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During autumn 2020, Italy faced a second important SARS-CoV-2 epidemic wave. We explored the time pattern of the instantaneous reproductive number, R0(t), and estimated the prevalence of infections by region from August to December calibrating SIRD models on COVID-19-related deaths, fixing at values from literature Infection Fatality Rate (IFR) and average infection duration. A Global Sensitivity Analysis (GSA) was performed on the regional SIRD models. Then, we used Bayesian meta-analysis and meta-regression to combine and compare the regional results and investigate their heterogeneity. The meta-analytic R0(t) curves were similar in the Northern and Central regions, while a less peaked curve was estimated for the South. The maximum R0(t) ranged from 2.15 (South) to 2.61 (North) with an increase following school reopening and a decline at the end of October. The predictive performance of the regional models, assessed through cross validation, was good, with a Mean Absolute Percentage Error of 7.2% and 10.9% when considering prediction horizons of 7 and 14 days, respectively. Average temperature, urbanization, characteristics of family medicine and healthcare system, economic dynamism, and use of public transport could partly explain the regional heterogeneity. The GSA indicated the robustness of the regional R0(t) curves to different assumptions on IFR. The infectious period turned out to have a key role in determining the model results, but without compromising between-region comparisons.
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1. Introduction

After the first SARS-CoV-2 outbreak during spring 2020, Italy faced a stronger second epidemic wave during the autumn of the same year. In order to reduce the rate of contagion and prevent the collapse of the healthcare system, the Italian government introduced regional-level measures of social distancing of different degrees, starting from November 6th 2020. Among others, a national curfew from 10 pm to 5 am was implemented, and the regions were weekly classified as low risk, medium risk, and high risk zones (yellow, orange, and red zones, respectively), according to indicators centrally calculated by the Istituto Superiore di Sanità (ISS). The timing and the degree of the containment measures likely influenced the epidemic dynamics (1), but also socio-economic, demographic characteristics of the population, and environmental factors may have had a role in determining and moderating the level of contagion and its pattern over time. Investigating this issue might be important to prioritizing future interventions and address prevention plans.

Several studies investigated different aspects related to the epidemic dynamics during the first and/or the second wave in Italy by using compartmental models (2–5) or different approaches (6–8). Some studies performed descriptive comparisons among regions (mostly during the first wave) (9–12) or between the first and the second epidemic wave (13). Others explored possible determinants of the heterogeneity in COVID-19 incidence and mortality across the country, focusing on the beginning of the emergency in spring 2020 (14–16).

The aim of our study was to describe the epidemic dynamics in Italy from August 1st 2020 to the end of the same year, in order to obtain an overall picture of the second wave in the country with a special focus on the contagion spread, highlighting and investigating the heterogeneity among regions. We restricted our analysis to the second wave of the COVID-19 epidemic in order to explore associations net of extensive vaccination campaigns. To this end, we adopted a two-step procedure.

First, we estimated a compartmental model of SIRD-type for each region in order to investigate the trend of the contagions over time. Compartmental models, which take their name from the fundamental assumption that at each time during the epidemic the population is divided into homogeneous groups or “compartments”, are widely used in the literature for forecasting and inference purposes, with examples also in COVID-19 research (17). When the interest is to make inference, the model parameters are estimated minimizing the distance between observed data and model predictions (calibration). In our study, we calibrated the regional SIRD models on the daily number of notified COVID-19-related deaths, made publicly available by the Protezione Civile (18). Compared with the number of notified cases, mortality data—although possibly subject to some notification delays—can be considered as more reliable and likely less influenced by the capacity of the healthcare system to detect infections. The calibration procedure allowed us to investigate the behavior of the contagion over time in terms of instantaneous reproductive number R0(t), which quantifies the average number of secondary infections caused by a single infected individual over time, as well as in terms of the number of infected individuals, which can exceed, even by far, the number of the notified ones.

At the second step, we combined and compared the regional results by using Bayesian multivariate and univariate meta-analytic techniques, and we investigated through meta-regressions the possible role of region-level variables in explaining between-region discrepancies in terms of contagion spread.

In the regional SIRD models, we set the infection fatality rate (IFR) and the average time from infection onset to infection resolution to plausible values arising from the literature, in order to assure parameter identifiability. Treating part of the parameters in the compartmental models as fixed is a common practice that poses the problem, usually not addressed, of evaluating the robustness of the results when different values are specified for these parameters (19). In this paper, we performed a sensitivity analysis on the estimated R0(t) curve and prevalence of infections, by changing one at a time the values of IFR and infection duration in the SIRD models. Additionally, we implemented a Global Sensitivity Analysis (GSA) procedure (20) to quantify and characterize the uncertainty around the calibration results that propagated from the uncertainty around the values of those parameters that were not the object of the inference. Despite GSA is not yet widely used in epidemiology, it appears as one of the recommendations in the Manifesto by Saltelli et al. (21), which offers a critical view of modeling in time of pandemic.

Finally, as an ancillary result, we obtained an evaluation of the submerged fraction of contagion and an indirect assessment of the admissible IFR values, by comparing the number of infections estimated by the regional SIRD models, which by definition includes both notified and non-notified cases, with the observed number of notified infections reported by the Protezione Civile (18).



2. Materials and methods


2.1. Data

For our analyses, we used the national database on the evolution of the COVID-19 pandemic, made available on a daily basis by the Protezione Civile (18). This database collects the number of notified infections, COVID-19-related hospitalizations and deaths and recovered subjects by region. In the estimation phase, we used the daily number of COVID-19-related deaths from August 1st 2020 to January 14th 2021 for all Italian regions, and the number of notified infections circulating on July 31st 2020. The daily number of new infections and the daily number of circulating infections from August 1st 2020 to January 14th 2021 were used in a descriptive way to indirectly assess the submerged fraction of contagion. We extended the study period until January 14th to obtain a more stable inference on the month of December, taking into account that deaths observed today may result from contagions that occurred weeks ago.

We merged data of the two autonomous provinces of Trentino Alto Adige (Bolzano-Alto Adige and Trento) that were provided separately. We removed from the death counts of Emilia-Romagna 154 cases that, although happened during spring 2020, have been added to the data set on August 15th. In the map of Supplementary Figure S1, we represented, for each Italian region, the population size and the total number of COVID-19-related deaths notified during the study period (see also Supplementary Table S1).

We collected socio-demographic and economic indicators measured at the regional level for 2020 or for the last available year from the website of the Italian National Institute of Statistics (ISTAT) (22) (see Section 2.4 for further details). We calculated the regional average temperatures during the study period from the daily temperature measurements reported on the website www.ilmeteo.it.



2.2. Regional SIRD models

For each region, we adopted a compartmental model of SIRD type, described by the following system of differential equations:
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where S(t), I(t), R(t) and D(t) are the sizes of the Susceptible, Infected, Recovered and Deceased compartments at time t (23). For each region, we fixed I(0) to the number of notified infections circulating at time 0 (July 31st) as reported by the Protezione Civile (18), from now on denoted by i0. Denoting by N the regional population size as of January 1st 2020 (22), we approximated the number of susceptible people at time 0 as S(0) = N−i0, assuming that the total number of individuals who had become immunized since the start of the pandemic was negligible with respect to N (see Supplementary Table S1). We set D(0) = 0 and R(0) = 0, thus starting to count deaths and recoveries from August 1st. The parameters α and δ are the transition rates from the compartment of the infected individuals to the compartments of the recovered and deceased ones, respectively. They depend on the IFR, denoted by p, and on the average times from infection to death and from infection to recovery, denoted by TD and TR, respectively. Having set TD = TR = T, the following relationships hold: [image: image], [image: image] (24). The infection rate β(t) is related to the instantaneous reproductive number R0(t), modeled as time-dependent, as follows:
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At the beginning of the epidemic, R0(t) corresponds to the basic reproductive number, defined as the number of secondary infections generated by the first infected individual in the population. R0(t) is also related to the effective reproductive number, Rt = R0(t)S(t)/S(0) (25), that measures the actual transmission at a specific time accounting for the natural depletion of susceptible individuals as the contagion spreads. Rt departs from R0(t) only if the level of immunity in the population is not negligible, with a ratio S(t)/S(0) far from 1.

To get a flexible estimate of R0(t), we modeled it through a natural cubic regression spline (26), with 4 internal equi-spaced knots (6 degrees of freedom): R0(t) = s(t; ϑ), where ϑ is a vector of unknown coefficients, to be estimated.

We assured parameter identifiability by fixing in the model T = 14 days and p = 1.15%. The value p = 1.15% is the IFR estimate reported for the upper-income countries by the Imperial College COVID-19 response team (27). It is also consistent with the value of 1.14% estimated for Italy by the Italian Institute for International Political Studies (28) and used in a previous paper by the authors (29). Regarding T, the value of 14 days is in line with both the median time from symptoms onset to death reported by ISS for Italy (12 days) (30) and the estimated average time from infection onset to recovery of 13.4 days arisen from a meta-analysis (31). We explored these choices on p and T through one-factor-at-a-time sensitivity analysis and GSA.

