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Abstract

:

As we prepare to emerge from an extensive and unprecedented lockdown period, due to the COVID-19 virus infection that hit the Northern regions of Italy with the Europe’s highest death toll, it becomes clear that what has gone wrong rests upon a combination of demographic, healthcare, political, business, organizational, and climatic factors that are out of our scientific scope. Nonetheless, looking at this problem from a patient’s perspective, it is indisputable that risk factors, considered as associated with the development of the virus disease, include older age, history of smoking, hypertension and heart disease. While several studies have already shown that many of these diseases can also be favored by a protracted exposure to air pollution, there has been recently an insurgence of negative commentary against authors who have correlated the fatal consequences of COVID-19 (also) to the exposition of specific air pollutants. Well aware that understanding the real connection between the spread of this fatal virus and air pollutants would require many other investigations at a level appropriate to the scale of this phenomenon (e.g., biological, chemical, and physical), we propose the results of a study, where a series of the measures of the daily values of PM2.5, PM10, and NO2 were considered over time, while the Granger causality statistical hypothesis test was used for determining the presence of a possible correlation with the series of the new daily COVID19 infections, in the period February–April 2020, in Emilia-Romagna. Results taken both before and after the governmental lockdown decisions show a clear correlation, although strictly seen from a Granger causality perspective. Moving beyond the relevance of our results towards the real extent of such a correlation, our scientific efforts aim at reinvigorating the debate on a relevant case, that should not remain unsolved or no longer investigated.






Keywords:


COVID-19; air pollution; Emilia-Romagna; Granger-causality; time series; correlation












1. Introduction


Although COVID-19 has originated in Wuhan, China in late 2019, several provinces of northern Italy have soon become among the hardest-hit regions in Europe. This virus outbreak spread with a particular intensity to the Italian regions of Lombardy, Veneto, Emilia-Romagna, and Piedmont, in the period from late February to late April, with a severe toll in terms of human deaths. As a simple evidence of this disaster, it suffices to remind that the Italian Institute of Statistics (ISTAT) has recently computed for Italy an average increase of 49.4% in the number of all the fatalities occurred during the month of March 2020, as compared with the number of deaths of March 2019 [1]. Not to mention that, in the same month of March 2020, the official death toll, for some given provinces, like Bergamo and Brescia (in Lombardy), stands at more than five times the value recorded one year before, same period [1].



While it is true that Italy had the bad luck of being the first European country to be devastated by the outbreak, what has gone wrong has motivations in a combination of demographic, political, organizational, industrial, climatic factors, and low intensive care unity (ICU) capacity as well, that need further specific investigations.



Nonetheless, while we are aware that what went wrong will be a subject of studies for years, we are concerned, here, with the fact that COVID-19 manifests as a severe respiratory disease, mostly pneumonia. This motivates why many researchers have focused their attention on the potential relationship between the exposure to particulate pollution and the rapid contagion brought by this virus. With this in view, recently, many international scientific studies were developed to investigate the relationship between particulates of various types and the COVID-19 incidence.



Exemplar is the work by Jiang, Wu and Guan that addresses two relevant issues, with reference to the association between particulate and COVID-19 [2]. They start from the very general consideration that air pollutants raise concerns over their association with infectious diseases, being often the cause of local epidemics [3,4]. This is typical with influenza, since the airborne air pollutants perform as condensation nuclei for the virus to attach, as also confirmed by several other studies [5,6,7,8,9]. Owing to this consideration, Jiang et al. proceed with the following reasoning: since COVID-19 is known to cause human-to-human transmission by infectious secretions [10], these secretions could be transferred in many different ways, including ambient air pollutants. Not only, Jiang, Wu and Guan also observe that is not by chance that PM2.5 is the air pollutant constantly associated with an increased COVID-19 incidence in all the Chinese cities of their study, namely: Wuhan, XiaoGan, and HuangGang. Besides the fact that particulate could provide condensation nuclei for viral attachment, Jiang, Wu and Guan add a second biomedical argument which is as follows. It has been discovered that the receptor for COVID binding is the angiotensin-converting enzyme 2, that concentrates on the type II alveolar cells [11]. Since, type II alveolar cells are located in the alveoli, which are only reachable to particles with diameters less than 5 micro meters, it becomes evident that very small airborne pollutants, such as PM2.5, have the potential to penetrate, unfiltered, the respiratory tract, down to the alveolar region [12,13,14,15].



