

[image: image1]
COVID-19 outbreaks analysis in the Valencian Region of Spain in the prelude of the third wave












	
	TYPE Original Research
PUBLISHED 17 November 2022
DOI 10.3389/fpubh.2022.1010124






COVID-19 outbreaks analysis in the Valencian Region of Spain in the prelude of the third wave

David Fuente1, David Hervás2, Miguel Rebollo3, J. Alberto Conejero4* and Nuria Oliver5


1Instituto Universitario de Aplicaciones de las Tecnologías de la Información y de las Comunicaciones Avanzadas, Universitat Politècnica de València, València, Spain

2Departamento de Estadística e Investigación Operativa Aplicadas y Calidad, Universitat Politècnica de València, València, Spain

3Valencia Research Institute on Artificial Intelligence, Universitat Politècnica de València, València, Spain

4Instituto Universitario de Matemática Pura y Aplicada, Universitat Politècnica de València, València, Spain

5ELLIS Alicante, Alicante, Spain

[image: image2]

OPEN ACCESS

EDITED BY
Apostolos Zarros, Pharmacological Research Observatory, United Kingdom

REVIEWED BY
Shazia Anis, University of Malaya, Malaysia
 Elisa Maiques, Universidad CEU Cardenal Herrera, Spain
 Anwar Suhaimi, University of Malaya, Malaysia

*CORRESPONDENCE
 J. Alberto Conejero, aconejero@upv.es

SPECIALTY SECTION
 This article was submitted to Digital Public Health, a section of the journal Frontiers in Public Health

RECEIVED 02 August 2022
 ACCEPTED 02 November 2022
 PUBLISHED 17 November 2022

CITATION
 Fuente D, Hervás D, Rebollo M, Conejero JA and Oliver N (2022) COVID-19 outbreaks analysis in the Valencian Region of Spain in the prelude of the third wave. Front. Public Health 10:1010124. doi: 10.3389/fpubh.2022.1010124

COPYRIGHT
 © 2022 Fuente, Hervás, Rebollo, Conejero and Oliver. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.



Introduction: The COVID-19 pandemic has led to unprecedented social and mobility restrictions on a global scale. Since its start in the spring of 2020, numerous scientific papers have been published on the characteristics of the virus, and the healthcare, economic and social consequences of the pandemic. However, in-depth analyses of the evolution of single coronavirus outbreaks have been rarely reported.

Methods: In this paper, we analyze the main properties of all the tracked COVID-19 outbreaks in the Valencian Region between September and December of 2020. Our analysis includes the evaluation of the origin, dynamic evolution, duration, and spatial distribution of the outbreaks.

Results: We find that the duration of the outbreaks follows a power-law distribution: most outbreaks are controlled within 2 weeks of their onset, and only a few last more than 2 months. We do not identify any significant differences in the outbreak properties with respect to the geographical location across the entire region. Finally, we also determine the cluster size distribution of each infection origin through a Bayesian statistical model.

Discussion: We hope that our work will assist in optimizing and planning the resource assignment for future pandemic tracking efforts.
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1. Introduction

Since March of 2020, the COVID-19 pandemic has put our society under tremendous pressure on a global scale, revealing vulnerabilities and pre-existing structural limitations in the public administrations and healthcare systems of most countries in the world. Unprecedented amounts of socio-sanitary and mobility data were made available to scientists, government officials, and decision-makers to inform and support their policy-making efforts (1). However, the quality of this information is generally low since it is often incomplete, noisy, has been originated by different methods and sources and is not systematically captured and shared for analysis (2–5). The global impact of the coronavirus pandemic has induced enormous research efforts by the scientific community, leading to hundreds of publications on this matter, from epidemiological (6–11), Bayesian (12), and machine learning-based (13, 14) computational models of the spread of the virus (13, 15–20), to reports of the pandemic's influence on the economy and psychology of the population worldwide (21).

Despite this wealth of COVID-19 publications, there are few reports about the characteristics and evolution of individual SARS-CoV-2 outbreaks within a wide region over a sustained time period. Most previous work on infection clusters has analyzed the evolution and characteristics of a single COVID-19 cluster within a social group (22–26). However, pandemic control efforts entail the early detection and modeling of the spread of the virus in all detected outbreaks, with the goal of isolating all infectious individuals and hence avoiding community transmission. Note that in the control phase of the pandemic, super-spreading events are of critical importance, since they might lead to community transmission.

In this paper, we focus on analyzing the origin, duration, spatial distribution, and temporal evolution of all tracked COVID-19 outbreaks in the Valencian Community of Spain for a period of 16 weeks between September 15th and December 29th, 2020. To the best of our knowledge, this is the longest study of SARS-CoV-2 outbreaks to date. The main research questions (RQ) that we address in our work are:

(1) RQ1: What is the dynamic evolution and duration of all the tracked COVID-19 outbreaks within the Valencian Region of Spain?;

(2) RQ2: What is the predominant origin of such outbreaks?;

(3) RQ3: Are there any differences in the outbreak characteristics among the 24 health departments in the region?;

(4) RQ4: What mathematical function best describes the relationship between the outbreak duration and frequency?

(5) RQ5: Can the cluster size distribution of each infection origin be modeled?

The paper is structured as follows: Next, we summarize the most related previous work. Section 2 describes the data used to model the COVID-19 outbreaks. The main results of our work are presented in Section 3, followed by our conclusions and lines of future research.


1.1. Related work

In this section, we describe the most relevant published works that study the evolution of individual COVID-19 outbreaks within a region or country.

Several contributions describe the number of cumulative cases of COVID-19 outbreaks resulting from the celebration of public events, such as religious gatherings (27), or outbreaks tracked in nursing homes (28). Other scientific works address multiple infection sources, such as in the workplace, leisure, educational and sanitary centers (29). For example, in Lakha et al. (30), most of the identified outbreaks started in workplaces, educational centers, and healthcare facilities, whereas the number of primary infections having a social origin was small.

Additionally, the clusters' size and their relationship with mortality rates in hospitals and other facilities in Japan have been analyzed in (31). In (32), the authors present the basic statistics of outbreaks in aged care facilities from North America, Europe, China, and Australia. An assessment of the cluster network of COVID-19 cases in Singapore up to March 2020 can be found in (33), where the authors report cluster sizes of fewer of four individuals in most of the cases. In (34), the authors outline the evolution of the emergence of COVID-19 infection clusters in Switzerland. They study the cluster duration and the viral load of the infected individuals. A systematic review of 65 articles conducted in (35) presents the outbreak size and origin of infection during the early stages of the pandemic in 2020 worldwide and highlights the importance of cluster transmission. In particular, most of the transmission chains had a familial origin, and their size was smaller than 10 cases, whereas the largest outbreak corresponded to a mass gathering in South Korea involving 112 people.