In the estimation phase, we discretized the differential equations in (1) and evaluated the size of the compartments by considering unit time intervals (details in Supplementary Section S1). This allowed us to estimate the model minimizing over ϑ the following sum of squares:
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where t = 1 corresponds to August 1st 2020, t = K to January 14th 2021, and Dobs(t) denotes the cumulative number of deaths observed from August 1st 2020.

We performed the minimization of (3) through the auglag function of the nloptr package of R software (http://ab-initio.mit.edu/nlopt), constraining the function R0(t) to positive values. We ran the estimation algorithm 100 times, using different initial values sampled from a multivariate grid defined on the values of ϑ. Among the 100 parameters estimates thus obtained, we selected the estimate [image: image] associated to the lowest value of Q(·).

We implemented a parametric bootstrap procedure, in order to quantify the sampling variability around the estimates. Following a consolidated procedure (32, 33), we assumed a Negative Binomial distribution on the daily increments of the estimated time series [image: image] and generated 500 bootstrap samples to be used as observed time series in as many calibrations. The 90% confidence intervals or bands for the quantities of interest have been calculated as the 5th and 95th percentiles of the bootstrap distributions (see Supplementary Section S2 for further details).

We adopted a cross-validation approach similar to the one proposed in Šušteršič et al. (34) to assess the performance of our model in predicting COVID-19-related deaths in terms of Mean Absolute Percentage Error (MAPE) (10). We focused on prediction horizons of 7 and 14 days. Details on the validation procedure are reported in Supplementary Section S3.



2.3. One-factor-at-a-time sensitivity analysis and GSA

To investigate how changes in the values of p and T affected the estimates of R0(t) and the shapes of the epidemiological curves arising from the regional SIRD models, we repeated the analyses for p = 0.78%, 1.79% and T = 10, 18. The values p = 0.78% and p = 1.79% are the 95% confidence interval bounds of the IFR estimate in Brazeau et al. (27). We performed an additional analysis fixing p = 0.5%, as an extreme lower bound for the IFR. The value T = 10 is consistent with the 95% lower bound of the estimated mean time of Byrne et al. (31), while T = 18 is the estimated mean duration of the maximal infectious period from the same study.

Then, we went beyond the previous one-factor-at-a-time sensitivity analysis by performing a GSA, calculating the Sobol's variance indexes (20). Given a function that relates inputs to outputs, the GSA explores how the outputs vary as the inputs change, to determine the inputs most contributing to the behavior of the outputs (factor prioritization), finding non-influential inputs (model simplification), and investigating interaction effects between inputs. This can be done by propagating the uncertainty around the inputs to the outputs via MC simulations, then using the Sobol's decomposition of the variance of each output thus obtained, and apportioning it among the different inputs (35) (see Supplementary Section S4). The contribution of each input to the output variance can be quantified by computing first order indexes (and superior order indexes) and total variance indexes. In particular, the first order index of a given input represents the proportion of the output variance which is due to the main effect of the input (i.e., the first-order effect), while the total effect index represents the proportion of the output variance which is due to the main effect of the input and all its interactions with the other inputs (higher-order effects) (see Supplementary Section S4).

In our application, we considered as inputs the fixed parameters of the SIRD model (p, TR, TD, I(0)) and as outputs the parameters estimated by calibration, as well as derived quantities, such as the maximum and minimum R0(t), the peak of infections, and the dates at which they occurred, together with the first date when R0(t) reached the threshold of 1 after the maximum infection peak. The model was the calibration algorithm, given the observed data.

We calculated the first order and total variance indexes of each input on each output, relying on the results of 5'040 MC simulations, that in our case corresponded to 5'040 calibrations of the SIRD model. Each calibration was performed under a different combination of inputs, obtained by sampling p from the continuous uniform distribution [image: image] (27), and the transition times and I(0) from the following discrete uniform distributions: [image: image], [image: image], [image: image]. For each input, the aggregate total variance index on the vector ϑ was calculated as a weighted average of the total variance indexes of the single spline coefficients, with weights proportional to the output variability (36).

Given the huge computational effort required by the GSA implementation, we performed it on a virtual machine with 16 vCPU only for one region (Tuscany). However, we expect that the results can be generalized to the other regions. The GSA was conducted by using the soboljansen and the sobolMultOut functions of the R package sensitivity (https://cran.r-project.org/web/packages/sensitivity/sensitivity.pdf).



2.4. Bayesian meta-analyses and meta-regressions

We used a Bayesian multivariate random effects meta-analysis model to combine the estimated region-specific R0(t) curves, accounting for the heterogeneity among regions, and to combine the regional estimates of the monthly average prevalence of infection from September to December.

Additionally, we conducted Bayesian univariate random effects meta-analyses on the following quantities obtained from the regional R0(t) curves:

• average value of R0(t) from October 1st to December 31st;

• maximum value of R0(t) during the study period;

• variation of R0(t) during the 4 weeks following November 6th, date of the introduction of social distancing measures by the central government, with a classification of the regions according to three risk levels;

• variation of R0(t) during the 4 weeks following the beginning of the school.

For the variation of R0(t) during the 4 weeks following November 6th, we performed also meta-analyses by risk level assigned to the region in the first week of the introduction of restrictions. Univariate and multivariate meta-analyses were conducted on all regions and separately by geographical area: Southern regions (Basilicata, Calabria, Campania, Molise, Puglia, Sardegna, Sicilia), Central regions (Abruzzo, Lazio, Marche, Toscana, Umbria), Northern regions (Emilia Romagna, Friuli Venezia Giulia, Liguria, Lombardia, Piemonte, Trentino, Valle d'Aosta, Veneto).

Finally, Bayesian meta-regression analyses were performed on the average R0(t) from October 1st to December 31st in order to investigate possible sources of between-region heterogeneity. Specifically, we evaluated as possible effect modifiers the following variables measured at the regional level (for 2020 or for the last available year): percentage of people with at least two chronic diseases in the population, number of general practitioners per 10'000 residents, number of pediatricians per 10'000 children, number of hospitals per 1,000 residents, percentage of public hospitals over the total number of hospitals, aging index (number of over 65 per 100 individuals younger than 15), mean age of the population, average size of households, percentage of people aged 24–65 with an academic degree per 10'000 residents, schooling index (percentage of the individuals aged 20–24 who have at least a high school diploma), percentage of children attending kindergartens, percentage of workers using public transport to go to work, percentage of people aged 0–34 using public transport to go to school, poverty index (percentage of people living in households below the poverty threshold), employment rate (percentage of employed persons in the class of age 15–64), tourism rate (days of presence of tourists during the year per inhabitant), total energy consumption of industries and manufactures, percentage of residents living in high-urbanization areas, average temperature from October to December 2020 (see Supplementary Table S2 for details on meta-regressors and related references). We specified separate meta-regression models each of which included only one meta-regressor.

In all analyses, non-informative priors were assumed on the model hyperparameters. We get a sample from the joint posterior distribution of the hyperparameters via MCMC algorithm. A description of models and software used for the analysis is reported in Supplementary Section S5.




3. Results


3.1. Results of the main analysis (p = 1.15%, T = 14)

The fit of the SIRD model was good for all regions, with the expected cumulative deaths close to the observed ones (Supplementary Figure S2).

In Figure 1 we reported the estimated curves of R0(t) arising from the regional SIRD models with their 90% point-wise confidence bands. For the regions where the first COVID-19-related death was observed after the second week of August, the curve was shown starting 14 days before the first death, because of the extremely poor information on the previous period. We highlighted in gray the last 14 days of the study period, included in the analysis to make estimates more stable for the last weeks of 2020.


[image: Figure 1]
FIGURE 1
 Estimated R0(t) with point-wise 90% confidence bands, by region; p = 1.15%, T = 14 days.


The pattern of R0(t) was heterogeneous among regions, but a mid/late-October peak was visible as the culmination of a growth started in early/mid-September, with only two exceptions: Campania and Friuli Venezia Giulia. In several regions, R0(t) declined and then increased again starting from mid-December.

Figure 2 summarizes these regional results showing the overall meta-analytic Italian R0(t) curve and the meta-analytic curves by geographical area, obtained from Bayesian multivariate meta-analyses (posterior mean curve and 90% point-wise credible intervals). It is quite evident that during the second epidemic wave the shape of R0(t) was similar in the Northern and Central regions, with an initial increase and a clear peak around the middle of October. On the contrary, the overall curve for Southern regions was flatter, without the initial decrease. The combination of all the regional curves leads to an overall R0(t) curve (left plot) similar to the one obtained for the Northern and Central regions, even though with tighter credible bands.