Similarly, interesting results were found also by Pansini and Fornacca who investigated the incidence of COVID-19 mortality rate in highly polluted areas. They focused their attention on selected areas from different countries (including, among others, China, Italy, and US), and considered also CO and NO2, in addition to particulates. In particular, they collected data about air quality from two kinds of sources: ground monitoring stations and satellite. According to the analysis they performed, they found significant positive correlations between COVID-19 infections and air quality variables. Yet, while in China the strongest correlation was found with the (satellite-derived) CO values, in Italy and in the US the highest correlation values, with the incidence of COVID-19, were those of NO2, derived respectively from satellite (Italy) and ground measurements (US). One of their final observation is that the COVID-19 mortality ratio is higher, regardless of the higher number of infections, in all those areas with poor air quality, that is, where values of CO, NO2, and PM are constantly higher than the acceptable limits [16].



Nevertheless, besides this set of international studies developed in this field (the interested reader can refer also to [17,18]), we scrutinized, with special interest, just those recently conducted by members of the Italian scientific community, for two main reasons. First, the impact of particulate pollution was already being severely felt as a huge health problem in Northern Italy, well before the advent of COVID19 and, second, those studies have been put at the centre of a heated debate in Italy, and considered not convincing under different perspectives.



To be precise, (almost) all those papers at the centre of this controversy have followed two concurrent lines of reasoning, that are typical when one wishes to infer causal relations from data. On one side, they have tried to acquire (through experimentation) the knowledge of the biological/chemical/physical mechanisms at the basis of the possible correlation between the particulate and the virus spread. On the other side, they have tried to confirm the existence of a true causal relation between the two aforementioned phenomena, using some kind of statistical hypothesis testing.



The works conducted by Setti et al., for example, provided a quite convincing contribution to this discussion, by both revealing that traces were found of the COVID-19 RNA in PM10 samples in Bergamo [19], and also testing the hypothesis of such a correlation between the daily surplus of that particulate and the consequent contagion between humans by exploiting the statistical model of the coefficient of determination [20]. Daily infections were recorded in the period from 24 February to 13 March, while a surplus of PM10 values was considered, on a daily basis, in the period from 9 February to 29 February.



Conticini, Frediani, and Caro, instead, without any statistical testing activity in support of their hypothesis, argued about the fact that poor air quality can lead to a state of permanent body inflammation and chronic respiratory difficulties, along with a hyper-activation of the immune system; being these all circumstances that makes human lungs prone to be attacked by the virus. This is their hypothesis explaining the high mortality rate, recorded in Emilia-Romagna and Lombardy, owing to the virus outbreak [21].



Finally, Becchetti et al. analysed both the PM10 and PM2.5 values, although recorded on an annual basis, and correlated them to COVID-19 infections and mortality, using a cross-sectional regression statistical method. Theirs is a vast study, where scrutinized are also other factors, including temperature, population density, income, number of lung ventilators, and public transport usage. Nonetheless, the conclusion is that air pollution can be considered as a strong predictor for both virus contagions and mortality [22]. In that paper, again, cited as mechanisms at the basis of the correlation between the particulate pollution and the contagion are, respectively, the hypotheses that: (i) humans living in highly polluted areas have a reduced respiratory capacity to react to the virus, and (ii) the particulate may act as a carrier for the virus.



Unfortunately, all these papers have been severely criticized, mostly based on the considerations that they did not contain any robust evidence of the aforementioned correlation, and that all those discoveries boil down to vague clues, completely preliminary, not yet subject to peer-review by experts in the field [23].



Far from taking a final position, we hold the firm view that all the authors we have cited before share, at least, the merit of having tried to inquire into a vexed problem, that should not go unsolved, or no longer investigated, until a final solution is found.



Hence, our contribution, here, is to provide a further investigation on the possibility that a causal correlation exists between the two cited phenomena (i.e., pollution and spread of the infections). We, as investigators, have to admit that we do not possess any prior knowledge of the researched correlation at a level appropriate to the scale of this phenomenon, e.g., biological, chemical, and physical, and we want to limit our study to an examination of the plausibility of the existence of that correlation at a statistical level. In particular, we are interested in verifying if that correlation comes either confirmed (or rejected) using an alternative statistical model, namely the Granger-causality hypothesis testing model.