Some published works detail the size distribution of individual clusters at local, regional and even national levels. However, some of these contributions present aggregated data (36) that are only segmented by the infection origin but are, in reality, a collection of multiple clusters. Other research teams perform individual cluster analyses, but the number of reported clusters is rather small, being in the range of 10 to 200 clusters in any published study (37–40). Thus, these publications rarely describe large clusters, i.e., with more than four positive cases, and little information is provided on longer chains. However, large infection clusters and superspreading events have been argued to play a crucial role in the transmission of SARS-CoV-2 (29).

The overall duration of individual transmission chains in a small number of outbreaks is reported in a few publications (34, 39, 41) without presenting, however, the temporal evolution of the clusters. This lack of temporal outbreak data hinders a deeper understanding of the dynamics of the virus spread in the early stages of the outbreak before community transmission takes place. In addition, we only found comprehensive data describing how new cases appear within the same cluster for very specific groups, that is, for single clusters within a region. However, no work describes the temporal evolution of thousands of clusters, assessing their geographical and social context.

Mathematical tools can shed light on the intrinsic characteristics and dynamics of COVID-19 outbreaks. Several mechanistic models studying outbreak dynamics were already available before the COVID-19 pandemic, such as theoretical work based on stochastic Markov chain modeling for isolated populations (42). New models have been formulated and validated thanks to the availability of data during the current coronavirus pandemic. A mathematical model has been used to support the claim that outbreak clusters originating within schools in Canada could lead to average cluster sizes of more than 20 people if no social distancing measures were taken (37). The relationship between the distribution of outbreak sizes and their occurrence has been reported to follow a power-law distribution in (28, 43). In (44), there is evidence that cluster size of worldwide reported COVID-19 outbreaks follows a power law with respect to their rank size. The probability distribution of COVID-19 outbreak sizes in three Asian countries (Hong Kong, Japan, and Singapore) has been modeled as a negative binominal function (45). Similarly, a branching process model was applied to estimate outbreak size in multiple countries where the number of secondary transmissions was assumed to follow a negative-binomial distribution (46). In this regard, Nande et al. propose an interesting mathematical model of network transmission among social clusters (47). They found that the strength of within-household transmission is a fundamental determinant of the success in curbing the pandemic. Recent theoretical work has studied the transition from individual outbreaks to community transmission of the SARS-CoV-2 virus in Wuhan city during the first 2 months of 2020 (48). COVID-19 outbreak control is part of the widely adopted Test-Trace-Isolate (TTI) control strategy to avoid community transmission (49, 50). A comprehensive model on the effect of TTI on the virus transmission chains was recently published (51), and an empirical study of the effectiveness of TTI in Spain and Italy have been reported by De Nadai et al. (52).

Given all previously reported related work, the main contributions of this paper are three-fold. First, we study the main characteristics—namely duration, dynamics, origin source, and relation with other public health data—of 3,365 individual COVID-19 clusters tracked over 3.5 months in the Valencian Region of Spain. Second, we assess the mathematical properties of the cluster size distribution and third, we model the temporal evolution of the COVID-19 clusters via Bayesian statistics to better understand their dynamics and if there are disparities among the COVID-19 outbreaks with different infection sources.




2. Data and methods


2.1. Data description

The dataset analyzed in this paper consists of the temporal evolution of 3,365 COVID-19 outbreaks detected in the Valencian Autonomous Community or Region of Spain during the period of September 15th till December 29th, 2020. This region is the fourth most populous autonomous community in Spain after Andalusia, Catalonia, and Madrid, with more than five million inhabitants. Its capital, Valencia, is the third-largest city and metropolitan area in Spain. It is located along the Mediterranean coast on the East of Spain. . The Valencian Community consists of three administrative provinces: Castellón, Valencia, and Alicante. Their official name in Valencian language is Castelló, València, and Alacant. From a public health perspective, the Valencian Community is divided into 24 health departments (HD), which are the geographic areas served by a major hospital, as displayed in Figure 1. The distribution of HD by province reads as follows: Castellón (HD1 to HD4), València (HD4 to HD12, HD14, and HD23), and Alicante (HD13, HD15 to HD22, and HD24). It has to be noted that HD4 (Sagunt) comprises municipalities of two different provinces. Clusters of SARS-CoV-2 cases in our analysis involve a minimum of three cases, including confirmed close contacts with epidemiological linkage over a limited period of time.


[image: Figure 1]
FIGURE 1
 Health departments in the Valencian Region of Spain. Each province is depicted with a thicker contour and labeled.


The outbreak dataset comprises 16 weeks of outbreak information in the three provinces, 24 health departments and 230 municipalities of the region. It classifies the outbreaks in six different types depending on their origin: educational center, healthcare center, nursing home, vulnerable collectives (penitentiary centers and psychiatric hospitals), workplace, and social origin. The following variables are associated with each outbreak: outbreak identifier, outbreak origin, detection week, health department, municipality, province, and the number of diagnosed and suspected COVID-19 cases each week after the start of the outbreak.

This dataset was shared with the authors by the Public Policy and Analysis Directorate within the Presidency of the Valencian Regional Government, by virtue of a collaboration agreement between the Valencian Government and the authors in the context of the Data Science against COVID-19 taskforce which was established in March of 2020 and where the authors were members of. All the data is fully anonymized and in compliance with existing data protection regulations. The data sharing was approved by the Government's Data and Privacy Protection Officer. See also (53) for other studies of COVID-19 pandemic evolution in the Valencia region of Spain.

Next, we briefly enumerate the non-pharmaceutical interventions (NPIs) adopted in the Valencian Region during this period. We indicate the level of intensity of each applied NPI according to the COVID-19 Government Response Tracker (54): School closings were required at some educational levels (level 2 of 3); workplaces were closed for some sectors or working categories (level 2 of 3); public events were canceled (level 2 of 2); restrictions on gatherings of 10 people or less were implemented (level 4 of 4); a recommendation to stay at home was issued (level 1 of 3); restrictions on internal movements between regions/cities were deployed (level 1 of 2); and there was a ban on arrivals for international travelers from some regions in the world (level 3 of 4).



2.2. Data analysis methods

We first pre-processed the data to amend typographic mistakes and other sources of noise. For example, the number of new positive and suspected cases was wrongly annotated as the cumulative number was provided instead of the new positive and suspected cases. We transformed the three location variables (health department, municipality, province) and the outbreak origin into factors. We excluded the outbreaks labeled with the origin “other”, which corresponded to 22 outbreaks of the total number of 3,387.