[image: Figure 2]
FIGURE 2
 Posterior mean of the meta-analytic curves of R0(t) with point-wise 90% credible bands for the entire country and by geographical area; p = 1.15%, T = 14 days.


In Figure 3A, we reported the regional curves describing the prevalence of infections per 1, 000 inhabitants over time, arising from the SIRD models (see also Supplementary Figures S3, S4 and Supplementary Table S3). These estimates are inclusive of detected and undetected cases, thus, in principle, they should be an upper bound for the number of notified cases provided by the Protezione Civile (see Section 3.3 for a discussion about this point). Valle d'Aosta exhibited the largest peak of prevalence, reached in the first half of November, with more than 50 circulating infections every 1,000 inhabitants. It was followed—even though with less than half the value of its prevalence—by Friuli Venezia Giulia, Veneto, Piemonte, Lombardia, Trentino Alto Adige and then by Liguria and Emilia Romagna. The lowest prevalence was estimated for Calabria. Liguria and Valle d'Aosta reached the peak of circulating infections before the other regions, while Veneto was the last one.


[image: Figure 3]
FIGURE 3
 (A) Estimated prevalence of infections (number of circulating infections over 1,000 inhabitants) by region, and (B) posterior mean of the meta-analytic monthly-average prevalences, for the entire country and by geographical areas, with 90% credible intervals (lower panel); p = 1.15%, T = 14 days.


The overall estimates of the average monthly prevalence arising from the Bayesian multivariate meta-analysis (Figure 3B) highlight how the prevalence of infections in the Northern regions was larger than in the Central and Southern ones, exceeding on average 15 cases every 1,000 inhabitants during the month of November.

The values of the MAPE averaged over the regions were 7.2% and 10.9% for the 7 days and 14 days prediction horizons, respectively. The region-specific MAPEs at 7 days ranged from 3.3% (Veneto) to 22.6% (Valle d'Aosta), those at 14 days ranged from 4.1% (Basilicata) to 26.0% (Valle d'Aosta) (see Supplementary Table S4).


3.1.1. Results of univariate meta-analyses and meta-regressions

Table 1 summarizes the results of the Bayesian meta-analyses on the quantities derived from the regional R0(t) curves: average value of R0(t) from October to December, maximum value of R0(t) over the study period, changes in R0(t) arising in 4 weeks after school re-opening and after the introduction of national restrictions on November 6th. For all quantities, the heterogeneity among regions was high, with the lowest I2 index estimated among the Southern regions (the I2 index is the percentage of the total variability due to the between regions heterogeneity—see Supplementary Section S5). The average level of R0(t), as well as its maximum, was higher in the Central and Northern regions than in the Southern ones. An overall increase of R0(t) equal to 0.50 was estimated during the first 4 weeks after school re-opening in September (the dates of school re-opening in every region are reported in Supplementary Table S5). This increase was lower in the Southern regions than in the Central and Northern ones.


TABLE 1 Results of the Bayesian meta-analyses (posterior mean of the quantity of interest and posterior median of the I2 index, with associated 90% credible intervals) conducted on: average value of R0(t) from October to December, maximum value of R0(t) over the study period, changes in R0(t) after school re-opening and after the introduction of national restrictions on November 6th; p = 1.15%, T = 14 days.

[image: Table 1]

We found also evidence of an overall decline of R0(t) equal to 0.75 during the 4 weeks following the introduction of the restrictions on November 6th. This decline was similar across geographical areas (Table 1), but appeared to be associated with the strength of the measures adopted at a regional level, as shown by the posterior distributions reported in Figure 4A. In the four regions initially classified as at high risk (red regions: Calabria, Lombardia, Piemonte, Valle d'Aosta), where stronger restrictions were immediately adopted, the decline was steeper than in the two regions classified as at medium risk (orange regions: Puglia, Sicilia) and in the remaining 14 low risk regions (yellow), subject to lighter measures.


[image: Figure 4]
FIGURE 4
 (A) Posterior distributions of the change in R0(t) during the first 4 weeks following the introduction of the restriction measures on November 6th, by level of alarm assigned to the region, and (B) results of the meta-regressions on the average value of R0(t) from October to December (posterior distribution of the variation in the average value of R0(t) ×100, associated to a change in the meta-regressor equal to its observed interquartile range); p = 1.15%, T = 14 days.


Figure 4B and Supplementary Table S6 show the results of the meta-regressions on the average value of R0(t) from October to December. For each meta-regressor, the result is reported in terms of change in the average value of R0(t) associated with a variation of one interquartile range (IQR) in the meta-regressor itself. The change was multiplied by 100 so that the reported value indicates the change in the number of secondary infections derived from 100 infected individuals. For example, we found that an increase of 6.75 in the percentage of students that used public transport—6.75 is the IQR for this meta-regressor reported in Supplementary Table S6—was associated with an increase of 5.76 units in the average number of secondary infections derived from 100 infected subjects, or that an increase of 1.14 in the number of family physicians per 10'000 residents was associated with a 10 units decrease in the average number of secondary infections derived from 100 infected subjects. We considered a meta-regressor relevant if the posterior probability that the change was larger than 5 or lower than -5 exceeded 50%, i.e., if the posterior median, represented by the horizontal line through the box in Figure 4B, was outside the range [−5, 5] (notice that median and mean are very close given the symmetry of the posterior distributions). According to this criterion, it was evident a positive marginal association of the average R0(t) with employment rate, use of kindergartens, tourism rate and, to a less extent, with the percentage of population living in high urbanization areas, schooling index, and use of public transport to go to school. A negative association was found with the number of practitioners and pediatricians per inhabitant, poverty index, temperature, prevalence of people with at least two chronic diseases, and, to a less extent, with the proportion of public hospitals.




3.2. Results of the sensitivity analyses

The shape of the regional R0(t) curves appeared quite similar under different IFR scenarios when T = 14, as shown by the comparison of the overall meta-analytic curves obtained by fixing the IFR to different values in the regional SIRD models (left panel of Figure 5A). Some discrepancy was observed only at the beginning of the study period, when larger values of R0(t) were obtained in correspondence of smaller values of p. The regional curves obtained changing p are shown in Supplementary Figures S5–S7.


[image: Figure 5]
FIGURE 5
 (A) Posterior mean and 90% credible bands of the meta-analytic R0 curves and (B) posterior mean and 90% credible intervals of the meta-analytic monthly-averaged prevalence per 1,000 inhabitants (second and third rows) for the entire country, when using different values for p, fixed T = 14 days, and when using different values for T, fixed p = 1.15%.


The right panel of Figure 5A compares the overall meta-analytic curve obtained by assuming different values for T, having fixed p = 1.15%. A shorter infection duration corresponded to a less peaked curve, but the date when R0(t) was maximum and the date when it first crossed the value of 1 after the introduction of containment measures were preserved.

In the lower panel of Figure 5, we reported the meta-analytic estimates of the monthly averaged prevalence of infections per 1,000 inhabitants from September to December, when changing p, fixed T (second row), and when changing T, fixed p (third row). The estimated prevalence decreased consistently with the value of p and increased with the values of T. Notice that the number of prevalent infections when T = 10 and p = 1.15% and when T = 14 and p = 1.79% resembled one another. The same happened with the pairs of parameters T = 14, p = 0.78%, and T = 18, p = 1.15%. This suggests that increasing (decreasing) p produces the same effect of decreasing (increasing) T, when the other parameter is fixed, and that a global evaluation of the impact of these quantities on the results is required.

Table 2 shows the total variance indexes, including the aggregate index for the vector ϑ, and the first order indexes obtained from the GSA procedure. As suggested by the magnitude of the total variance indexes, changes of the fixed parameters p, TD, and I(0) had a very low impact on the coefficients vector ϑ. On the contrary, TR exhibited the greatest aggregated total variance index (0.72), proving to be an input that contributed very much to the R0(t) curve as a whole. Regarding the impact on the derived quantities, TR was still the most relevant input (the only relevant on the maximum values of R0(t)), even if non-negligible indexes were found also for the other inputs, especially on the date of occurrence of the maximum R0(t), on the date when R0(t) crossed the threshold of 1 and on the date of the peak of infections.


TABLE 2 Total variance indexes and first order indexes of each model input (by row) on the coefficients of the R0(t) regression spline, maximum and minimum values of R0(t) with the corresponding dates, date in which R0(t) first crossed the value of 1, infection peak with the corresponding date (by column).

