced the future.



The average time of predictability of pandemic propagation in communes whose urban meteorology was subjected to atmospheric pollution and population densification processes was comparable to that obtained under controlled experimental conditions. The chaotic parameters of the time series, which contain information on the interactions between urban meteorology, pollutants, accumulated patients, showed that intensive urbanization processes can make the pandemic sustainable.



Future Lines of Research


The authors have developed another line of research that is related to the geographic geomorphologies where the cities are located: basin, coast and mountain. The authors have proven, in an article about to be submitted to a journal, that urban meteorology, pollutants and urbanization are related differently depending on where the city is located. Santiago de Chile, the place of the study sent to Atmosphere, is a basin. It is of interest to comparatively analyze how the sustainability of the pandemic manifests itself in other geographical configurations.
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Abbreviations




	T
	Temperature



	RH
	Relative humidity



	WS
	Wind speed magnitude



	PM2.5
	2.5-micrometer particulate matter



	PM10
	10.0-micrometer particulate matter



	03
	Tropospheric ozone



	SINCA
	Chilean Air Quality National Information System



	MINSAL
	Chilean Ministry of Health



	MVU
	Ministry of housing and urbanism of Chile



	INE
	National Statistics Institute of Chile



	WHO
	World Health Organization



	SANT
	Santiago (Used by SINCA: EMN)



	LC
	Las Condes (Used by SINCA: EMM)



	LF
	La Florida (Used by SINCA: EML)



	PA
	Puente Alto (Used by SINCA: EMS)



	P
	Pudahuel (Used by SINCA: EMO)



	EB
	El Bosque (Used by SINCA: EMQ)



	IND
	Independencia (Used by SINCA: EMF)



	AS
	Accumulated sick people



	X = AS/T
	Time series of (hourly accumulated patients)/(hourly temperature)



	Y = AS/WS
	Time series of (hourly accumulated patients)/(hourly magnitude of the wind speed)



	Z = AS/RH
	Time series of (hourly accumulated patients)/(hourly relative humidity)



	W = AS/PM10
	Time series of (hourly accumulated patients)/(hourly PM10 particulate matter)



	U = AS/PM2.5
	Time series of (hourly accumulated patients)/(hourly PM2.5 particulate matter)



	V = AS/O3
	Time series of (hourly accumulated patients)/(hourly tropospheric ozone)



	SK,MV
	Entropy of time series of (hourly accumulated patients)/(hourly meteorological variables)



	SK,P
	Entropy of time series of (hourly accumulated patients)/(hourly pollutants)



	λ
	Lyapunov coefficient



	DC
	Correlation dimension



	SK
	Correlation entropy



	LZ
	Lempel–Ziv complexity



	H
	Hurst coefficient



	DAS/MV
	The averaged fractal dimension of time series of (hourly accumulated patients)/(hourly meteorological variable)



	DAS/P
	The averaged fractal dimension of time series of (hourly accumulated patients)/(hourly pollutants)



	<ΔI>MV
	Loss of information from the system (accumulated patients)/(meteorological variable)



	<ΔI>P
	Loss of information from the system (accumulated patients)/(pollutants)
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Table A1. Studied communes and population according to 2017 [27]. Each statement separated by a comma corresponds to a column of data.
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Communes, Population by Commune (2017), Accumulated Sick (31 March 2020–18 April 2022), People Per Capita Income (In US), Multidimensional Poverty Index