Specifically, the Granger causality test is a statistical hypothesis test where a time series X is said to Granger cause Y, if it can be shown, through a series of statistical tests on lagged values of X, that those X values provide statistically significant information about future values of Y. To this aim, it is worth mentioning that we analysed the daily values of the following air pollutants: PM2.5, PM10, and NO2, treated as time series occurring in a given temporal period that has preceded the series of the COVID-19 infections, in all the provinces of the Emilia-Romagna region.



Finally, it is also worth mentioning that we know very well that many believe that some results of the Granger-causality tests can often have a low epistemic utility. Especially, in specific situations when the theoretical background behind the cause–effect correlation is insufficient, or the validation experiments on the field have not been yet conducted. Though, we will argue that the results of our tests, obtained both before and after the Italian government lockdown decisions taken on 8–10 March, posit the correlational structure between pollution and infections well beyond the limit of a weak Humean interpretation of causality [24], with possible implications of practical relevance. Nevertheless, our study does not have to be treated as the final proof a true causality nexus between the two phenomena, but as an additional strong clue on a case that does not deserve to be already archived.



The remainder of the paper is structured as follows. In the next Section, we describe the methodology behind our approach. Section 3, instead, presents and critically discusses the results we yielded. Finally, Section 4 concludes the paper, with some final considerations.




2. Methods


We now present some preliminary information relevant to our study and a description of the data we have used, along with some reflections on the statistical methodology we have employed.



2.1. Preliminary Information


As already anticipated, in this study we are interested in reasoning around the plausibility of a correlation between air pollution and the spread of COVID-19 infections in the Emilia-Romagna region, by subjecting such hypothesis to a statistical hypothesis testing from a Granger-causality perspective.



Prior to beginning, it is important to make clear that we have taken into considerations all the provinces of the Emilia-Romagna region, in the period of interest, namely: Bologna, Ferrara, Forlì-Cesena, Modena, Parma, Piacenza, Reggio nell’Emilia, Rimini, and Ravenna. It is worth mentioning that this Italian region is populated by almost 4,500,000 citizens and has been one of the more seriously affected by this virus, with a total number of infections of 26,719, and as many as 3827 fatalities, as of 9 May 2020.



Of paramount importance to view this process from the right temporal perspective, there are also to consider the events of the chronology according to which restrictions were imposed to human activities in those provinces (with the aim of slowing down the infective diffusion). In particular:




	
on 8 March 2020: a full lockdown was imposed for Modena, Parma, Piacenza, Reggio nell’Emilia and Rimini [25].



	
on 10 March 2020: a full lockdown was imposed for the remaining provinces, Bologna, Ferrara, Forlì-Cesena and Ravenna [26].









2.2. Data Description


The data on which we performed testing activity were essentially of two types: i) the time series relative to the new daily COVID-19 infections, and ii) the air pollution In Emilia-Romagna, under the form of the measurements of the following pollutants: PM2.5, PM10, and N02, taken on a daily basis at all the aforementioned provinces (Bologna, Ferrara, Forlì-Cesena, Modena, Parma, Piacenza, Reggio nell’Emilia, Rimini and Ravenna).



The amount of daily infections was collected using the GitHub repository of the Italian Civil Protection, for the entire period starting on 24 February and closing on 17 April 2020 [27].



The daily values of the pollutants mentioned before, instead, were collected using the website of the Regional Environmental Protection Agencies (ARPA) of the Emilia-Romagna region, for all the nine provinces we have cited before [28]. Since there were multiple monitoring stations distributed over each province, an average of the values returned by each station was computed, on a daily, provincial basis.



More important is what follows. We have all learnt that this COVID-19 infection can be subjected to an incubation period, whose duration can range from a few days to almost 14, before an infected human begin to manifest some given symptoms. More precisely, authors of [29] maintain that the median incubation period can be estimated to be 5.1 days (with a confidence interval of 95%, it takes from 4.5 to 5.8 days), and that the 97.5% of those who develop symptoms will do so within 11.5 days (with a confidence interval of 95%, it takes from 8.2 to 15.6 days). These estimates imply, at the end, that the 99% of the infected population will develop symptoms within 14 days. Further, other authors also emphasize that a spare delay of 3.6 days can be experienced from the moment in time the result of a virological test is performed, and the time when it is recorded in the correspondent database [30].