[image: Table 2]

In order to correctly interpret these results, one should however consider that some outputs could vary within a small range of values as the inputs change. Hence, the corresponding total variance indexes, although high, could actually derive from the apportionment of a small total variance. This is in itself indicative of overall robustness of these outputs to inputs perturbations. For instance (Supplementary Figure S8 and Supplementary Table S7), the date of the infection peak (coefficient of variation 0.002) was almost unaffected by variations of the model inputs as well as the date in which R0(t) crossed the value of 1 (coefficient of variation 0.01). Analogously ϑ4 had the most dispersed distribution among the other coefficients, suggesting its greater sensitivity to changes of the inputs values. This larger dispersion was considered in the calculation of the aggregate total variance index, which averages the single total variance indexes with weights proportional to the ϑi variances (36).

While in the regional SIRD models we constrained TD = TR = T, the GSA was conducted allowing TD to vary independently of TR. This choice emphasized that TD was less relevant than TR on output variability. Therefore, we can conclude that, when TR is properly set, misspecification of TD has a negligible effect. In such a case, forcing TD to be equal to TR, as in our regional analysis, produces a simplification of the SIRD model without inducing relevant variations in the outputs.

Finally, being the total variance indexes for ϑ only slightly higher than the corresponding first order indexes, it was evident that interactions among inputs were not relevant on the estimated R0(t) curve. On the contrary, interactions were a relevant source of variability in the derived quantities.

The fact that the first order indexes on the derived quantities were sometimes negative, in most cases close to zero, was due to a poor MC approximation. Negative indexes are not unusual when the contribution of the inputs is negligible and can be avoided by increasing the number of MC simulations (20).



3.3. Comparison between observed infections and infections predicted by the model

The number of new infections estimated by the SIRD model should be interpreted as inclusive of the undetected cases, thus one would expect it to be an upper bound for the observed number of new notified cases reported by the Protezione Civile. However, for some regions the observed number of new notified infections sometimes exceeded the number of new infections estimated by calibrating the SIRD model on the observed COVID-19-related deaths (Supplementary Figure S3). This paradoxical result could be partly due to systematic errors (e.g., notifications concentrated on particular days of the week) and delays in the notification of cases but it could be also related to an inappropriate assumption on p. In fact, as the lower panel of Figure 5B shows, the predicted number of infections strongly depends on the value of p assumed in the model. In other words, given the observed time series of COVID-19-related deaths, we could have estimated a lower prevalence of infections assuming a higher IFR scenario, and conversely a higher prevalence of infections assuming a lower IFR scenario. Accounting for this, if the observed number of new notified infections exceeds the estimated number of new infections, the value p = 1.15% could be too high.

As an example, in Figure 6 we compared the predicted number of new infections for Campania and Liguria under different IFR scenarios. As the value assumed for the IFR increased, the number of new infections estimated by the model became smaller, to the extent of being, in the case of Campania, inconsistently lower than the observed number of new notified infections when p = 1.15% and p = 1.79%. On the contrary, for Liguria the estimated curves were overall consistent with the observed number of new notified infections, regardless of the IFR used in the analysis. The only exception was for p = 1.79%, when the observed number of new cases notified during August and September slightly exceeded the model predictions.


[image: Figure 6]
FIGURE 6
 Estimated number of new infections (black line) in Liguria and Campania with pointwise 90% confidence bands, when setting in the SIRD model the infection fatality rate p to 0.5, 0.78, 1.15, and 1.79%, along with the observed number of new notified infections (green points), by region; T = 14 days.





4. Discussion

In this paper, we used official data publicly available to study the SARS-CoV-2 epidemic dynamics in Italy and to investigate regional heterogeneity. We conducted our analyses on the time window corresponding to the second epidemic wave in Italy, which did not include the first months of 2021, when an extensive vaccination campaign began in the country. This permitted us to specify regional models that did not account for the immunity progressively acquired by part of the population.

In the literature a variety of indexes describing the evolution of the pandemic have been proposed (see Giraudo et al. (37) among others). However, here we focused only on the instantaneous reproductive number, R0(t), and we modeled it through a regression spline in order to capture how the strength of contagion varied over time. R0(t) describes the speed of the contagion and depends directly or indirectly on countless factors, including virus infectiousness, socio-demographic and economic characteristics of the population, the efficacy of contact-tracing procedures, restriction policies. Being directly related to the number of contacts across the population, it is very sensitive to the introduction of social distancing measures.

Alternative methods exist to estimate R0(t) (25), but the main advantage of estimating R0(t) through compartmental models is that they allow quantifying also the number of incident and prevalent infections over time, and, more in general, the size of all defined compartments. Additionally, they permit to estimate R0(t) relying on the observed time series of daily COVID-19-related deaths, which, in our context, was the most reliable quantity among those reported in the Protezione Civile database. Even though we cannot exclude a certain amount of mortality under-reporting—an important problem during the initial phase of the COVID-19 emergency—this was probably negligible during the second epidemic wave.

Under the hypothesis that the assumptions underlying the SIRD model are acceptable, the good predictive performance of our approach suggests that we are correctly describing the variations of the infectious reproductive number over time.


4.1. Discussion on the main analysis

Our results indicated that in Italy, during the second SARS-CoV-2 epidemic wave, the instantaneous reproductive number changed over time heterogeneously across regions, but with some important common elements. Among them, the increase of R0(t) during September, stronger in the Northern and Central regions than in the Southern ones, which led to a dangerously high level of contagion in mid-October, followed by a decline of the contagion spread. We cannot exclude that this pattern was due to a phenomenon of seasonal variation typical of respiratory infections (38), but it was also suggestive of a possible role of school reopening in September in amplifying infection spreading, as argued also by Larosa et al. (39). Although contagion within school has been sometimes declared to be no higher than in other contexts (40, 41), this issue is still debated (42). In particular, reopening schools may have facilitated contagions through intensifying the number and the duration of interpersonal contacts within and outside schools, especially with the use of the public transport (1). This seems to be confirmed by the meta-regression results: the regions where the percentage of students using public transport was higher tended to be characterized by higher average levels of R0(t).

Also meteorological conditions (temperature, humidity and UV radiations) may have had an impact on contagion spread through modulating SARS-CoV-2 infectiousness (38, 43–45). Additionally, with the arrival of the autumn, recreational and sport activities moved, as usual, to closed places, with a consequent increase of the contagion risk (46, 47). The possible role of ambient temperature as a moderator of the contagion was suggested also by the meta-regression: higher average regional temperatures were associated with lower values of the average R0(t) from October to December. One factor that may have contributed to the peak of the R0(t) curve in October was also the full resumption of many work activities after the summer vacation.

Finally, at the end of September (20th-21st) regional elections took place in seven regions (Toscana, Marche, Campania, Puglia, Veneto, Liguria, Valle d'Aosta) and administrative elections took place in 1,184 municipalities around the country. The fact that, as per tradition, voting stations have been set up in school buildings during the weekend and that people moved within and between regions to reach their places of residence in order to vote should not be a priori ruled out as a possible source of contagion amplification, as documented elsewhere (48, 49).

The decline of the R0(t) curves after the October peak was likely related to the restrictions progressively put in place by the central government. This decline tended to be steeper in the regions earlier classified as high-risk zones, where stronger restrictions were immediately introduced. However, it should be also noticed that, especially in the Northern and Central regions, the decline apparently started before the introduction of restrictions on November 6th. This could be indicative of the efficacy of local measures introduced in some regions before the national ones or reflect spontaneous changes in behavior of the population in the face of worrying levels of contagion. At the end of November, the instantaneous reproductive number was below or very close to the threshold of 1 everywhere. Then, a new increase was observed during the second half of December. This was particularly evident in the Southern regions, probably due to travels within and between regions related to the Christmas holidays.

Overall, our results about the shape of R0(t) are coherent with those reported in other analyses of the second epidemic wave in Italy. In particular, Ferrari et al. (10), who estimated the reproductive number at the provincial level by calibrating on notified cases, found that by mid-October the reproductive number was greater than 2 in almost all provinces. Furthermore, in many provinces of Liguria, Abruzzo, Toscana and Umbria they estimated a reproductive number consistent with our finding that in these regions R0(t) reached the value 1 faster than in others (Figure 1). Finally, similarly to us, they conclude that in December the reproductive number was smaller than 1 in almost all of Italy.

The “flat” R0(t) curve estimated for the Southern regions, with a maximum value slightly larger than 2, versus a maximum close to 3 in the rest of the country, was indicative of apparently different dynamics of contagion in the South, perhaps related to specific environmental, demographic, and socioeconomic characteristics or to a greater ability to control contagion. Focusing on the average level of R0(t), we tried to explain through meta-regression part of the observed between-region heterogeneity. Our meta-regression results should not be used to draw conclusions about the existence of causal relationships linking the strength of contagion with the regional features, but suggest hypotheses that should be investigated through subsequent ad-hoc studies. The positive association of the average value of R0(t) with employment rate and schooling rate, and its negative association with the poverty index seems to indicate that population lifestyles typical of richer socio-economic contexts may have helped the virus spread. Also, population density, here measured in terms of percentage of people residing in high urbanization areas, was one of the possible predictors of a higher instantaneous reproductive number, as well as tourism attractiveness of the region. However, in interpreting this latter result, one should consider that tourism flows have undergone considerable changes due to the COVID-19 emergency and that in our meta-regression we included the tourism rate of the year 2018, the last available.