	
Santiago

	
404,496

	
98,653

	
471

	
5–10%




	
Independencia

	
100,281

	
24,082

	
127

	
20–25%




	
Las Condes

	
294,838

	
51,154

	
1317

	
<5%




	
Puente Alto

	
568,106

	
123,045

	
175

	
20–25%




	
El Bosque

	
162,505

	
34,385

	
188

	
20–25%




	
La Florida

	
366,916

	
75,964

	
209

	
15–20%




	
Pudahuel

	
230,293

	
48,900

	
335

	
20–25%




	
Total

	
2,127,435

	
456,183

	
/

	
/
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Figure 1. Dynamics of dissipative structures [34]. 
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Figure 2. Metropolitan area of Santiago communal map with their monitoring stations. 
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Figure 3. RM communal map with the approximate location (darkest area) of the thermal island (SANT: Santiago, LC: Las Condes, LF = La Florida, PA = Puente Alto, P = Pudahuel, EB = El Bosque, IND = Independence). 
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Figure 4. Contagion waves consisting of maximum number of daily sick people, according to the seven communes. The rectangles framed in red are to visualize the waves and the period of occurrence. 
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Figure 5. Hourly accumulated sick people, at seven communes of the study period. 
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Figure 6. Entropy for the quotient between accumulated sick people/localized climatology and accumulated sick people/pollutants, for each commune. 
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Figure 7. Maximum ratios, between entropies of (accumulated patients)/(meteorological variables) and those of (accumulated patients)/(pollutants), SAS, MV/SAS, P, versus accumulated sick people (AS). 
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Figure 8. Accumulated sick people (AS) by communes (5 of the 7 communes) and square meters built, in 2020. 
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Figure 9. Information loss for (accumulated patients)/(meteorological variables) (      Δ I     MV    ) and information loss for (accumulated patients)/(pollutants) (      Δ I    P    ) in the studied communes. 
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Table 1. For each locality studied, information on station name (with SINCA code in capital letters and meters above sea level (masl)), geography, climate, pollution, dominant wind direction (W), annual average temperature (T) and annual average relative humidity (RH%).
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	Station Name
	Geography
	Climate
	Pollution
	Wind
	T (°C) Annual average
	RH (%)Annual average





	1.La Florida,

EML,

masl: 784 (m)
	Located in the Andes piedmont
	Cold, wet with little rainfall winters; hot and dry summers
	Presence in descending order PM10, CO, PM2.5,NO2, O3, SO2
	West–east day

East–west night
	14.5
	58.3



	2.Las Condes,

EMM,

masl: 709 (m)
	Located in the Andes piedmont
	Cold, dry winters; hot, dry summers
	Presence in descending order PM10, CO, PM2.5,NO2, O3, SO2
	West–east day

East–west night
	12.9
	44.9



	3.Santiago-

Parque O’Higgins,

EMN,masl: 570 (m)
	Located in the middle of the basin plane
	Cold, dry winters; hot, dry summers
	Presence in descending order PM10, PM2.5, CO, SO2, NO2, O3
	West–east day

East–south night
	13.4
	44.7



	4.Pudahuel,

EMO,

masl: 469 (m)
	Located at the bottom of the basin
	Cold, dry winters; hot, dry summers
	Presence in descending order PM10, PM2.5, CO, SO2, NO2, O3
	South–east day

East–south night
	15.3
	57.7



	5.Puente Alto,

EMS,

masl: 698 (m)
	Located in the Andes piedmont
	Cold and wet winters with moderate rainfall; hot and dry summers
	Presence in descending order PM10, CO, PM2.5,NO2, O3, SO2
	West–east day

East–west night
	13.5
	46.5



	6. Independencia,

EMF,

masl: 554 (m)
	Situated in the intermediate zone of the basin
	Cold, dry winters; hot, dry summers
	Presence in descending order PM10, PM2.5, CO, SO2, NO2,O3
	North–east day

East–south night
	15.25
	58.3



	7. El Bosque EMQ, mnsl: 575 (m)
	Located at the bottom of the basin
	Cold and wet winters; hot and dry summers
	Presence in descending order PM10, PM2.5, NO2, CO, SO2, O3
	South–east day

East–south night
	15.21
	48.83
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Table 2. For the localities studied, information on the instruments for measuring pollutants and the instruments for measuring meteorological variables.
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	Station Name
	Location
	PM10
	PM2.5
	O3
	T
	RH
	WV
	OWNER





	1.La Florida,

EML,

masl: 784 (m)
	33°30′59.7″ S

70°35′17.4″ W
	Beta attenuation: Met One 1020
	Beta attenuation: Met One 1020
	Gas correlation

filter IR photometry: Thermo 48i
	VAISALA HMP35A
	VAISALA HMP35A
	Sensor: Met

One 010C
	SINCA



	2.Las Condes,

EMM,

masl: 709 (m)
	33°22′35.8″ S

70°31′23.6″ W
	Beta attenuation: Met One 1020
	Beta attenuation: Met One 1020
	Gas correlation

filter IR photometry: Thermo 48i
	VAISALA HMP35A
	VAISALA HMP35A
	Sensor: Met

One 010C
	SINCA



	3.Santiago-

Parque O’Higgins,

EMN,

masl: 570 (m)
	33°27′50.5″ S

70°39′38.5″ W
	Beta attenuation: Met One 1020
	Beta attenuation: Met One 1020
	Gas correlation

filter IR photometry: Thermo 48i
	VAISALA HMP35A
	VAISALA HMP35A
	Sensor: Met

One 010C
	SINCA



	4.Pudahuel,

EMO,

masl: 469 (m)
	33°27′06.2″ S

70°40′07.8″ W
	Beta attenuation: Met One 1020
	Beta attenuation: Met One 1020
	Gas correlation

filter IR photometry: Thermo 48i
	VAISALA HMP35A
	VAISALA HMP35A
	Sensor: Met

One 010C
	SINCA



	5.Puente Alto,

EMS,

masl: 698 (m)
	33°33′01.3″ S

70°34′51.4″ W
	Beta attenuation:

Met One 1020
	Beta attenuation: Met One 1020
	Gas correlation

filter IR photometry: Thermo 48i
	VAISALA HMP35A
	VAISALA HMP35A
	Sensor: Met

One 010C
	SINCA



	6. Independencia,

EMF,

masl: 554 (m)
	33°25′22.3″ S

70°39′03.5″ W
	Beta attenuation: Met One 1020
	Beta attenuation: Met One 1020
	Gas correlation

filter IR photometry: Thermo 48i
	VAISALA HMP35A
	VAISALA HMP35A
	Sensor: Met

One 020C
	SINCA



	7. El Bosque EMQ, mnsl: 575 (m)
	33°32′49.4″ S

70°39′58.1″ W
	Beta attenuation: Met One 1020
	Beta attenuation: Met One 1020
	Gas correlation

filter IR photometry: Thermo 48i
	Sensor: MetOne 083D
	Sensor: MetOne 083D
	Sensor: Met

One 020C
	SINCA
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Table 3. Nonlinear parameters [52] by commune and for accumulated sick people, meteorological variables and pollutants (period: 31 March 2020–18 April 2022).






Table 3. Nonlinear parameters [52] by commune and for accumulated sick people, meteorological variables and pollutants (period: 31 March 2020–18 April 2022).





	
Communes

	
λ (bits/h)

	
Dc

	
Sk (bits/h)

	
H

	
LZ

	
Τ = 1/SK (h)

	
    < Δ I >      






	
Las Condes(LC)

	

	

	

	

	

	




	
X

	
0.220 ± 0.015

	
2.107 ± 0.129

	
0.601

	
0.9045120

	
0.11084

	
1.664

	
−0.730




	
Y

	
0.081 ± 0.013

	
2.132 ± 1.245

	
0.224

	
0.7382310

	
0.09167

	
4.464

	
−0.269




	
Z

	
0.167 ± 0.013

	
1.056 ± 0.190

	
0.273

	
0.8751019

	
0.48358

	
3.662

	
−0.555




	

	

	

	
SK, MV = 1.098

	
0.8392816

	
0.22869

	
₸ = 3.263

	
−1.554




	
W

	
0.178 ± 0.014

	
4.300 ± 0.339

	
0.515

	
0.8736139

	
0.60204

	
1.942

	
−0.591




	
U

	
0.335 ± 0.020

	
4.322 ± 0.157

	
0.369

	
0.8517962

	
0.59863

	
2.710

	
−1.113




	
V

	
0.511 ± 0.024

	
3.776 ± 0.127

	
0.364

	
0.8710493

	
0.65302

	
2.747

	
−1.697




	

	

	

	
SK, P = 1.248

	
0.8654864

	
0.61789

	
₸ = 2.466

	
−3.401




	
Santiago (SANT)

	

	

	

	

	

	




	
X

	
0.164 ± 0.013

	
4.030 ± 0.335

	
0.383

	
0.9044871

	
0.35591

	
2.611

	
−0.545




	
Y

	
0.365 ± 0.024

	
1.619 ± 0.508

	
0.283

	
0.7555030

	
0.08699

	
3.533

	
−1.213




	
Z

	
0.170 ± 0.013

	
4.050 ± 0.310

	
0.397

	
0.8796455

	
0.51118

	
2.519

	
−0.565




	

	

	

	
SK, MV = 1.063

	
0.8463875

	
0.31802

	
₸ = 2.887

	
−2.323




	
W

	
0.264 ± 0.016

	
4.358 ± 0.339

	
0.510

	
0.8768554

	
0.54719

	
1.960

	
−0.877




	
U

	
0.398 ± 0.023

	
3.653 ± 0.330

	
0.280

	
0.8455945

	
0.48358

	
3.571

	
−1.322




	
V

	
0.794 ± 0.030

	
3.626 ± 0.312

	
0.381

	
0.8990721

	
0.56218

	
2.625

	
−2.638




	