These are the reasons why we designed the two different time series:




	
the one with the average daily pollution values (say X), and the one with the number of the new daily infections (say Y).



	
where X was anticipated in time with respect to Y of 14 days. We decided not to use an offset of sixteen days (as resulting from the sum of 12.5 with 3.6) between (a) and (b), simply because this minimum time difference lag was absorbed by the specific statistical methodology we have employed (i.e., the Granger causality), where we have varied the so-called lag length parameter in a range from 3 to 8 days (as better explained in the Section 2.4 below) [31].








Following this reasoning, the period when me measured the particulate (specifically, PM2.5, PM10, and NO2) started on 10 February and closed on 3 April 2020. As already told, instead, the period for measuring the infections was: 24 February–17 April 2020.



Hence, at the end, it should be clear that an offset has been put that temporally separates these two time-series, due to the consideration that all what can happen on a given day, say x, may have its effect in terms of manifestations of the infection after a period in time which can be as long as x + 14 days.



For the sake of conciseness, we have moved the three Figures, with all the twenty-seven graphs showing how our time-series (PM2.5, PM10, and NO2 vs. infections) evolve in time to the Appendix A at the end of this paper.




2.3. Methodology


As already mentioned, we have employed a Granger causality testing model to study if a causal correlation may exist between particulate matter and the spread of new COVID-19 infections in Emilia-Romagna [16].



This is a statistical hypothesis testing model typically used to determine if there is a causal relationship between two time-series. In particular, a time series X is said to Granger-causes a time series Y if the prediction of the nth value of Y, using both the past values of X and Y, provides more information rather than the prediction based only on past values of Y [32].



This model typically rests upon two axioms. The former is that past and present may cause the future, but future cannot cause the past. The latter is that the cause contains a unique information about its effects. Usually, the null hypothesis of such a test is set to the fact that the time series X does not Granger cause the time series Y, while, consequently, the unique alternative hypothesis is that the time series X Granger causes the time series Y.



In our study, the alternative hypothesis was that the pollutants’ time series Granger causes the time-series of the infections. Hence, our aim has been that to verify if we could reject the opposite null hypothesis (i.e., pollution does not Granger cause infections), based on the available data.



To this aim, we set the level of significance at 5%, hence preparing to reject the null hypothesis, only in the case that the corresponding p-values came less than 0.05. Further, as the test assumes that both the time-series under investigation should be stationary, we check and found this condition satisfied using the well-known augmented Dickey–Fuller method [33].



Not only. Since we have designed two time-series where the former (X = pollution) temporally precedes the latter (Y = infection), we did not need to check if the infection Granger causes the pollution, given that the time precedence of Y by X comes naturally.



Nonetheless, it is important to repeat, here again, a concept we have already anticipated in the Introduction. Neither the Granger causality method, nor any other statistical test can provide a final and convincing evidence that two phenomena are correlated, from an epistemological viewpoint, if one has neither a clear knowledge of the motivation that causes that relationship, nor has developed sufficient experiments at a scale that should be appropriate to the observed phenomena.



With this regard, the Granger causality approach suffers from an additional problem. In fact, if both X and Y are driven by a common third process, say W, one might still accept the alternative hypothesis of Granger causality (X Granger causes Y), even though it is evident that both X and Y have a common cause (i.e., W), that determines their mutual correlation [34].



Moving this argument at the center of our specific case, one could even argue that the human activities (playing the role of W, here) have been the common basis for the correlation between pollution and infections (as portrayed in Figure 1a) and, hence, a true causality relation between pollution and infection could not be demonstrated, even when our alternative hypothesis is accepted. Nonetheless, in the next section, we will show results, taken both before and after the lockdown decisions (when almost all human activities were at a minimum), that do seem to confirm the existence of a causal structure similar, instead, to that shown in Figure 1b.




2.4. A Computational View


To better understand how a Granger causality testing model works from a computational perspective, fundamental is the following explanation.