As already discussed, our meta-regressions highlighted the potential role of school-related commuting in enhancing the contagion. We also found that the percentage of children attending kindergarten had a positive association with the R0(t) level. This result could simply reflect the fact that taking advantage of the kindergartens service is a proxy of the employment level in the region or could be indicative that kindergartens themselves have had a role in spreading infections. Notice that kindergartens have been usually kept open during the second epidemic wave. Interestingly, we found that the average R0(t) was lower where the number of family physicians and pediatricians per inhabitants, as well as the proportion of public healthcare institutes, were higher. These results could indicate the important role of family medicine and public sanitary service in preventing contagion.

In interpreting the results of the meta-regression, we must take into account that some of the meta-regressors followed a North-South gradient, so it is difficult to disentangle their role from that of possible unobserved factors that varied with latitude. However, it is also worth noting that our meta-regression results are very similar to those reported elsewhere and obtained using analytical approaches different from ours (e.g., regressions and geographical modeling) on data from different countries. There are several studies in the literature that have explored the association of socioeconomic, demographic, and health variables with COVID-19-related cases and deaths (50–56). Chang et al. (55) analyzed the role of variables measured before the COVID-19 outbreak in explaining the number of confirmed infections and deaths in 91 countries during the second epidemic wave. Similarly to us, they list as "aggravating" factors the level of urbanization, the average age of the population, tourism, and indicators of economic well-being such as GDP; temperature and health infrastructure are listed among the "mitigating" factors, as well as, unlike in our analysis, the level of education of the population. In line with us, most studies have found a positive association between infection level and population density (50–54) and, interestingly, Gonzalez-Val et al. (50) report a negative association between the number of infections and physician density. Sã (54), focusing on the early months of the COVID-19 epidemic in England and the Wales, found that areas where there was a higher fraction of people using public transport had a higher number of COVID-19 infections per 100,000 people. Our result on the percentage of children attending kindergarten is not confirmed in González-Val and Sanz-Gracia (50), where a negative association is reported between the number of cases and the percentage of schoolchildren and children attending daycare.

Since the onset of the COVID-19 emergency, interest on the relationship between contagion and weather conditions has been very strong (57, 58). Several studies conducted on a global scale and on specific countries focused on the association between climate and the spread of the SARS-CoV-2 virus (59–61). In most cases, the evidence indicated that the level of contagion was lower where temperatures were higher. Our meta-regression results are consistent with this literature.



4.2. Discussion on the sensitivity analyses

Compartmental models can be very complex when many compartments are defined and many transitions between them are allowed. Complexity goes hand in hand with an increase in the number of unknown parameters that cannot be estimated due to structural and practical identifiability problems. Most of the complicated compartmental models proposed in the literature rely on fixing the values of a large number of parameters without even studying the impact on the results of those arbitrarily chosen values (21, 62).

In this paper, we performed both one-factor-at-a-time sensitivity analysis and GSA. These two sensitivity analyses have a different interpretation and their results were not directly comparable. In fact, in the one-factor-at-a-time sensitivity analysis we ignored how the inputs interacted and inspected the model outputs only for a few values of IFR and infection duration. On the contrary, with the GSA, we explored the whole space of the non-estimated parameters of the SIRD model.

The GSA indicated that there was interaction among the inputs and that there were no completely negligible inputs. The initial number of infected I(0) resulted to be the less influential input. Notice that we were interested in evaluating the relevance of I(0) since in the main analysis we forced it to be equal to the number of notified infections present in the region on July 31st, thus assuming that the regional screening and tracing systems were initially able to detect all new infections. A second important result was related to the model simplification that we adopted in the regional SIRD models, assuming TD = TR = T: this simplification is admissible if the infection duration is set to plausible values for TR. On the other hand, TR resulted to be the most influential parameter, suggesting that an accurate knowledge of TR would be needed for better predictions and understanding of the pandemic. Unfortunately, improving the empirical evidence on TR is not trivial, because of its complex nature (TR is both the average time from infection onset to recovery and the average time of infectiousness) and its dependence on undetected infections.

Finally, the GSA confirmed the robustness, already documented elsewhere (29), of the estimated R0(t) curve to the value assigned to p. Under the reasonable assumption that the average infection time was homogeneous across the regions (the infection time is mainly related to virus and disease characteristics) and considering that changing the value of T the regional R0(t) curves inflated/deflated but preserved their overall shape, this robustness should assure that the conclusions drawn from the comparison of the regional R0(t) curves are not affected by specific choices of IFR and T.



4.3. Discussion on the IFR value

Our model produced regional estimates of the number of circulating infections, inclusive of the submerged fraction of the contagion. This quantity, combined with R0(t), determines the number of new infections, and it is useful to assess the actual impact of the contagion on the healthcare system: if a large instantaneous reproductive number can be sustainable at the beginning of the epidemic when the number of cases is low, a low instantaneous reproductive number may not be sustainable when the number of infections is large.

For identifiability reasons, we did not estimate the IFR, but our analysis indirectly provided indications about plausible values for this parameter through a comparison between the observed cases reported by the Protezione Civile (18) and the number of infections predicted by the SIRD model under three different scenarios of IFR. Under the assumption of an average waiting time from infection onset to infection resolution (death or recovery) equal to 14 days, our findings seem to indicate that during the study period the IFR may have changed over time and space. In particular, according to our results, the IFR was likely lower than 1.15% in the initial phase of the second epidemic wave, when the virus mainly circulated among younger people (63), as well as in many Southern regions, including Campania, which is, not by chance, the region with the lowest aging index in Italy (22). Conversely, an IFR equal to 1.79%, the upper bound considered in our sensitivity analysis, is not consistent with the observed infection dynamics in most regions, because it would lead to a predicted number of infections smaller than the observed number of notified cases.

Assuming p = 0.5%, not far from the IFR estimate reported in the review by Ioannidis (64), we would obtain quite high estimates of infection prevalence which could be reasonably considered as an extreme—even though not impossible—upper bound.

Notice that, in principle, the observed inconsistency between predicted infections and notified infections in the Southern regions could partly be solved by assuming for them a longer average waiting time T (e.g., T = 18 days), with p = 1.15%. Indeed, as shown by the sensitivity analysis results, the parameters p and T jointly affect the epidemic curve generated by the SIRD. However, as already explained, this hypothesis seems less plausible than the hypothesis of a heterogeneous IFR.



4.4. Study limitations

Our study has some limitations. Regarding the regional analyses, the SIRD model relied on strong assumptions that could be partly unrealistic: the population was homogeneously mixed, with people making contact at random, and closed, with no contacts among individuals belonging to different regions or countries; transition parameters were constant across individuals who were present at the same time in the same compartment; there was not reinfection and no incubation period. Importantly, an individual becoming infected on the day t was supposed to be infectious starting from the day t+1 until infection resolution. This was quite an unrealistic assumption for the infected individuals that were notified, thus isolated. Additionally, as usual in compartmental models in their simplest form, we implicitly assumed that the transition times were exponentially distributed (65), inducing a non-negligible probability of infection durations much longer than the average, as well as a high probability of very short waiting times.

As already discussed in Section 4.3, also the assumption of an IFR which is constant over time was questionable, in the light of the comparison between the observed notified cases and the infections predicted by the SIRD model. In fact, the IFR may have changed over time due to the spread of new variants with different lethality, as well as to changes in the composition of the population at risk that may have become on average more or less frail over time.

We calibrated the SIRD models only on the observed COVID-19-related deaths, without exploiting the availability of other observed time series, like the ones of notified infected. Calibrating on the notified infected would have required the formulation of a more complex compartmental model with separate compartments for detected and undetected cases and the introduction of additional unknown transition parameters (2–4, 29). On the other hand, this more complex model would have also allowed us to take into account the fact that, once detected and isolated, the infected individuals spread the contagion less than the undetected ones. An additional limitation concerns the fact that the regression spline used to model the regional R0(t) curves could be quite sensitive to the knots position. One could extend the procedure to the use of penalized splines (26).

Following a procedure which is frequently used in compartment models literature (32, 66), we did not make assumptions about data distribution in the phase of estimation of the SIRD parameters, but we generated bootstrap samples for confidence intervals construction by assuming a Negative Binomial distribution on the daily increments of deaths. Alternative approaches rely on likelihoods maximization or Bayesian inference, but compartmental models often exhibit complex likelihoods requiring particle filtering methods to be maximized (67) or computationally intensive methods based on data augmentation procedures (68). In the Bayesian framework, likelihood-free approaches have been also proposed (69).