	

	

	
SK, P = 1.171

	
0.8738406

	
0.53098

	
₸ = 2.718

	
−4.837




	
Independencia (IND)

	

	

	

	

	

	




	
X

	
0.226 ± 0.015

	
2.093 ± 0.151

	
0.540

	
0.9021288

	
0.10570

	
1.851

	
−0.751




	
Y

	
0.043 ± 0.016

	
2.620 ± 0.870

	
0.309

	
0.7029083

	
0.08104

	
3.236

	
−0.143




	
Z

	
0.131 ± 0.012

	
3.916 ± 0.225

	
0.436

	
0.8960688

	
0.49434

	
2.293

	
−0.435




	

	

	

	
SK, MV = 1.285

	
0.8337019

	
0.22702

	
₸ = 2.460

	
−1.329




	
W

	
0.187 ± 0.014

	
4.216 ± 0.341

	
0.499

	
0.8875034

	
0.5977

	
2.004

	
−0.621




	
U

	
0.281 ± 0.018

	
4.137 ± 0.284

	
0.520

	
0.8850430

	
0.5874

	
1.923

	
−0.934




	
V

	
0.531 ± 0.025

	
3.728 ± 0.183

	
0.356

	
0.8823231

	
0.6254

	
2.808

	
−1.764




	

	

	

	
SK, P = 1.375

	
0.8849565

	
0.6035

	
₸ = 2.245

	
−3.319




	
La Florida (LF)

	

	

	

	

	

	




	
X

	
0.168 ± 0.013

	
3.994 ± 0.325

	
0.376

	
0.9090196

	
0.35497

	
2.659

	
−0.558




	
Y

	
0.205 ± 0.020

	
1.351 ± 0.771

	
0.281

	
0.7696180

	
0.08512

	
3.558

	
−0.681




	
Z

	
0.207 ± 0.014

	
4.075 ± 0.316

	
0.399

	
0.8837728

	
0.50650

	
2.506

	
−0.687




	

	

	

	
SK, MV = 1.056

	
0.8541368

	
0.31553

	
₸ = 2.907

	
−1.926




	
W

	
0.282 ± 0.016

	
4.028 ± 0.297

	
0.455

	
0.8737329

	
0.56356

	
2.197

	
−0.934




	
U

	
0.388 ± 0.022

	
2.454 ± 0.299

	
0.306

	
0.8507282

	
0.49668

	
3.268

	
−1.289




	
V

	
0.730 ± 0.029

	
3.841 ± 0.014

	
0.355

	
0.8996184

	
0.59801

	
2.816

	
−2.425




	

	

	

	
SK, P = 1.116

	
0.8746931

	
0.55281

	
₸ = 2.760

	
−4.648




	
Puente Alto (PA)

	

	

	

	

	

	




	
X

	
0.140 ± 0.012

	
3.118 ± 0.232

	
0.421

	
0.9052035

	
0.39940

	
2.375

	
−0.465




	
Y

	
0.227 ± 0.020

	
1.358 ± 0.595

	
0.380

	
0.6558216

	
0.08559

	
2.631

	
−0.754




	
Z

	
0.188 ± 0.013

	
4.429 ± 0.320

	
0.475

	
0.8926700

	
0.43635

	
2.105

	
−0.625




	

	

	

	
SK, MV = 1.276

	
0.8178983

	
0.30711

	
₸ = 2.370

	
−1.844




	
W

	
0.267 ± 0.016

	
4.394 ± 0.314

	
0.505

	
0.8790419

	
0.50089

	
1.980

	
−0.887




	
U

	
0.418 ± 0.025

	
1.982 ± 0.514

	
1.020

	
0.8690351

	
0.37882

	
0.980

	
−1.389




	
V

	
0.326 ± 0.024

	
3.119 ± 0.698

	
0.206

	
0.8184465

	
0.56567

	
4.854

	
−1.083




	

	

	

	
SK, P = 1.730

	
0.8555078

	
0.48179

	
₸ = 2.605

	
−3.359




	
El Bosque (EB)

	

	

	

	

	

	




	
X

	
0.233 ± 0.014

	
2.099 ± 0.140

	
0.617

	
0.9086927

	
0.10616

	
1.620

	
−0.774




	
Y

	
0.078 ± 0.016

	
2.681 ± 0.840

	
0.291

	
0.7583736

	
0.08278

	
3.436

	
−0.259




	
Z

	
0.191 ± 0.014

	
3.975 ± 0.256

	
0.436

	
0.8896019

	
0.47750

	
2.293

	
−0.635




	