We start from two time series X and Y (i.e., pollution and infections), whose causal relationship is to be either demonstrated or rejected. In other words, X and Y are the time series under investigation that can be modeled with the following Granger causality equation:


   Y t  =   ∑   i = 1  L   α i     Y  t − i   +   ∑   i = 1  L   β i     X  t − i   +  ε t  .  



(1)







Specifically, Yt and Xt are the single elements of the two series Y and X, and, in our case, they correspond to the values that Y and X can take on, on a daily basis. In essence, with the formula above we can compute current values of Y, based on previous values of both X and Y. How far back one can go with previous values of X and Y, to perform the computation of the current value of Y, is given by the value of L, the so-called lag. To complete the formula,    ε t    is a white-noise-random vector.



This said, now comes the turn of explaining how to use this formula for performing a Granger causality hypothesis testing. To this aim, crucial is the role of the  β  coefficients. In fact, we can say that X Granger-causes Y only if the  β  coefficients are not zero, since only in this case past values of X (and Y) become useful to compute current values of Y. On the contrary,  β  coefficients equal to zero make a null contribution to the final sum. It is now easy to understand that modelling a causal relationship with the Granger formula amounts to perform a statistical hypothesis test, where the null hypothesis is that all the  β  coefficients are zero:


   H 0  :    β 1  =  β 2  = … =  β L  = 0 .  



(2)







The alternative hypothesis being, instead, that at least one of the  β  coefficients is different from zero.



From a computational perspective, at this point, in a case like that of our study, assigned all the actual values for Y and Y, a vector autoregressive procedure (VAR) is to be run to derive the    β    coefficients. Upon computation of those  β  coefficients, a F test procedure must be performed to check if those computed values fit with the all zero distribution of the null hypothesis. This statistical test will return p-values. The higher the returned p-values, the more plausible is the null hypothesis. The lower the p-values, the more plausible is the alternative hypothesis: that is, X Granger causes Y.



Said about the general Granger computational process, now comes the motivation why we have chosen this procedure for our study, rather than other more traditional statistical approaches, like, for the example, the one adopted in [5].



To better understand, consider the following example: Suppose we want to evaluate if a relation exists between the number of viral infections happened in a specific day (e.g., 18 February) and the amount of pollution in the air. To do that, traditional approaches would compute values, based on measurements taken on just two days: the day of the infections vs. the day assumed to be the one when the pollution occurred that was considered at the basis of those infections, say for example February 14th, exactly like in Figure 2a.



With the approach based on the Granger formula, instead, we can take into simultaneous consideration multiple days, each with its amount of measured pollution. This is by virtue of the lag factor (i.e., the L value in the Granger formula above) that allows one to go back as many days as one wants in the computation. For example: three days, like in Figure 2b (or from 3 to 8, like in the case of our study, see Section 2.2).



This is a prominent computational aspect that should not go neglected, since the information on when a given infection precisely occurs comes with a large amount of uncertainty. Still more remarkably, since COVID-19 is manifesting with variable temporal dynamics, we should adopt flexible computational methods to study it. From this point of view, as the series shown in Figure 3 comparatively demonstrate, methods like Granger should be preferred, since they hold the promise to analyze simultaneous contributions to the cause of a unique effect.





3. Results


We present the results returned by our Granger causality testing model, differentiating between those illustrating the situation before the lockdown measures were adopted that contained the infection surge, and those showing the ex-post situation.



3.1. Before the Lockdown


The following Figure 4 reports the results of our Granger causality testing campaign, conducted for all the nine aforementioned provinces of the Emilia-Romagna (Bologna-BO, Ferrara-FE, Forlì-Cesena-FC, Modena-MO, Parma-PR, Piacenza-PC, Ravenna-RA, Reggio nell’Emilia-RE, and Rimini-RM).



As already anticipated, we tried to verify if the series X, comprised of all the average daily values of a given pollutant (e.g., PM2.5), measured in terms of micrograms per cubic meter, starting on day x1 and closing on day x2, Granger causes the series Y of the new daily infections, measured in terms of infected human beings, starting on day y1 and closing on day y2, where obviously: y1 = x1 + 14 and y2 = x2 + 14, for all the days between x1 and x2.