The bootstrap percentile intervals could have lower coverage than the nominal one (70). Bias-corrected and accelerated bootstrap confidence intervals could have better performance (71), but they are too computationally demanding to be applied in this context.

In meta-regression we did not focus on environmental variables other than the regional average temperature, but also solar radiation, humidity, and air pollution have been suggested as affecting the contagion rate as well as COVID-19-related mortality or hospitalization (72–74). Finally, a finer geographic detail, such as considering provinces or municipalities instead of regions, would have allowed us to better appreciate the sources of heterogeneity in the spread of contagion. However, besides the fact that in Italy mortality data are not made freely available at this detail, estimating R0(t) at the provincial or finer level would have led to a more unstable inference. Not to mention that, at this geographic detail, the assumption of a closed population would be even more questionable.




5. Conclusion

Despite the difficulty of drawing information from limited data, our approach allowed us to estimate R0(t) and to evaluate the prevalence of infections during the second SARS-CoV-2 wave in Italy at the regional level.

Beyond the common elements—including a peak in mid-October and a decline during November, which was more pronounced in regions where stronger restrictions were applied first—the rate of contagion changed heterogeneously among regions over time. This shows that models treating the phenomenon at the national level could ignore important characteristics, specific to certain areas.

The meta-regression results show that the observed heterogeneity can be partly explained by socioeconomic and demographic factors, such as level of urbanization, family medicine and healthcare system, employment rate, use of public transport for school commuting. Higher temperatures were associated to lower R0(t) levels. These factors should be further explored with finer geographical scale analyses.

The results of the sensitivity analyses reassure us that the overall shape of the estimated R0(t) curves and the conclusions drawn from the comparisons of the regional curves are robust to changes in the values of the parameters that we considered as fixed to make the SIRD model identifiable. On the contrary, the estimate of the prevalence of infections was strongly influenced by the assumptions regarding the IFR. Furthermore, our results seem to support the hypothesis of a heterogeneous IFR over time and across regions, that may have been lower than 1% in some regions, especially at the beginning of the epidemic wave.

Regarding sensitivity analysis, GSA has proven to be a powerful and promising tool and its use should be encouraged in this and other research contexts.



Data availability statement

This study is based on publicly available datasets. The data used in the compartmental models are available here: https://github.com/pcm-dpc/COVID-19.



Author contributions

MB supervised the project. All authors conceived the study, performed the statistical analyses, discussed the results, and wrote the paper. All authors contributed to the article and approved the submitted version.



Funding

This work was partly conducted within a Research Agreeement between Department of Statistics, Computer Science, Applications, University of Florence and Agenzia Regionale di Sanità della Toscana (ARS-REP 2321/2020 “SARS-CoV-2 epidemic. Analytical tools for modeling and predicting contagion dynamics and their impact on the health service”, Responsible: MB).



Acknowledgments

We thank Luca Gherardini for the help in R code optimization and Prof. Fabrizia Mealli for the support to the project as chief of the Florence Center for Data Science.



Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.



Publisher's note

All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.



Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fpubh.2022.919456/full#supplementary-material



References

 1. Chirico F, Sacco A, Nucera G, Magnavita N. Coronavirus disease 2019: the second wave in Italy. J Health Res. (2021) 35:359–63. doi: 10.1108/JHR-10-2020-0514 

 2. Gaeta G. A simple SIR model with a large set of asymptomatic infectives. Math Eng. (2021) 3:1–39. doi: 10.3934/mine.2021013

 3. Romano S, Fierro A, Liccardo A. Beyond the peak: a deterministic compartment model for exploring the COVID-19 evolution in Italy. PLoS ONE. (2020) 15:e0241951. doi: 10.1371/journal.pone.0241951

 4. Russo L, Anastassopoulou C, Tsakris A, Bifulco G, Campana E, Toraldo G, et al. Tracing day-zero and forecasting the COVID-19 outbreak in Lombardy, Italy: a compartmental modelling and numerical optimization approach. PLoS ONE. (2020) 10:e0240649. doi: 10.1371/journal.pone.0240649

 5. Faranda D, Alberti T. Modeling the second wave of COVID-19 infections in France and Italy via a stochastic SEIR model. Chaos. (2020) 30:111101. doi: 10.1063/5.0015943

 6. Alaimo Di Loro P, et al. Nowcasting COVID-19 incidence indicators during the Italian first outbreak. Stat Med. (2021) 40:3843–3864. doi: 10.1002/sim.9004

 7. Farcomeni A, Maruotti A, Divino F, Jona-Lasinio G, Lovisong G. An ensemble approach to short-term forecast of COVID-19 intensive care occupancy in Italian regions. Biom J. (2021) 63:503–13. doi: 10.1002/bimj.202000189

 8. Campi G, Mazziotti MV, Valletta A, Ravagnan G, Marcelli A, Perali A, et al. Metastable states in plateaus and multi-wave epidemic dynamics of COVID-19 spreading in Italy. Sci Rep. (2021) 11:12412. doi: 10.1038/s41598-021-91950-5

 9. Quaranta G, Formica G, Machado JT, Lacarbonara W, Masri SF. Understanding COVID-19 nonlinear multi-scale dynamic spreading in Italy. Nonlinear Dyn. (2020) 101:1583–619. doi: 10.1007/s11071-020-05902-1

 10. Ferrari L, Gerardi G, Manzi G, Micheletti A, Nicolussi F, Biganzoli E, et al. Modeling provincial COVID-19 epidemic data using an adjusted time-dependent SIRD model. Int J Environ Res Public Health. (2021) 18:6563. doi: 10.3390/ijerph18126563

 11. Bertuzzo E, Mari L, Pasetto D, Miccoli S, Casagrandi R, Gatto M, et al. The geography of COVID-19 spread in Italy and implications for the relaxation of confinement measures. Nat Commun. (2020) 11:4264. doi: 10.1038/s41467-020-18050-2

 12. Gatto M, Bertuzzo E, Mari L, Miccoli S, Carraro L, Casagrandi R, et al. Spread and dynamics of the COVID-19 epidemic in Italy: effects of emergency containment measures. Proc Nat Acad Sci USA. (2020) 117:10484–91. doi: 10.1073/pnas.2004978117

 13. Vinceti M, Filippini T, Rothman KJ, Di Federico S, Orsini N. SARS-CoV-2 infection incidence during the first and second COVID-19 waves in Italy. Environ Res. (2021) 197:111097. doi: 10.1016/j.envres.2021.111097

 14. Coccia M. Factors determining the diffusion of COVID-19 and suggested strategy to prevent future accelerated viral infectivity similar to COVID. Sci Total Environ. (2020) 729:138474. doi: 10.1016/j.scitotenv.2020.138474

 15. Boschi T, Di Iorio J, Testa L, Cremona MA, Chiaromonte F. Functional data analysis characterizes the shapes of the first COVID-19 epidemic wave in Italy. Sci Rep. (2021) 11:17054. doi: 10.1038/s41598-021-95866-y

 16. Rovetta A, Castaldo L. Relationships between demographic, geographic, and environmental statistics and the spread of novel coronavirus disease (COVID-19) in Italy. Cureus. (2020) 12:e11397. doi: 10.7759/cureus.11397

 17. Gnanvi JE, Salako KV, Kotanmi GB, Glèlè Kakaï R. On the reliability of predictions on COVID-19 dynamics: a systematic and critical review of modelling techniques. Infect Dis Model. (2021) 6:258–72. doi: 10.1016/j.idm.2020.12.008

 18. Protezione, Civile. Repository of COVID-19 Outbreak Data for Italy. https://github.com/pcm-dpc/COVID-19 

 19. Wu J, Dhingra R, Gambhir M, Remais JV. Sensitivity analysis of infectious disease models: methods, advances and their application. J R Soc Interface. (2013) 10:20121018. doi: 10.1098/rsif.2012.1018

 20. Saltelli A, Ratto M, Andres T, Campolongo F, Cariboni J, Gatelli D, et al. Global Sensitivity Analysis: The Primer. Chichester: John Wiley & Sons Ltd (2008). 