Mean (standard deviation) and median (1st, 3rd quartile) values are reported in the case of numerical variables and relative and absolute frequencies in the case of categorical ones. We complement these basic figures with a variety of descriptive graphs, such as boxplots and scatterplots. The geospatial distribution of the outbreaks is depicted in choropleth maps of the Valencian Community. Statistical modeling of the evolution in number of cases of the outbreaks is performed using Bayesian negative binomial models with a monotonic effect for the week variable. Our models include each specific outbreak as a random factor with both a random intercept and a random slope for the week variable. The monotonic effect for the week variable is parameterized as introduced by (55), following Equation (1) which sets the linear predictor term of each observation as:
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where parameter ζi is a simplex (each value lies between zero and one and all sum to one), D is the number of unique values of the predictor minus one and b takes any real value and sets the global scale of the effect of the predictor on the response variable. x is the monotonic predictor (week) with n different observations. This method was proposed for modeling ordinal predictors in situations where their effects are assumed to be monotonic. Such models prevent an incorrect treatment of ordinal variables as nominal and avoid to overestimate the information provided by the variables. In the case of the COVID-19 pandemic, they have been used to estimate unreported COVID-19 deaths in the United States (56) and to measure the impact of COVID-19 vaccine misinformation on vaccination campaigns in the United Kingdom and the United States, too (57).

We provide 95% credible intervals for the estimate of each of the fitted models. Models were internally validated by computing the mean estimated Root-Mean-Square Error (RMSE) value using 10-fold cross-validation. All statistical analyses have been performed using R (version 4.0.1) and the brms (version 2.16.3) and clickR (version 0.8.0) R packages.




3. Results

In this section, we describe the main results of our analysis. We first present a general descriptive analysis of the data, followed by a temporal and spatial description of the outbreaks to address RQ1 to RQ3. Next, we tackle RQ4 and RQ5 and model the characteristics of the outbreaks to shed light on their growth and the role that they play in the evolution of the pandemic.


3.1. Descriptive analysis

We analyze 3,365 tracked COVID-19 outbreaks in the Valencian Community of Spain. Table 1 depicts the basic statistics of the number of positive and suspected cases for each type of outbreak by origin of the infection. First, the distribution of the total number of cases per outbreak has a mean and a median value of 6 and 5 cases, respectively. Moreover, the maximum number of confirmed coronavirus cases in a single outbreak is 114 positive cases. Outbreaks originating in nursing homes had a notably larger size than any other type of outbreak: a mean of 13.9 and a median value of seven cases. Interestingly, this type of outbreak only represents 4.9% of the total number (165/3,365) but contributes with 11.0% of all the outbreak-related cases. This figure can be obtained by dividing the number of detected cases in the outbreaks of a given infection origin, i.e., nursing homes, by the total number of reported cases within all outbreaks. Education-related outbreaks have a median size of four cases, whereas the median of the other types of outbreaks is five individuals. Note that schools, high schools and universities were open in the region during the entire period of study, with in-classroom teaching in schools and high-schools, and hybrid (online plus in-classroom) teaching in universities. Suspected cases are also reported in Table 1, being the mean value very similar in outbreaks from all infection sources.


TABLE 1 Descriptive statistics of the outbreaks per origin of the infection.

[image: Table 1]

A heatmap visualization of the distribution of weekly new positive cases per outbreak is shown in Figure 2. Note how most outbreaks report cases during the first week in which they appear. We also observe an increase in outbreak detection on the sixth week of analysis, corresponding to the beginning of November. From that moment onwards, the number of newly identified outbreaks remains approximately constant. Most of the outbreaks report new cases in the initial 2 weeks after the first case has been identified, whereas less than 20 outbreaks display new cases over a period of at least 6 weeks.


[image: Figure 2]
FIGURE 2
 Heatmap of the weekly evolution of new positive cases within each outbreak in natural logarithmic scale. The horizontal axis indicates the evolution within the period of study in weeks. The vertical axis represents the order of appearance of each outbreak. Thus, each row displays an outbreak, while each column corresponds to the new cases reported in that outbreak in each of the following weeks (period of 16 weeks from September 15th till December 29th).


Geographically, almost two-thirds of the outbreaks (65%) were detected in the province of Valencia, 25% in the province of Alicante and roughly 10% in the province of Castellón. Note that the relative population size of these provinces is: Valencia (51%), Alicante (38%), and Castellón (11%). Thus, there was a larger presence of outbreaks in the province of Valencia than what one would have expected given its population. Figure 3 depicts a map of the Valencian Community with the number of outbreaks per capita in each municipality (Figure 3A) and in each health department (Figure 3B) during the period of study.


[image: Figure 3]
FIGURE 3
 Number of outbreaks per thousand inhabitants. (A) Number of outbreaks per municipality. Municipalities without recorded outbreaks are displayed with gray color. Each province is outlined with a black contour. (B) Number of outbreaks per health department.


The areas without any confirmed coronavirus infections correspond to sparsely populated, rural municipalities in the interior of the Valencian Region. This is not surprising since most of these villages and small towns are located within forestry and hilly areas. The municipalities with the largest number of outbreaks per capita correspond to the three largest metropolitan areas in the region, namely Castellón (39°59'N 0°2'W), Valencia (39°28'N 0°22'W), and Alicante-Elche (38°20'N 0°29'W and 38°16'N 0°42'W, resp.). In general, more outbreaks are reported in the coastal areas than in the interior regions (Figure 3), probably due to larger population densities and tourism.

Remarkably, the number of outbreaks ranges between 0 and 2.5 clusters per thousand inhabitants. In addition, the median outbreak size in each HD ranged between 4 and 6 confirmed cases, except for the HD 19, Alicante, with a median value of 7 positive cases (data not shown). Moreover, there were no relevant differences among the health departments regarding the number and distribution of positive cases (data not shown).

With respect to age, the SARS-CoV-2 virus is more likely to severely impact the elderly and individuals with compromised immune systems. Therefore, we analyzed the relationship between the percentage of elderly population (aged 65+ years old) in each province and the number of outbreaks per capita. As shown in Figure 4A, the distribution of elderly population in the region is quite homogeneous, independently of the municipality's size. Thus, this factor does not seem to have been a decisive variable to determine the number of outbreaks per capita. In Figure 4B, we observe that the larger the population of a municipality, the lower the percentage of tracked cases. Only in very small villages, more than 50% of the total cases were tracked. In large urban areas, healthcare resources and social conditions tend to be more homogeneous. Alternatively, small towns can be found in very different geographical environments when compared to large cities, i.e., coastal vs. rural regions. These geographic differences could impact the outbreak detection capabilities.