For each of the possible combination pollutant (PM2.5, PM10, and NO2)/infections, our Figure 4 shows in the correspondent cell the p-value obtained through a pairwise series computational comparison, using Granger. All this yields a total amount of 189 pairwise series comparisons. In particular, to read well the results: if a cell in Figure 4 reports a p-value less than 0.005, we have a confirmation of the causality relation between pollutant and infections (finally, note that if a cell in the Figure reports the value of 0, this means that a p-value less than 10−4 was computed).



For an easier comprehension of the Figure, one should also notice that the time scale values reported at the left of Figure 4 are the closing days of the two series (respectively, for pollutants and infections), namely the values termed: x2 and y2.



Precisely, x2 ranges in the Figure from 1 to 7 March or from 3 to 9 March, depending on the specific province under consideration with its correspondent lockdown date (8–10 March), while y2 may range from 15 to 21 March or from 17 to 23 March, due to the 14 days-long temporal shift with which we distanced the two series (pollution precedes infections).



To note, finally, is the fact of prominent importance that all the pairwise series comparisons whose results are reported in Figure 4 were conducted during a period when the lockdown measures were still inactive, since the specific series supposed as the cause of this relation (that is X, the pollutants) starts on 10 February and closes on 7 or 9 March, depending on the province.



All this said, what is clear from an analysis of Figure 4 is that we have got a total amount of 175 (out of 189) statistical confirmations (almost 93%) that X Granger causes Y; that is. that the pollutants under consideration have some effect on the number of new infections, from a Granger-causality perspective. In particular, this correlation is slightly more evident with PM2.5 (yielding 94%), rather than with PM10 and NO2 (92%). Further, to be specified is the fact that there are 189 different pairwise temporal series comparisons, and each was performed with the Granger method explained in Section 2.4.



Nonetheless, before one can come to some final conclusion, we have to remember, here again, the reflection we have anticipated in the previous Section, and that we can repeat, under the alternative form of a question: What about if the human activities carried out in the period from 10 February to 7 or 9 March, were the only common cause for both pollution and infections, exactly like in the causality scheme portrayed in the example a) of Figure 1?



If so, the value of the analysis we have conducted so far would be almost controversial. To respond to this doubt, we ask the reader to refer to the next Subsection.




3.2. After the Lockdown


As already told, the causal modeling method proposed by Granger was designed to handle pairs of variables, and consequently it may suffer from a typical limitation when a third variable is engaged in the relation, as explained in a previous Section. In our specific case, this third variable could be identified with all the variety of human activities that could be the common cause for both the air pollution and the spread of infections in Emilia-Romagna.



Nonetheless, an important factor has come to the scene through which we will try to argue that the relation identified in the previous Subsection still holds. This factor amounts to the lockdown decisions taken either on either 8 or 10 March, depending on the specific province under investigation.



As a result of these decisions, human activities had fallen down to a minimum starting again on either 8 or 10 March, depending on the province under consideration. This has a precise meaning with an impact onto the rationale behind our analysis, which is as follows: All what happens after those dates can no longer be ascribed to the activity carried out by humans (if not minimally).



Nonetheless, looking at this from an opposite perspective, one should also argue that this new factor (i.e., the lockdown) can also have a confusing effect on the researched phenomena, since the absence of humans in the scene could open the way to new unexpected implications, and hence to a variety of different possible interpretations.



To avoid this possible pitfall, we have redesigned our experiments with a specific care to select for our analysis only those provinces whose general characteristics could be considered to be more easily observable, with less external interferences. Two design principles drove us for this new set of experiments. The first was that to exclude from our analysis all those provinces with a too high number of infected individuals per population, with respect to the average value of the region under investigation. This way, Piacenza, Reggio nell’Emilia, Parma and Rimini were excluded, yielding the highest percentages of infected individuals per population, namely: 1.509%, 0.906%, 0.723% and 0.606% (as recorded on 9 May 2020). For an analogous reason, we excluded the largest province in the region, precisely Bologna, since it is suffering a very high number of infected individuals, which are currently as many as 4751. For an opposite motivation, we cut off from the second part of our study also the province of Ferrara, which for a long time, fortunately, had hit the lowest rate of infected individuals per population (even though it has recently recorded higher values, thus reaching currently the percentage of 0.281%).