 21. Saltelli A, Bammer G, Bruno I, Charters E, Di Fiore M, Didier E, et al. Five ways to ensure that models serve society: a manifesto. Nature. (2020) 582:482–4. doi: 10.1038/d41586-020-01812-9

 22. ISTAT. Bilancio Demografico Nazionale. Anno 2019. (2020). Available online at: https://www.istat.it/it 

 23. Lin F, Muthuraman K, Lawley M. An optimal control theory approach to non-pharmaceutical interventions. BMC Infect Dis. (2010) 10:1–13. doi: 10.1186/1471-2334-10-32

 24. Legrand J, Grais RF, Boelle PY, Valleron AJ, Flahault A. Understanding the dynamics of ebola epidemics. Epidemiol Infect. (2007) 135:610–21. doi: 10.1017/S0950268806007217

 25. O'Driscol M, Harry C, Donnelli C, Cori A, Dorigatti I. A comparative analysis of statistical methods to estimate the reproduction number in emerging epidemics with implications for the current COVID-19 pandemic. Clin Infect Dis. (2021) 37:e215–23. doi: 10.1101/2020.05.13.20101121

 26. Ruppert D, Wand M, Carroll R. Semiparametric Regression. Cambridge Series in Statistical and Probabilistic Mathematics. Cambridge: Cambridge University Press (2003). 

 27. Brazeau NF, Verity R, Jenk S, Fu H, Whittaker C, Winskill P, et al. COVID-19 Infection Fatality Ratio: Estimates from Seroprevalence. London: Imperial College London (2020). 

 28. Villa M. Coronavirus: La Letalità in Italia, Tra Apparenza e Realtà. Milano: ISPI (2020). 

 29. Baccini M, Cereda G, Viscardi C. The first wave of the SARS-CoV-2 epidemic in tuscany (Italy): a si2r2d compartmental model with uncertainty evaluation. PLoS ONE. (2021) 16:e0250029. doi: 10.1371/journal.pone.0250029

 30. ISS SARS-CoV-2 Surveillance Group. Characteristics of SARS-CoV-2 Patients Dying in Italy Report Based on Available data on December 9th 2020. Technical report ISS (2020). 

 31. Byrne AW, McEvoy D, Collins AB, Hunt K, Casey M, Barber A, et al. Inferred duration of infectious period of SARS-CoV-2: rapid scoping review and analysis of available evidence for asymptomatic and symptomatic COVID-19 cases. BMJ Open. (2020) 10:e039856. doi: 10.1136/bmjopen-2020-039856

 32. Chowell G. Fitting dynamic models to epidemic outbreaks with quantified uncertainty: a primer for parameter uncertainty, identifiability, and forecasts. Infect Dis Model. (2017) 2:379–98. doi: 10.1016/j.idm.2017.08.001

 33. Grenfell BT, Bjørnstad ON, Finkenstädt BF. Dynamics of measles epidemics: scaling noise, determinism, and predictability with the TSIR model. Ecol Monogr. (2002) 72:185–202. doi: 10.1890/0012-9615(2002)072[0185:DOMESN]2.0.CO;2 

 34. Šušteršič T, Blagojević A, Cvetković D, Cvetković A, Lorencin I, Šegota S, et al. Epidemiological predictive modeling of COVID-19 infection: development, testing, and implementation on the population of the Benelux union. Front Public Health. (2021) 9:727274. doi: 10.3389/fpubh.2021.727274

 35. Sobol IM. Sensitivity estimates for nonlinear mathematical models. Math Model Comput Exp. (1993) 1:407–14. 

 36. Lamboni M, Monod H, Makowski D. Multivariate sensitivity analysis to measure global contribution of input factors in dynamic models. Reliabil Eng Syst Safety. (2011) 96:450–9. doi: 10.1016/j.ress.2010.12.002 

 37. Giraudo MT, Falcone M, Cadum E, Deandrea S, Scondotto S, Mattaliano A, et al. Rt or RDt, that is the question!. Epidemiol Prev. (2020) 44:42–50. doi: 10.19191/EP20.5-6.S2.102

 38. Choi YW, Tuel A, Eltahir EAB. On the environmental determinants of COVID-19 seasonality. GeoHealth. (2021) 5:e2021GH000413. doi: 10.1029/2021GH000413

 39. Larosa E, Djuric O, Cassinadri M, Cilloni S, Bisaccia E, Vicentini M, et al. Secondary transmission of COVID-19 in preschool and school settings in northern Italy after their reopening in September 2020: a population-based study. Eurosurveillance. (2020) 25:2001911. doi: 10.2807/1560-7917.ES.2020.25.49.2001911

 40. Buonsenso D, De Rose C, Moroni R, Valentini P. SARS-CoV-2 infections in Italian schools: preliminary findings after 1 month of school opening during the second wave of the pandemic. Front Pediatr. (2021) 8:615894. doi: 10.3389/fped.2020.615894

 41. Gandini S, Rainisio M, Iannuzzo ML, Bellerba F, Cecconi F, Scorrano L. A cross-sectional and prospective cohort study of the role of schools in the SARS-CoV-2 second wave in Italy. Lancet Reg Health Europe. (2021) 5:100092. doi: 10.1016/j.lanepe.2021.100092

 42. Tupper P, Colijn C. COVID-19 in schools: Mitigating classroom clusters in the context of variable transmission. PLoS Comput Biol. (2021) 17:e1009120. doi: 10.1371/journal.pcbi.1009120

 43. Wu Y, Jing W, Liu J, Ma Q, Yuan J, Wang Y, et al. Effects of temperature and humidity on the daily new cases and new deaths of COVID-19 in 166 countries. Sci Total Environ. (2020) 729:139051. doi: 10.1016/j.scitotenv.2020.139051

 44. Moriyama M, Hugentobler WJ, Iwasaki A. Seasonality of respiratory viral infections. Ann Rev Virol. (2020) 7:83–101. doi: 10.1146/annurev-virology-012420-022445

 45. Chin AWH, Chu JTS, Perera MRA, Hui KPY, Yen HL, Chan MCW, et al. Stability of SARS-CoV-2 in different environmental conditions. Lancet Microbe. (2020) 1:e10. doi: 10.1016/S2666-5247(20)30003-3

 46. Li Y, Qian H, Hang J, Chen X, Cheng P, Ling H, et al. Probable airborne transmission of SARS-CoV-2 in a poorly ventilated restaurant. Build Environ. (2021) 196:107788. doi: 10.1016/j.buildenv.2021.107788

 47. Rencken GK, Rutherford EK, Ghanta N, Kongoletos J, Glicksman L. Patterns of SARS-CoV-2 aerosol spread in typical classrooms. Build Environ. (2021) 204:108167. doi: 10.1016/j.buildenv.2021.108167

 48. Palguta J, Levínský R, Škoda S. Do elections accelerate the COVID-19 pandemic?: Evidence from a natural experiment. J Popul Econ. (2022) 35:197–240. doi: 10.1007/s00148-021-00870-1

 49. Cotti C, Engelhardt B, Foster J, Nesson E, Niekamp P. The relationship between in-person voting and COVID-19: Evidence from the wisconsin primary. Contemp Econ Policy. (2021) 39:760–77. doi: 10.1111/coep.12519

 50. González-Val R, Sanz-Gracia F. Urbanization and COVID-19 incidence: a cross-country investigation. Papers Reg Sci. (2022) 101:399–415. doi: 10.1111/pirs.12647 

 51. Ehlert A. The socio-economic determinants of COVID-19: a spatial analysis of German county level data. Socioecon Plann Sci. (2021) 78:101083. doi: 10.1016/j.seps.2021.101083

 52. Al Kindi KM, Al-Mawali A, Akharusi A, Alshukaili D, Alnasiri N, Al-Awadhi T, et al. Demographic and socioeconomic determinants of COVID-19 across Oman - a geospatial modelling approach. Geospat Health. (2021) 16:985. doi: 10.4081/gh.2021.985

 53. Wheaton WC, Thompson AK. Doubts about Density: COVID-19 Across Cities Towns. (2020). Available online at: https://ssrn.com/abstract=35860811. 

 54. Sã F. Socioeconomic determinants of COVID-19 infections and mortality. Evidence from England and Wales. KBS COVID-19 Research Impact Papers, No. 3. September 2020. 