[image: Figure 4]
FIGURE 4
 (A) Relationship between the number of outbreaks per capita (in logarithmic scale) and the percentage of population above 65 years old in each municipality. (B) Relationship between the ratio of confirmed cases within tracked outbreaks and the total number of confirmed COVID-19 cases in each municipality. Dot size and dot color correspond to the municipality population and province, respectively.


We also studied the relationship between the number of COVID-19 cases linked to outbreaks and all reported positive cases for each municipality in the Valencian Region. This relationship captures the mean coverage of confirmed cases of the outbreak tracking system with respect to all detected cases for each municipality (Figure 4B). There are no significant differences among the provinces, with larger cities having lower detection ratios than smaller municipalities. Intuitively, the larger the population in a municipality, the lower the coverage of the outbreak tracking system, converging to values close to 15% for the largest cities. This is probably due to a saturation of the contract tracing systems in such municipalities, as it has been previously reported (52).



3.2. Temporal analysis

The temporal evolution of the type of origin of the COVID-19 outbreaks is shown in Figure 5. In our analysis, the proportion of newly confirmed cases for each infection source remains approximately constant during the assessed period. The most important source of infection is the social origin, with around 67% of all confirmed outbreaks. The distribution of the remaining outbreaks per type of origin is as follows: work-related (17%), educational center (8%), nursing home (5%), health center (2%), and vulnerable collectives (0.5%). Remarkably, few outbreaks were detected in healthcare facilities and nursing homes during the period of study, yet with a large number of infections, as previously described.


[image: Figure 5]
FIGURE 5
 Distribution of the type of origin of the analyzed COVID-19 outbreaks throughout the period of study (16 weeks from September 15th till December 29th).


Figure 6 shows the temporal evolution of the total number of COVID-19 cases linked to an outbreak detected by the tracking system vs. the overall number of confirmed infections. We see that the number of cases linked to surveyed outbreaks accounts for less than 20% of the total number of cases, decreasing as the weeks progress. Note that the Valencian Community faced a second wave of COVID-19 infections in the Fall of 2020, followed by a severe third wave of infections after Christmas of 2020. The outbreak tracking system's coverage shows a slightly decreasing trend, with a coverage ratio fluctuating between 15 and 25% of the total number of detected cases. These figures are aligned with those reported in De Nadai et al. (52).


[image: Figure 6]
FIGURE 6
 Temporal evolution of the proportion of confirmed cases linked to an outbreak vs. the total number of confirmed COVID-19 infections and its linear trend.




3.3. Outbreak modeling

In this section, we first study the relationship between the number of outbreaks and their duration. The latter is defined as the period of time (in weeks) between the outbreak identification and closure. This means between the week an outbreak is first identified and that when no additional cases have been reported for that outbreak. When this happens, the outbreak is labeled as closed.

Interestingly, we find that this relationship follows a power law: most outbreaks last less than 2 weeks before they are controlled, whereas a few last for more than 2 months before they are fully contained (data not shown). Such pattern has been previously reported in (58–61). The estimate of the power law exponent is −3.4, and the adjusted R2-value for the linearized logarithmic values is close to 98%, indicating a strong power-law relationship between the duration and the number of outbreaks. The exponent is lower than −3, which is the lowest expected exponent in many natural and physical phenomena. This may be due to missing information and to the fact that parts of an outbreak may be reported independently. When we split the outbreaks by their infection origin, we also obtain power-law relationships as depicted in Figure 7. Outbreaks that occurred in healthcare centers and workplaces are controlled faster than outbreaks of social nature and those linked to nursing homes. According to our data, the most difficult outbreaks to control seem to be those detected in nursing homes.


[image: Figure 7]
FIGURE 7
 Relationship between the outbreak duration in weeks and the number of reported outbreaks (both in logarithmic scale). The 95% confidence interval around the linear regression line is shown with gray color. For the vulnerable collectives, no interval is shown as only two data points are available.


Finally, we model the evolution of the outbreak cases for each infection source using a Bayesian negative binomial function with monotonic effects. The main statistics of each obtained distribution and the parameters of the model are shown in Tables 2, 3, respectively. The aim of this model is to predict the evolution of new cases within a detected outbreak and the corresponding credible interval. As shown in the Figure 8, all outbreak types display a common two-stage evolution pattern, with a sharp increase in the number of cases during the first 2 weeks followed by a stabilization with zero or negligible growth. The estimated total number of cases is the largest for outbreaks detected in nursing homes, as expected. Differences among other origin types are minor, being the health and educational centers types more prone to larger infection clusters. It is noteworthy that after the sharp increase of cases during the first weeks, the model predicts that the outbreaks will be controlled (hence, the small slope in the graph). We observe an apparent reactivation of each outbreak type, with the exception of those of social origin, in the last period (week 12 onwards). This apparent effect is due to the scarcity of data on outbreaks lasting more than 12 weeks.


TABLE 2 Main characteristics of the distribution of the expected number of cases for each type of COVID-19 outbreak.
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TABLE 3 Main statistics of the monotonic effect model, i.e., a Bayesian negative binomial function with monotonic effects applied to each outbreak origin.
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FIGURE 8
 Conditional effect plots of the negative binomial models for the weekly evolution of the number of within-outbreak cases for each infection source. The number of cases of each outbreak is represented in a logarithmic scale (experimental data, shown as dots). Shadowed in gray, we depict the range that comprises the 95% credible interval of the expected value by the model, whose parameters are shown in Table 3.


However, the modeled interval contains the horizontal trend without new cases in all outbreak sources. Thus, the outbreaks can be considered to be fully controlled in the last weeks. For social-origin and work-related outbreaks, the model seems to underestimate the number of cases. However, this is not the case as most of the outbreaks just contain less than 10 people. Conversely, we do not observe this effect for outbreaks with vulnerable-collectives and nursing home origins probably due to a larger variance of the number of cases in the case of outbreaks with these infection sources. Internal validation of the models using 10-fold cross-validation yielded the following RMSE values: 1.83 for the vulnerable collectives model, 1.19 for the social origin model, 2.78 for the health center model, 3.64 for the educational center model, 7.58 for the nursing home model, and 1.25 for the work-related model.

We also estimate the probability distribution of the cluster size for each infection source using posterior draws from the posterior predictive distribution of each model. These distributions are displayed in Figure 9 and a detailed description of each of them is provided in Table 2. Outbreaks are expected to present less than 20 cases in five out of six infection sources, whereas the clusters reported in nursing homes are larger. According to the model, outbreaks in nursing homes could reach up to 40 cases.
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FIGURE 9
 Probability histogram of expected cases for each type of outbreak origin.