Finally, excluded went also the province of Forlì-Cesena, in this case due to the fact that we measured a marked decrease in the amount of the values of the particulate measured during the new period of investigation.



To this aim, it is interesting to notice that the difference between the amount of particulate matter taken both before and after the lockdown, computed as an average of the daily measurements of the two two-weeks long periods that preceded and followed the lockdown date, ranged in an interval from +8.65 micrograms per cubic meter (Parma) to –3.33 micrograms per cubic meter (Rimini) for the PM2.5 pollutant, and from +6.30 micrograms per cubic meter (Parma) to –10.47 micrograms per cubic meter (Rimini) for the PM10 pollutant. (At this point, it is also interesting to remind to the reader that the acceptable daily limit considered for PM10 pollutant is set to be 50 micrograms per cubic meter).



All this considered, both the province of Modena and Ravenna were rather stable under this perspective, with incremental values amounting to: +7.86 (PM22.5) and +6.11 (PM2.5) micrograms per cubic meter for Modena, and +2.09 (PM10) and −3.37 (PM10) micrograms per cubic meter for Ravenna.



In essence, our post-lockdown analysis was confined to just the two provinces of Modena and Ravenna, because they both satisfy all the following requirements:




	
a rate of infected individuals ranging from moderate to mild (Modena, 0.538% or 3792; Ravenna, 0.281% or 995);



	
a quantity of infected individuals not hitting the highest values in absolute, like instead Reggio nell’Emilia (4835) and Bologna (4751), for example;



	
a relative stability in the in/decrease of the particulate matter after the restrictions imposed by the lockdown.








Summing up, our choice towards these two provinces have been orientated by the fact that they looked like to us as the only provinces on which the changes induced by the lockdown had a minimal external impact, even though the human activities were prohibited. In some sense, they were those provinces less affected by interferences whose causal factors remain unobservable and unknowable.



All this said, Figure 5 reports the results of our Granger causality analysis conducted for the provinces of both Modena (MO) and Ravenna (RA).



For a full comprehension of the Figure, one should notice that all has remained unchanged here, with respect to Figure 4, as to how the experiments were developed, with just these three natural considerations:




	
Each observed series closes in a period ranging, respectively, from 8 March (Modena) and 10 March (Ravenna) for the pollutants’ series, and from 22 March (Modena) and from 24 March (Ravenna) for the infections, up to 1 April (Modena) and to 13 April (Ravenna) for the pollutants’ series, and up to 15 April (Modena) and to 17 April (Ravenna) for the infections;



	
The beginning day for both series (pollution and infections) remains the same as in the comments provided for Figure 4.



	
The analysis, this time, was conducted just for the particulate matter of type: PM2.5 and PM10, not being available at that time stable measurements for NO2.








In essence, our scientific target, here, was to verify if the pairwise series correlation observed before was still confirmed, even if we have been adding some more 25 days at each series, with all the 25 days happened after that the lockdown took place.



To this aim, an analysis of the p - values of Figure 5 shows that we have got a total amount of 97 (out of 100) statistical confirmations (yielding a 97% value) that X Granger causes Y; that is, that some given pollutants have some effect on the number of infections, from a Granger-causality perspective.



To be precise, interesting is the fact that a similar analysis conducted for all the other provinces (Bologna, Ferrara, Forlì-Cesena, Parma, Piacenza, Reggio nell’Emilia and Rimini) provides a more controversial result, with a lower number of statistical confirmations (approximately around 50%), probably depending on all those interferences, happened as a consequence of the lockdown, which we mentioned before as the motivation of our decision for the exclusion.



Nonetheless, at the end of this study, we can maintain that strong statistical clues emerge in favor of a causal correlation between pollution and infections, at least in Emilia-Romagna. This should be confirmed by those readers who are taking into serious consideration the fact that we have conducted a careful study, based on an analysis of time series, considered both before and after the lockdown, and aimed at screening off all the typical limitations that can afflict the Granger causality hypothesis testing method.





4. Conclusions


We have conducted a statistical analysis that confirms, under a Granger causality perspective, that a causal correlation may exist between the two researched phenomena of: pollution and COVID-19 infections, in Emilia-Romagna, Italy. Here, we survey, at the end of the paper, the possible limitations of our study (as well as, its potentials).