 55. Chang D, Chang X, He Y, KengTan KJ. The determinants of COVID-19 morbidity and mortality across countries. Sci Rep. (2022) 12:5888. doi: 10.1038/s41598-022-09783-9

 56. Pandey A, Prakash A, Agur R, Maruvada G.Determinants of COVID-19 pandemic in India: an exploratory study of Indian states districts. J Soc Econ Dev. (2021) 23 248–79. doi: 10.1007/s40847-021-00154-0

 57. Sajadi MM, Habibzadeh P, Vintzileos A, Shokouhi S, Miralles-Wilhelm F, Amoroso A. Temperature, humidity, and latitude analysis to estimate potential spread and seasonality of coronavirus disease 2019 (COVID-19). JAMA Netw Open. (2020) 3:e2011834. doi: 10.1001/jamanetworkopen.2020.11834

 58. Mecenas P, Bastos RTDRM, Vallinoto ACR, Normando D. Effects of temperature and humidity on the spread of COVID-19: a systematic review. PLoS ONE. (2020) 15:e0238339. doi: 10.1371/journal.pone.0238339

 59. Ma Y, Pei S, Shaman J, Dubrow R, Chen K. Role of meteorological factors in the transmission of SARS-CoV-2 in the United States. Nat Commun. (2021) 12:3602. doi: 10.1038/s41467-021-23866-7

 60. Nottmeyer LN, Sera F. Influence of temperature, and of relative and absolute humidity on COVID-19 incidence in England - a multi-city time-series study. Environ Res. (2021) 196:110977. doi: 10.1016/j.envres.2021.110977

 61. Liu M, Li Z, Liu M, Zhu Y, Liu Y, Kuetche MWN, et al. Association between temperature and COVID-19 transmission in 153 countries. Environ Sci Pollut Res Int. (2022) 29:16017–27. doi: 10.1007/s11356-021-16666-5

 62. James LP, Salomon JA, Buckee CO, Menzies NA. The use and misuse of mathematical modeling for infectious disease policymaking: lessons for the COVID-19 pandemic. Med Dec Mak. (2021) 41:379–85. doi: 10.1177/0272989X21990391

 63. Gruppo di lavoro AIE,. La progressione della seconda ondata in italia e nelle regioni per classi di età. Scienza in rete (2020). Available online at: https://www.scienzainrete.it/articolo/progressione-della-seconda-ondata-italia-e-nelle-regioni-classi-di-et%C3%A0/gruppo-di-lavoro-aie 

 64. Ioannidis J. Infection fatality rate of COVID-19 inferred from seroprevalence data. Bull World Health Organ 99:19–33F. doi: 10.2471/BLT.20.265892

 65. Brauer F, van den Driessche P, Wu J. Mathematical epidemiology. In: Chap. Compartmental Models in Epidemiology. Berlin; Heidelberg: Springer Berlin Heidelberg (2008). p. 19–79. 

 66. Roosa K, Chowell G. Assessing parameter identifiability in compartmental dynamic models using a computational approach: application to infectious disease transmission models. Theor Biol Med Model. (2019) 16:1–15. doi: 10.1186/s12976-018-0097-6

 67. Ionides EL, Bretó C, King AA. Inference for nonlinear dynamical systems. Proc Natl Acad Sci USA. (2006) 103:18438–43. doi: 10.1073/pnas.0603181103

 68. O'Neill PD. A tutorial introduction to bayesian inference for stochastic epidemic models using markov chain monte carlo methods. Math Biosci. (2002) 180:103–14. doi: 10.1016/S0025-5564(02)00109-8

 69. Kypraios T, Neal P, Prangle D. A tutorial introduction to bayesian inference for stochastic epidemic models using approximate bayesian computation. Math Biosci. (2017) 287:42–53. doi: 10.1016/j.mbs.2016.07.001

 70. Efron B, Tibshirani R. An Introduction to the Bootstrap. Boca Raton, FL: CRC Press (1994). 

 71. Kim M, Kim Y, Schmidt P. On the accuracy of bootstrap confidence intervals for efficiency levels in stochastic frontier models with panel data. J Product Anal. (2007) 28:165–81. doi: 10.1007/s11123-007-0058-2 

 72. Rahimi NR, Fouladi-Fard R, Aali R, Shahryari A, Rezaali M, Ghafouri Y, et al. Bidirectional association between COVID-19 and the environment: a systematic review. Environ. Res. (2021) 194:110692. doi: 10.1016/j.envres.2020.110692

 73. Xu R, et al. Weather, air pollution, and SARS-CoV-2 transmission: a global analysis. Lancet Planet Heal. (2021) 5:e671–80. doi: 10.1016/S2542-5196(21)00202-3

 74. Santurtún A, Colom ML, Fdez-Arroyabe P, Real ÁD, Fernández-Olmo I, Zarrabeitia MT. Exposure to particulate matter: direct and indirect role in the COVID-19 pandemic. Environ Res. (2021) 206:112261. doi: 10.1016/j.envres.2021.112261



OPS/images/inline_5.gif
4[0.0078,0.0179]





OPS/xhtml/Nav.xhtml




Contents





		Cover



		Combining and comparing regional SARS-CoV-2 epidemic dynamics in Italy: Bayesian meta-analysis of compartmental models and global sensitivity analysis



		1. Introduction



		2. Materials and methods



		2.1. Data



		2.2. Regional SIRD models



		2.3. One-factor-at-a-time sensitivity analysis and GSA



		2.4. Bayesian meta-analyses and meta-regressions







		3. Results



		3.1. Results of the main analysis (p = 1.15%, T = 14)



		3.1.1. Results of univariate meta-analyses and meta-regressions









		3.2. Results of the sensitivity analyses



		3.3. Comparison between observed infections and infections predicted by the model







		4. Discussion



		4.1. Discussion on the main analysis



		4.2. Discussion on the sensitivity analyses



		4.3. Discussion on the IFR value



		4.4. Study limitations







		5. Conclusion



		Data availability statement



		Author contributions



		Funding



		Acknowledgments



		Conflict of interest



		Publisher's note



		Supplementary material



		References

















OPS/images/inline_4.gif
DE®





OPS/images/inline_7.gif
T, ~U(7,21)





OPS/images/inline_6.gif
T, ~U(7.21





OPS/images/inline_3.gif





OPS/images/inline_2.gif
|









OPS/images/crossmark.jpg
(®) Check for updates





OPS/images/logo.jpg
& frontiers | Frontiers in Public Health





OPS/images/fpubh-10-919456-g005.gif
s
- — B
£ H
L 'S
g s 3 s
H \
i = =
T -, .
i H
4 5 s






OPS/images/fpubh-10-919456-g006.gif
=

—

I

=

A A

—

N
i

=

H

%

%

S|

—






OPS/images/fpubh-10-919456-g003.gif





OPS/images/fpubh-10-919456-g004.gif
Decline of RO( 30 days ater November, 6th

T
i
o] = Rovrn
-
é«
° -2 1o o8 N Y o2
st ko)
.
i 1 i
EEEEEN L =
LlgeleeTinlTnE,
- = E =
e R Tis
= 1l T 19
11

s





OPS/images/inline_1.gif





OPS/images/fpubh-10-919456-t001.jpg
Average Ro(t) from October to December

Maximum Ro(f) over the study period

4 week change in Ro(1) after school re-opening

4 week change in Ro(f) after November 6th

All regions
North
Center
South

All regions
North
Center
South

All regions
North
Center
South

All regions
North
Center

South

Estimate
159
166
161
148
261
283
278
215
050
074
058
0.16

075
-0.72
073
081

90% Crl

165
176
178
156
283
326
332
235
0.66
094
1.03
030

066
054
056
066

902
921
9.1
802
916
9.5
875
553
875
744
897
557
884
958
767
763

90% Crl
830
820
796
565
848
850
652
203
780
325
69.9
246
809
904
466
45.0

947
97.4
98.6
94.0
95.7
98.3
97.5
889
933
93.0
98.0
86.1
937
98.7
9458
93.1





OPS/images/fpubh-10-919456-t002.jpg
10)
Tp
Tx

10)
Tp

0.10
018
0.18
0.68

021
035
040

0.10

Spline coefficients
3 Py s
012 008 008
023 016 0.4
021 015 014
061 072 078

Spline coefficients
3 Py s
009 007 005
016 011 008
013 009 007
043 060 064

P6
021
036
034
023

Aggr. o
0.09
0.17
0.17
0.72

Total variance indexes

Ro(t)
Max Max Min Min (date) Cross 1 (date)
0.02 039 019 014 0.16
0.02 0.58 027 019 0.03
0.03 073 030 020 018
0.99 072 0.69 078 087
First order indexes
Ro(t)
Max Max (date) Min Min (date) Cross 1 (date)
~001 ~0.06 0.10 003 0.01
000 0.00 013 002 —0.04
—003 ~026 014 0.06 0.00
095 —0.18 042 061 073

Infections
Peak Peak (date)
0.16 050
0.00 045
032 057
074 085
Infections
Peak  Peak (date)
0.04 014
—0.04 005
o.11 002
0.56 025





OPS/images/cover.jpg
& frontiers | Frontiers in Public Health

Combining and comparing
regional SARS-CoV-2 epidemic
dynamics in Italy: Bayesian
meta-analysis of compartmental
models and global sensitivity
analysis





OPS/images/fpubh-10-919456-g001.gif





OPS/images/fpubh-10-919456-g002.gif





OPS/images/math_1.gif
==

=Sl -

dm) ﬁ(x)i;r‘r’mf:) al(t— 1)~ 51— 1)

(&
dR(l)7 B
Tflﬂ(l 1

dn(t)
()





OPS/images/inline_8.gif
T(0) ~ U g, B}





OPS/images/math_3.gif
=
Q@) =Y (D )~ DP5(1)%, )

-





OPS/images/math_2.gif
s

®