4. Discussion and conclusions

In this paper, we have analyzed the characteristics of one of the largest COVID-19 outbreak datasets containing all the COVID-19 outbreaks reported in the Valencian Autonomous Community of Spain over a period of 16 weeks between September and December of 2020, right before the emergence of the third wave of COVID-19 infections in January-February 2021.

From our analyses, we draw several insights that could inform the design of public policies in future waves of this pandemic.

1. Social and workplace infections are key: Concerning the outbreak origin, most outbreaks are linked to social or workplace infections, with a contribution of 80% to the overall identified outbreaks. This is in line with the increased probability of infection in poorly ventilated indoor environments, especially inside buildings (62). Moreover, there is a small number of outbreaks in education centers, that is, not so many scholars were infected. This finding could be indicative of a successful deployment of the protocols implemented in education centers. Note that schools fully reopened in Spain in September of 2020 and were open during the entire period of study. These protocols entailed wearing facemasks in class, considering each primary school class as a social bubble, and reducing class sizes to respect at least 1.5 m distance between students. For those that were not able to attend in person due to COVID-19 quarantines, classes could be followed online.

Based on the social nature of most of the COVID-19 clusters in our dataset, it would seem advisable to strengthen communication campaigns and public policies aimed at informing the population about the transmission dangers of SARS-CoV-2 in social settings. Regarding workplace outbreaks, the region had well-defined workplace COVID-19 safety regulations. However, given our data, it seems that they might not have been rigorously complied with.

2. Large metropolitan areas contribute to most outbreaks: Geographically, the province of Valencia contributed to two-thirds of the total number of outbreak infections, as it is the largest, most densely populated metropolitan area in the region.

3. All health departments behaved similarly: We did not identify any significant differences in the structure and distribution of the outbreaks across the 24 health departments in the region. This homogeneity in the nature of outbreaks per health department is a consequence of the design of such health departments, covering similar types of populations across the region. However, the total number of outbreaks per capita was not homogeneously distributed at the municipality level, such that the metropolitan areas of the capital cities had a larger number of outbreaks per capita.

4. Most outbreaks last less than 2 weeks: More than 92% of the COVID-19 cases linked to outbreaks were controlled within the first 2 weeks. Remarkably, less than 1% of the outbreaks lasted for at least 2 months since the first case was detected. This means that the transmission chains seem to be properly contained given the adopted measures, e.g., the isolation of the confirmed cases. We found that the number of outbreaks follows a power law distribution with respect to their duration.

5. The outbreak dynamics may be mathematically modeled: We have modeled the outbreaks by means of a monotonic-effect Bayesian model. Our proposed approach could be relevant to support the work of contact tracers. The reproduction number and the efficacy of the contact tracing efforts will determine the parameters of the model.

Our predictions successfully capture the temporal dynamics of the six different types of outbreaks depending on their origin. According to our model, outbreaks linked to nursing homes and vulnerable collectives are expected to yield the largest number of confirmed infections and to last longer than outbreaks of other origins. Our modeling approach could be used to predict the expected number of cases and duration of new outbreaks, such as the right resources, e.g., contact tracers, hospital beds, and healthcare personnel that could be potentially allocated.

Moreover, we believe that the proposed model could be used to analyze outbreak data for other infectious diseases. However, the parameters of the model will depend on the specific virus, the target population, the applied non-pharmaceutical interventions and the efficacy of the tracing system. We hope that our analyses and outbreak models will help public health authorities to better track positive cases during future pandemics.


4.1. Limitations

Our work is not exempt from limitations. First, asymptomatic cases were not detected by the system and hence not included in our analysis. However, just a weekly update on the number of new cases is available. Hence, this weekly input might not provide enough temporal resolution to observe a smooth evolution of the growth of outbreaks that last less than 2 weeks. We have also detected noise in the reporting data: cases might be reported late and not annotated in the correct infection week. This leads to an artificial merging of cases from different weeks into a single data update.

The positive cases linked to outbreaks only account for 20% of the overall confirmed infections in the region, with a decrease in this ratio as the total number of COVID-19 cases increased toward the end of our period of study, when community transmission was a reality. A much higher ratio of tracked-outbreak cases to the total number of detected cases could have potentially delayed the start of community transmission.

Finally, our sample population, culture and behaviors might differ from those in other geographies and hence should be taken into consideration when applying our findings to other regions in the world.




Data availability statement

The datasets presented in this article are not readily available because the data was accessible under an agreement signed with the Valencia Regional Government. Requests to access the datasets should be directed to General Directorate of Public Policy and Analysis of the Generalitat Valenciana.



Author contributions

DF, MR, JC, and NO contributed to the conception and design of the study. JC organized the database. DF performed the statistical analysis and wrote the first draft of the manuscript. All authors contributed to manuscript revision, read, and approved the submitted version.



Funding

NO has been partially supported by funding received by the ELLIS Unit Alicante Foundation from the Regional Government of Valencia in Spain (Generalitat Valenciana, Conselleria d'Innovació, Universitats, Ciència i Societat Digital, Dirección General para el Avance de la Sociedad Digital), by virtue of a collaboration agreement (Convenio Singular). MR, JC, and NO have been partially funded by grants from the BBVA Foundation through the IA4COVID19 research project and from the Valencian Government, grant VALENCIA IA4COVID (GVA-COVID19/2021/100) research projects, technological development, and innovation (R+D+i) by COVID-19.



Acknowledgments

The data was accessible under an agreement signed with the Valencia Regional Government. Requests to access the datasets should be directed to General Directorate of Public Policy and Analysis of the Generalitat Valenciana.



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.



References

 1. Oliver N, Lepri B, Sterly H, Lambiotte R, Deletaille S, De Nadai M, et al. Mobile phone data for informing public health actions across the COVID-19 pandemic life cycle. Sci Adv. (2020) 6:eabc0764. doi: 10.1126/sciadv.abc0764

 2. Costa-Santos C, Neves A, Correia R, Santos P, Monteiro-Soares M, Freitas A, et al. COVID-19 surveillance-a descriptive study on data quality issues. BMJ Open. (2021) 6:e047623. doi: 10.1136/bmjopen-2020-047623

 3. Sáez C, Romero N, Conejero JA, Garcia-Gómez JM. Potential limitations in COVID-19 machine learning due to data source variability: a case study in the nCov2019 dataset. J Am Med Inform Assoc. (2021) 28:360–4. doi: 10.1093/jamia/ocaa258

 4. Lloyd-Sherlock P, Sempe L, Mckee M, Guntupalli A. Problems of data availability and quality for COVID-19 and older people in low-and middle-income countries. Gerontologist. (2020) 61:141–4. doi: 10.1093/geront/gnaa153

 5. Letouzé E, Bravo MA, Shoup N, Oliver N. Using data to fight COVID-19 and build back better. In: Policy Paper. Bilbao (2020).