As to this issue of possible fallacies and limitations of our investigations, we feel necessary to discuss, at least, on the three following points: (i) the robustness of the scientific methodology we adopted, (ii) the choice of the Emilia-Romagna region as the primary subject of our study, and finally (iii) the scientific validity of the data we used.



As far as the Granger causality method is concerned, we have already admitted that neither Granger, nor any other statistical testing procedure, can provide a final evidence that the two phenomena we have studied (i.e., pollution vs. COVID-19 infections) are definitely correlated in nature. In fact, to achieve an ultimate knowledge of this correlation, statistical evidences, like those demonstrated in this paper, should be always accompanied by additional experiments at a scale that is appropriate to the observed phenomena; that is, in this case, at a biomedical, chemical or even physical level. Apart from this issue, our study has demonstrated that using Granger may be a valid solution, over alternative computational methodologies, to infer statistical evidences from sets of data subjected to high levels of temporal uncertainty [35]. In this case, in particular, fundamental has been the idea of testing the correlation hypothesis with data taken both before and after the lockdown.



To move on to the second issue, we understand very well that the choice to limit our study to the Italian region of Emilia-Romagna can be a source of controversy, and a limitation, as well. However, none should forget that the COVID-19 pandemic spread to Italy very early in 2020, and that the virus hit this nation with a number of active cases (i.e., infections), and deaths, that were unmatched in Europe, at least at that time of the year. It is also another truth that the region hit hardest in Italy was Lombardy (with almost the 48% of all the fatalities in Italy). Nonetheless, we all know very well that Lombardy is still Italy’s COVID-19 hotspot, probably due to a combination of factors, including wrong medical, governmental, and industrial policies which are controversial, yet not negligible [36].



The Emilia-Romagna region was severely devasted, too (with almost the 12% of all the fatalities in Italy). However, regardless the size of the investigated sample, the relative absence of dispute on external factors, like overwhelmed hospitals and controversial decision making, at both a political and an industrial level, made this specific region a subject of study where the phenomena of interest (that is, pollution and infections) could emerge without an annoying level of external interferences.



Finally, it is the turn of the data. First, we want to emphasize that all the used data and statistics were publicly available, at the time of our investigation, on Italian governmental sites, precisely [1,27,28]. It is also worth noticing that all our experiments are reproducible using the data available in the public repositories we have mentioned. Nevertheless, it is also a fact that COVID-19 infections are by now assumed to be more widespread than initially expected, thus making many of the studies conducted so far (including ours) a poor proxy for understanding the extension of this infection, with all the relative implications [37]. Anyway, as already mentioned at the beginning of this paper, if we move beyond the relevance of our results, towards the real extent of the correlation we have statistically demonstrated, our ultimate aim is that of reinvigorating the debate on a scientific case (pollution vs. COVID-19), that should not go unsolved or remain uninvestigated.



As a very final note, it is worth mentioning that, for the sake of completeness, we have provided a graphical summarization of all the data we have used on our study in the Appendix A that follows this paper.
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Appendix A


We provide a summarization of all the data we used for our experiments. These graphs simultaneously show the curves for both the pollutants (black) and the COVID-19 infections (blue). On the x axis of all graphs reported are the timelines for the pollutants’ series (in black) and for the infections (in blue). Figure A1, Figure A2 and Figure A3 are, respectively, concerned with: PM2.5, PM10 and NO2.
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Figure A1. Particulate matter (PM2.5) and COVID-19 infections (all the examined periods). 
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Figure A2. Particulate matter (PM10) and COVID-19 infections (all the examined periods). 
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Figure A3. Particulate matter (NO2) and COVID-19 infections (all the examined periods). 
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Figure 1. Causality structure: (a) mutual interaction, (b) causal relation. 
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Figure 2. The role of the lag factor in the Granger formula: (a) without lag, (b) with lag. 
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Figure 3. Comparing temporal series: traditional methods (a); à la Granger methods (b). 
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Figure 4. Particulate matter and COVID-19 infections (before lockdown): Granger-causality and p-values. 
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Figure 5. Particulate matter and COVID-19 infections (after lockdown): Granger-causality and p-values. 
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