	

	

	
SK, MV = 1.344

	
0.8522227

	
0.22214

	
₸ = 2.449

	
−1.668




	
W

	
0.262 ± 0.015

	
4.280 ± 0.355

	
0.525

	
0.8836760

	
0.62342

	
1.905

	
−0.870




	
U

	
0.328 ± 0.019

	
4.249 ± 0.326

	
0.550

	
0.8719152

	
0.59225

	
1.818

	
−1.089




	
V

	
0.630 ± 0.027

	
3.695 ± 0.122

	
0.354

	
0.8949134

	
0.63096

	
2.825

	
−2.093




	

	

	

	
SK, P = 1.429

	
0.8835015

	
0.61554

	
₸ = 2.183

	
−4.052




	
Pudahuel (P)

	

	

	

	

	

	

	




	
X

	
0.243 ± 0.015

	
3.025 ± 0.180

	
0.240

	
0.9079999

	
0.37461

	
4.166

	
−0.807




	
Y

	
0.114 ± 0.019

	
2.183 ± 0.900

	
0.284

	
0.7344763

	
0.07389

	
3.521

	
−0.379




	
Z

	
0.167 ± 0.013

	
4.428 ± 0.348

	
0.452

	
0.8911070

	
0.49668

	
2.212

	
−0.555




	

	

	

	
SK, MV = 0.976

	
0.8445277

	
0.31506

	
₸ = 3.300

	
−1.741




	
W

	
0.271 ± 0.016

	
4.306 ± 0.335

	
0.495

	
0.8855349

	
0.56028

	
2.020

	
−0.900




	
U

	
0.380 ± 0.021

	
3.752 ± 0.168

	
0.343

	
0.8631509

	
0.54999

	
2.915

	
−1.262




	
V

	
0.707 ± 0.028

	
3.713 ± 0.136

	
0.365

	
0.8893363

	
0.60232

	
2.740

	
−2.349




	

	

	

	
SK, P = 1.203

	
0.8793407

	
0.57086

	
₸ = 2.558

	
−4.511
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Table 4. Ratio between the entropies of accumulated patients/meteorological variables and the entropies of accumulated patients/pollutants and the accumulated sick people.






Table 4. Ratio between the entropies of accumulated patients/meteorological variables and the entropies of accumulated patients/pollutants and the accumulated sick people.





	Communes
	AS
	SK, MV/SK, P





	LF
	75,964
	0.95



	LC
	51,154
	0.88



	SANT
	98,653
	0.91



	P
	48,900
	0.81



	PA
	123,045
	0.74



	EB
	34,386
	0.94



	IND
	24,092
	0.94
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Table 5. Approximate variation of square meters built in five communes of the study [27,28,42] and the accumulated sick people (2020–2022).






Table 5. Approximate variation of square meters built in five communes of the study [27,28,42] and the accumulated sick people (2020–2022).





	Communes
	2010
	2020
	Δm2
	AS 2020–2022





	LF
	44,054
	118,300
	74,246
	75,964



	LC
	127,342
	145,306
	17,964
	51,154



	SANT
	94,043
	190,862
	96,819
	98,653



	P
	18,788
	63,090
	44,302
	48,900



	PA
	226,665
	292,000
	65,335
	123,045
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Table 6. Fractal dimension (D = 2 – H, with H, the Hurst exponent) can be averaged for accumulated sick/meteorological variable (     D ¯    AS / MV     ) and for accumulated sick/pollutant (     D ¯    AS / P     ) for each commune. The fourth column represents the ratio between the third and second columns.






Table 6. Fractal dimension (D = 2 – H, with H, the Hurst exponent) can be averaged for accumulated sick/meteorological variable (     D ¯    AS / MV     ) and for accumulated sick/pollutant (     D ¯    AS / P     ) for each commune. The fourth column represents the ratio between the third and second columns.





	Communes
	       D ¯    AS / MV      
	       D ¯    AS / P      
	       D ¯    AS / P          /    D ¯    AS / MV      





	LC
	1.16
	1.14
	0.983



	SANT
	1.15
	1.13
	0.982



	IND
	1.17
	1.12
	0.957



	LF
	1.15
	1.13
	0.982



	PA
	1.69
	1.15
	0.680



	EB
	1.15
	1.12
	0.974



	P
	1.16
	1.12
	0.965
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