 6. Boccaletti S, Ditto W, Mindlin G, Atangana A. Modeling and forecasting of epidemic spreading: the case of COVID-19 and beyond. Chaos Solitons Fract. (2020) 135:109794. doi: 10.1016/j.chaos.2020.109794

 7. Chen N, Zhou M, Dong X, Qu J, Gong F, Han Y, et al. Epidemiological and clinical characteristics of 99 cases of 2019 novel coronavirus pneumonia in Wuhan, China: a descriptive study. Lancet. (2020) 395:507–13. doi: 10.1016/S0140-6736(20)30211-7

 8. Cooper I, Mondal A, Antonopoulos CG. A SIR model assumption for the spread of COVID-19 in different communities. Chaos Solitons Fract. (2020) 139:110057. doi: 10.1016/j.chaos.2020.110057

 9. Jin X, Lian JS, Hu JH, Gao J, Zheng L, Zhang YM, et al. Epidemiological, clinical and virological characteristics of 74 cases of coronavirus-infected disease 2019 (COVID-19) with gastrointestinal symptoms. Gut. (2020) 69:1002–9. doi: 10.1136/gutjnl-2020-320926

 10. Guerrero-Sánchez Y, Sabir Z, Garcia-Guirao JL. Design of a nonlinear SITR fractal model based on the dynamics of a novel coronavirus (COVID-19). Fractals. (2020) 28:2040026. doi: 10.1142/S0218348X20400265

 11. Mu noz-Fernández GA, Seoane JM, Seoane-Sepúlveda JB. A SIR-type model describing the successive waves of COVID-19. Chaos Solitons Fract. (2021) 144:110682. doi: 10.1016/j.chaos.2021.110682

 12. Chowdhury SMEK, Chowdhury JT, Ahmed SF, Agarwal P, Badruddin IA, Kamangar S. Mathematical modelling of COVID-19 disease dynamics: interaction between immune system and SARS-CoV-2 within host. AIMS Mathematics. (2022) 7:2618–33. doi: 10.3934/math.2022147

 13. Lozano MA, Pi nol E, Rebollo M, Polotskaya K, Garcia-March MA, Conejero JA, et al. Open Data Science to Fight COVID-19: winning the 500k XPRIZE Pandemic Response Challenge. In: Proceedings of Joint European Conference on Machine Learning and Knowledge Discovery in Databases (ECML-PKDD'21). (2021). p. 384–99. doi: 10.1007/978-3-030-86514-6_24

 14. Shazia A, Xuan TZ, Chuah JH, Usman J, Qian P, Lai KW. A comparative study of multiple neural network for detection of COVID-19 on chest X-ray. EURASIP J Adv Signal Process. (2021) 2021:1–16. doi: 10.1186/s13634-021-00755-1

 15. Da Silva C, De Lima C, Da Silva A, Silva E, Marques G, De Araújo L, et al. COVID-19 dynamic monitoring and real-time spatio-temporal forecasting. Front Public Health. (2021) 9:641253. doi: 10.3389/fpubh.2021.641253

 16. Franch-Pardo I, Napoletano BM, Rosete-Verges F, Lawal Billa L. Spatial analysis and GIS in the study of COVID-19. A review. Sci Tot Environ. (2020) 739:140033. doi: 10.1016/j.scitotenv.2020.140033

 17. Liu Q, Harris JT, Chiu LS, Sun D, Houser PR, Yu M, et al. Spatiotemporal impacts of COVID-19 on air pollution in California, USA. Sci Tot Environ. (2021) 750:141592. doi: 10.1016/j.scitotenv.2020.141592

 18. Sera F, Armstrong B, Abbott S, Meakin S, O'Reilly K, von Borries R, et al. A cross-sectional analysis of meteorological factors and SARS-CoV-2 transmission in 409 cities across 26 countries. Nat Commun. (2021) 12:1–11. doi: 10.1038/s41467-021-25914-8

 19. Wang F, Tan Z, Yu Z, Yao S, Guo C. Transmission and control pressure analysis of the COVID-19 epidemic situation using multisource spatio-temporal big data. PLoS ONE. (2021) 16:e0249145. doi: 10.1371/journal.pone.0249145

 20. Kraemer MUG, Yang CH, Gutierrez B, Wu CH, Klein B, Pigott DM, et al. The effect of human mobility and control measures on the COVID-19 epidemic in China. Science. (2020) 368:493–7. doi: 10.1126/science.abb4218

 21. Oliver N, Barber X, Roomp K, Roomp K. Assessing the impact of the COVID-19 pandemic in Spain: large-scale, online, self-reported population survey. J Med Internet Res. (2020) 22:e21319. doi: 10.2196/21319

 22. Mizumoto K, Kagaya K, Zarebski A, Chowell G. Estimating the asymptomatic proportion of coronavirus disease (2019). (COVID-19) cases on board the Diamond Princess cruise ship, Yokohama, Japan, 2020. Eurosurveillance. (2020) 25:2000180. doi: 10.2807/1560-7917.ES.2020.25.10.2000180

 23. Rader B, Scarpino SV, Nande A, Hill AL, Adlam B, Reiner RC, et al. Crowding and the shape of COVID-19 epidemics. Nat Med. (2020) 26:1829–34. doi: 10.1038/s41591-020-1104-0

 24. Rocklöv J, Sjödin H. High population densities catalyse the spread of COVID-19. J Travel Med. (2020) 27:taaa038. doi: 10.1093/jtm/taaa038

 25. Sjödin H, Wilder-Smith A, Osman S, Farooq Z, Rocklöv J. Only strict quarantine measures can curb the coronavirus disease (COVID-19) outbreak in Italy, 2020. Eurosurveillance. (2020) 25:2000280. doi: 10.2807/1560-7917.ES.2020.25.13.2000280

 26. Zhang J, Tian S, Lou J, Chen Y. Familial cluster of COVID-19 infection from an asymptomatic. Crit Care. (2020) 24:119. doi: 10.1186/s13054-020-2817-7

 27. Saidan M, Shbool M, Arabeyyat O, Al-Shihabi ST, Al Abdallat Y, Barghash M, et al. Estimation of the probable outbreak size of novel coronavirus (COVID-19) in social gathering events and industrial activities. Int J Infect Dis. (2020) 98:321–7. doi: 10.1016/j.ijid.2020.06.105

 28. Abrams H, Loomer L, Gandhi A, Grabowski D. Characteristics of U.S. nursing homes with COVID-19 cases. J Am Geriatr Soc. (2020) 68:1653–6. doi: 10.1111/jgs.16661

 29. Adam DC, Wu P, Wong JY, Lau EHY, Tsang TK, Cauchemez S, et al. Clustering and superspreading potential of SARS-CoV-2 infections in Hong Kong. Nat Med. (2020) 26:1714–9. doi: 10.1038/s41591-020-1092-0

 30. Lakha F, King A, Swinkels K, Lee ACK. Are schools drivers of COVID-19 infections–an analysis of outbreaks in Colorado, USA in 2020. J Public Health. (2021) 44:e26–35. doi: 10.1093/pubmed/fdab213

 31. Iritani O, Okuno T, Hama D, Kane A, Kodera K, Morigaki K, et al. Clusters of COVID-19 in long-term care hospitals and facilities in Japan from 16 January to 9 May 2020. Geriatr Gerontol Int. (2020) 20:715–9. doi: 10.1111/ggi.13973

 32. Hashan M, Smoll N, King C, Ockenden-Muldoon H, Walker J, Wattiaux A, et al. Epidemiology and clinical features of COVID-19 outbreaks in aged care facilities: a systematic review and meta-analysis. EClinicalMedicine. (2021) 33:100771. doi: 10.1016/j.eclinm.2021.100771

 33. Tariq A, Lee Y, Roosa K, Blumberg S, Yan P, Ma S, et al. Real-time monitoring the transmission potential of COVID-19 in Singapore. BMC Med. (2020) 18:166. doi: 10.1186/s12916-020-01615-9

 34. Ladoy A, Opota O, Carron P, Guessous I, Vuilleumier S, Joost S, et al. Size and duration of COVID-19 clusters go along with a high SARS-CoV-2 viral load: a spatio-temporal investigation in Vaud state, Switzerland. Sci Tot Environ. (2021) 787:147483. doi: 10.1016/j.scitotenv.2021.147483

 35. Liu T, Gong D, Xiao J, Hu J, He G, Rong Z, et al. Cluster infections play important roles in the rapid evolution of COVID-19 transmission: a systematic review. Int J Infect Dis. (2020) 99:374–80. doi: 10.1016/j.ijid.2020.07.073

 36. Ng SHX, Kaur P, Kremer C, Tan WS, Tan AL, Hens N, et al. Estimating transmission parameters for COVID-19 clusters by using symptom onset data, Singapore, January-April 2020. Emerg Infect Dis. (2021) 27:582. doi: 10.3201/eid2702.203018

 37. 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

 38. Marks M, Millat-Martinez P, Ouchi D, h Roberts C, Alemany A, Corbacho-Monné M, et al. Transmission of COVID-19 in 282 clusters in Catalonia, Spain: a cohort study. Lancet Infect Dis. (2021) 21:629–36. doi: 10.1016/S1473-3099(20)30985-3

 39. Choi YJ, Park MJ, Park SJ, Hong D, Lee S, Lee KS, et al. Types of COVID-19 clusters and their relationship with social distancing in the Seoul metropolitan area, South Korea. Int J Infect Dis. (2021) 106:363–9. doi: 10.1016/j.ijid.2021.02.058

 40. Hong K, Yum S, Kim J, Yoo D, Chun BC. Epidemiology and regional predictors of COVID-19 clusters: a Bayesian spatial analysis through a nationwide contact tracing data. Front Med. (2021) 8:753428. doi: 10.3389/fmed.2021.753428

 41. Rosillo N, Del-Águila-Mejia J, Rojas-Benedicto A, Guerrero-Vadillo M, Penuelas M, Mazagatos C, et al. Real time surveillance of COVID-19 space and time clusters during the summer 2020 in Spain. BMC Public Health. (2021) 21:961. doi: 10.1186/s12889-021-10961-z

 42. Garske T, Rhodes C. The effect of superspreading on epidemic outbreak size distributions. J Theor Biol. (2008) 253:228–37. doi: 10.1016/j.jtbi.2008.02.038

 43. Leclerc Q, Fuller N, Knight L, Funk S, Knight G. What settings have been linked to SARS-CoV-2 transmission clusters? Wellcome Open Res. (2020) 5:83. doi: 10.12688/wellcomeopenres.15889.2

 44. Fukui M, Furukawa C. Power laws in superspreading events: evidence from coronavirus outbreaks and implications for SIR models. medRxiv. (2020). doi: 10.1101/2020.06.11.20128058

 45. Kwok K, Chan H, Huang Y, Hui D, Tambyah P, Wei W, et al. Inferring super-spreading from transmission clusters of COVID-19 in Hong Kong. J Hosp Infect. (2020) 105:682–5. doi: 10.1016/j.jhin.2020.05.027

 46. Endo A, Abbott S, Kucharski A, Funk S. Estimating the overdispersion in COVID-19 transmission using outbreak sizes outside China. Wellcome Open Res. (2020) 5:67. doi: 10.12688/wellcomeopenres.15842.2

 47. Nande A, Adlam B, Sheen J, Levy M, Hill A. Dynamics of COVID-19 under social distancing measures are driven by transmission network structure. PLoS Comput Biol. (2021) 17:e1008684. doi: 10.1371/journal.pcbi.1008684

 48. Kucharski A, Russell T, Diamond C, Liu Y, Funk S, Eggo R, et al. Early dynamics of transmission and control of COVID-19: a mathematical modelling study. Lancet Infect Dis. (2020) 20:553–8. doi: 10.1016/S1473-3099(20)30144-4

 49. Bradshaw W, Alley E, Huggins J, Lloyd A, Esvelt K. Bidirectional contact tracing could dramatically improve COVID-19 control. Nat Commun. (2021) 12:232. doi: 10.1038/s41467-020-20325-7

 50. Hellewell J, Abbott S, Gimma A, Bosse N, Jarvis C, Russell T, et al. Feasibility of controlling COVID-19 outbreaks by isolation of cases and contacts. Lancet Global Health. (2020) 8:30074–77. doi: 10.1016/S2214-109X(20)30074-7

 51. Kucharski A, Klepac P, Conlan A, Kissler S, Tang M, Fry H, et al. Effectiveness of isolation, testing, contact tracing, and physical distancing on reducing transmission of SARS-CoV-2 in different settings: a mathematical modelling study. Lancet Infect Dis. (2020) 20:1151–60. doi: 10.1016/S1473-3099(20)30457-6

 52. De Nadai M, Roomp K, Lepri B, Oliver N. The impact of control and mitigation strategies during the second wave of Coronavirus infections in Spain and Italy. Nat Sci Rep. (2022) 12:1073. doi: 10.1038/s41598-022-05041-0

 53. Ibanez MV, Martinez-Garcia M, Simó A. A review of spatiotemporal models for count data in R packages. A case study of COVID-19 data. Mathematics. (2021) 9:1538. doi: 10.3390/math9131538

 54. Hale T, Angrist N, Goldszmidt R, Kira B, Petherick A, Phillips T, et al. A global panel database of pandemic policies (Oxford COVID-19 Government Response Tracker). Nat Hum Behav. (2021) 5:529–38. doi: 10.1038/s41562-021-01079-8

 55. Bürkner PC, Charpentier E. Monotonic effects: A principled approach for including ordinal predictors in Bayesian regression models. Br J Math Stat Psychol. (2020) 73:420–51. doi: 10.1111/bmsp.12195

 56. Zhang Y, Chang HH, Iuliano AD, Reed C. Application of Bayesian spatial-temporal models for estimating unrecognized COVID-19 deaths in the United States. Spat Stat. (2022) 2022:100584. doi: 10.1016/j.spasta.2021.100584

 57. Loomba S, de Figueiredo A, Piatek SJ, de Graaf K, Larson HJ. Measuring the impact of COVID-19 vaccine misinformation on vaccination intent in the UK and USA. Nat Hum Behav. (2021) 5:337–48. doi: 10.1038/s41562-021-01056-1

 58. Beare BK, Toda AA. On the emergence of a power law in the distribution of COVID-19 cases. Phys D Nonlinear Phen. (2020) 412:132649. doi: 10.1016/j.physd.2020.132649

 59. Singer HM. The COVID-19 pandemic: growth patterns, power law scaling, and saturation. Phys Biol. (2020) 17:055001. doi: 10.1088/1478-3975/ab9bf5

 60. Verma MK, Asad A, Chatterjee S. COVID-19 pandemic: power law spread and flattening of the curve. Proc Indian Natl Sci Acad. (2020) 5:103–8. doi: 10.1007/s41403-020-00104-y

 61. Xenikos DG, Asimakopoulos A. Power-law growth of the COVID-19 fatality incidents in Europe. Infect Dis Model. (2021) 6:743–50. doi: 10.1016/j.idm.2021.05.001

 62. Azuma K, Yanagi U, Kagi N, Kim H, Ogata M, Hayashi M. Environmental factors involved in SARS-CoV-2 transmission: effect and role of indoor environmental quality in the strategy for COVID-19 infection control. Environ Health Prev Med. (2020) 25:1–16. doi: 10.1186/s12199-020-00904-2





OPS/images/math_1.gif
m="bD) & [©
—





OPS/xhtml/Nav.xhtml




Contents





		Cover



		COVID-19 outbreaks analysis in the Valencian Region of Spain in the prelude of the third wave



		1. Introduction



		1.1. Related work







		2. Data and methods



		2.1. Data description



		2.2. Data analysis methods







		3. Results



		3.1. Descriptive analysis



		3.2. Temporal analysis



		3.3. Outbreak modeling







		4. Discussion and conclusions



		4.1. Limitations







		Data availability statement



		Author contributions



		Funding



		Acknowledgments



		Conflict of interest



		Publisher's note



		References

















OPS/images/fpubh-10-1010124-t003.jpg
Estimate Std. error Exp (estimate) Lower 95% Upper 95%

Work-related
Intercept —5.778 0.828 0.003 0.000 0.011
Week 0483 0052 1621 149 1828

Educational center
Intercept —5.167 0.808 0.006 0.001 0.020
Week 0.458 0052 1581 1457 1786

Social origin
Intercept ~7.347 0905 0.001 0000 0,003
Week 0.573 0.057 1773 1.628 2.020

Health center
Intercept ~3.606 0712 0.027 0.005 0.085
Week 0.366 0.045 1443 1341 1599

Vulnerable collectives

Intercept ~1.705 0.666 0182 0041 0541
Week 0.261 0.043 1.298 1.209 1427
Nursing home
Intercept -4872 0820 0.008 0.001 0,028
Week 0.500 0051 1649 1520 1856

The i

tercept estimate of infected people (at week 0), the week effect, and their standard deviation and the corresponding 95% credible i





OPS/images/fpubh-10-1010124-t002.jpg
Outbreak type Q1
Health center 7
Nursing home 18
Vulnerable collectives 9
Educational center 6
Work-related 5
Social origin 4

Q, first quartil

¢ of the data distribution;

Median

23
12

85

Q3

12
28
15
1

Mean

97
233
124
838
7.1
62

SD

35
7.6
55
33
27
25

Skewness

055
068
1.08
054
0.4
038

Kurtosis

055
095
31
052
026
0.09





OPS/images/fpubh-10-1010124-t001.jpg
Positive cases
Mean (SD)
Median [Min, Max]
Suspected cases
Mean (SD)
Median [Min, Max]

N, number of cases

D, Standard d

Education center
(N =285)

5.80 (3.99)
4(3,38]

15.8(15.3)
12[3,133]

on; Min, m

Health center
(N =81)

6.69 (5.42)
5(3,34)

17.3(25.3)
103, 156]

um; Max, maximum.

Nursing home
(N =165)

139(17.4)
7(3,103]

130 21.1)
7(3,209]

Vulnerable c.
(N=16)

8.75(8.52)
55(3,33]

18.1(27.0)
653, 105]

Work-related
(N =557)

6.32(6.80)
5(3,114]

15.0(27.5)
103, 560]

Social origin Total

(N=2261) (N =3,365)
5.65(3.33) 622(5.95)
5(3,49] 5(3,114]
13.8(15.5) 142(187)
10(3,243) 103, 560]









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





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





OPS/images/fpubh-10-1010124-g005.gif





OPS/images/fpubh-10-1010124-g006.gif





OPS/images/fpubh-10-1010124-g003.gif





OPS/images/fpubh-10-1010124-g004.gif





OPS/images/fpubh-10-1010124-g009.gif
o of casen. R





OPS/images/fpubh-10-1010124-g007.gif





OPS/images/fpubh-10-1010124-g008.gif





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

COVID-19 outbreaks analysis in
the Valencian Region of Spain in
the prelude of the third wave





OPS/images/fpubh-10-1010124-g001.gif





OPS/images/fpubh-10-1010124-g002.gif





